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PREFACE

The present monograph compiles materials derived from research papers
presented at The International Scientific and Practical Workshop “Advanced
Digital Technologies: Intelligent Systems, Modeling, and Data-Driven
Control” (ADT-ISMDDC-2026), co-located with the XIV International
Scientific and Practical Conference “Information Control Systems and
Technologies — ICST-ODESA-2026.”

This collective volume reflects the outcomes of scientific investigations
in the domains of intelligent systems and data-driven technologies, control
and robotics, digital platforms and security, modeling, software engineering,
and applied information and communication technologies. The monograph
is organized in the form of research article-based chapters, grouped
according to thematic sections that comprehensively represent the scope of
studies conducted in the following areas: Intelligent Systems and Data-
Driven Technologies; Control, Robotics, and Distributed Systems; Digital
Platforms, Security, and ICT Infrastructure; and Modeling, Software
Engineering, and Applied ICT.

Special emphasis is placed on addressing issues such as:
Intelligent image and video analysis, machine learning and multimodal data
processing, synthetic data generation, cyber-physical systems, autonomous
platforms, and data-driven control and decision-making.

Considerable attention is also devoted to: robotic systems and computer
vision, digital twin data integrity, information and video security,
computational and physical modeling, automated software testing, image-
processing technologies, ICT infrastructure resilience, and advanced audio-
modality language models.

The results presented provide readers with valuable insights into
contemporary approaches to the development and application of advanced
digital technologies for solving complex scientific and engineering problems.

All articles included in this monograph correspond to the versions
submitted by the authors. Full responsibility for the content of individual
contributions rests solely with their respective authors.

The materials of the monograph will serve as a useful resource for
postgraduate and master’s students, researchers, academic faculty, engineers,
and specialists engaged in research and education in the fields of information
technologies and advanced digital technologies.

The preparation of this collective work involved the contribution of
scholars, including 16 Doctors of Science, 24 Candidates of Science, and 26
Ph.D. applicants.



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

Section 1 Intelligent systems and data-driven technologies
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COMPARATIVE EVALUATION OF YOLO ARCHITECTURES FOR
MILITARY VEHICLE RECOGNITION IN AEROSPACE IMAGERY
PhD’ Kashtan V.1[0000-0002-0395-5895]’ Dr.SCi., Hnatushenko V_2[0000-0003-3140-3788]
Dnipro University of Technology, Ukraine
EMAIL: Yvitalionkaa@gmail.com, 2wgnat@ukr.net

Abstract. Recognition of military vehicles in aerospace imagery is a challenging computer
vision task due to the small projected size of objects, complex background structure, partial
occlusions, variability in spatial orientation, and the limited availability of representative
annotated data. A particular challenge is the pronounced class imbalance, under which
aggregate performance metrics may not fully characterize the recognition effectiveness for
classes represented by a limited number of annotated instances. The aim of the study is to
substantiate the selection of the most effective architecture among the investigated YOLO
models for military-vehicle recognition in aerospace imagery based on a combination of overall
and class-wise object-recognition performance metrics. The study was conducted using a
formed own dataset comprising 2,274 aerospace images and 11,454 annotations belonging to
four classes: military vehicles, tanks, trucks, and jeeps. The dataset was divided into 1,592
training images, 341 validation images, and 341 test images. All models used input images with
a resolution of 640 x 640 pixels and were trained for 100 epochs. Based on the overall
quantitative metrics, YOLOv8 demonstrated the most balanced performance, with Precision of
approximately 0.65, Recall of 0.35, and mAP@50 of 0.30. The results showed that the
investigated YOLO architectures differ in aggregate detection performance, while classes with
a limited number of annotated instances consistently exhibit low Recall values. This indicates
the substantial role of training-data representativeness in ensuring stable recognition
performance across individual classes.

Keywords: aerospace imagery, military vehicle recognition, YOLO, deep learning, object
detection, class imbalance, computer vision.

1 Problem Statement

The rapid growth of aerospace observation data has increased the demand for
automated methods capable of extracting semantically meaningful information from
complex visual scenes. In security-oriented information systems, remote sensing and
aerial imagery can support situational analysis, mapping, infrastructure monitoring,
and object inventory tasks. Deep neural networks and machine-learning methods have
become important components of this processing chain because they enable the
extraction of spatial and semantic features directly from image data and can be
adapted to large collections of remotely sensed imagery [1, 2, 3]. The applicability of
such approaches has also been demonstrated in automated land-cover monitoring
from optical satellite imagery [4]. The integration of imagery intelligence with open-
source information further expands the diversity of available visual data, while
simultaneously increasing heterogeneity in spatial resolution, illumination, image
compression, viewing geometry, and scene composition [5].

Military-vehicle recognition in aerospace imagery represents a particularly
difficult instance of the general object-detection problem [6]. A target may occupy
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only a small fraction of an image, while surrounding terrain, roads, vegetation,
buildings, shadows, and other vehicles generate strong background texture. The same
object type can appear at different scales and orientations, and partial occlusion can
remove the most discriminative visual features. These characteristics make the
problem different from conventional close-range object detection, where targets are
usually larger and acquisition conditions are more consistent. In addition, visually
similar vehicle categories can be difficult to separate when the spatial resolution is
insufficient to preserve fine structural details. A second challenge concerns the
composition of training data. Military-domain imagery is usually less abundant and
less balanced than generic computer-vision datasets. The cost of manual annotation
is high because objects may be small, densely grouped, partly obscured, or visible
only under difficult contrast conditions. If one generic category dominates the dataset,
a detector can achieve seemingly acceptable aggregate performance while still
performing poorly on rare fine-grained categories. For this reason, model-level
metrics must be interpreted together with class-wise recall and error structure rather
than as a single summary score. A third issue is methodological comparability.
Reported recognition accuracy in the literature is often obtained on different image
sources, different target taxonomies, different preprocessing pipelines, different
model sizes, and different training budgets. Under such conditions, it is difficult to
determine whether a performance gap is caused by the detector architecture or by
differences in data and experimental configuration. The present work therefore treats
controlled comparison itself as an important methodological requirement. Rather than
searching for the individually optimized upper bound of every model, the study fixes
the dataset partition, input resolution, and training budget so that the effect of
architectural differences can be examined on a common basis. The scientific
significance of the problem lies in understanding how the internal organization of
single-stage detectors affects feature extraction and recognition under severe data
imbalance. The practical significance lies in identifying a model that provides an
acceptable balance between detection completeness and precision while also
revealing the data-related limitations that cannot be solved by architectural changes
alone. In this sense, the study considers intelligent analysis not merely as a ranking
of detectors, but as a combined interpretation of aggregate metrics, class-wise
behavior, confidence characteristics, and representative recognition errors.

2 Analysis of Previous Studies

The evolution of object detection has produced several major methodological
families. Early approaches used handcrafted features and classical classifiers, while
modern systems are dominated by convolutional neural networks, transformer-based
models, and hybrid combinations of local and global feature processing. In aerial and
military-oriented applications, these approaches differ not only in accuracy but also
in computational complexity, robustness to scale variation, and sensitivity to limited
training data. Region-based convolutional detectors introduced a two-stage logic in
which candidate regions are first generated and then classified and refined. Mask R-
CNN and related models demonstrated that region-based processing can provide
strong localization and instance-level segmentation accuracy in remote-sensing
imagery [7]. The main advantage of two-stage methods is their ability to devote
substantial computation to candidate regions, but this advantage is accompanied by
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higher latency and a more complex inference pipeline. For applications requiring
rapid processing of many image tiles, the computational overhead of proposal
generation and per-region processing can be restrictive. Single-stage detectors
address this limitation by performing localization and classification directly from
dense feature maps. The original YOLO formulation reframed object detection as a
unified regression problem and established the real-time detection paradigm [8].
Subsequent YOLO generations progressively modified the backbone, feature-fusion
neck, detection head, training losses, and feature aggregation strategy. The resulting
family has become widely used in applied computer vision because it combines
relatively simple deployment with strong speed-accuracy characteristics. Reviews of
the YOLO family show that the main architectural trend has been toward more
efficient feature reuse, stronger multi-scale fusion, and more flexible prediction heads
[9]. Transformer-based detectors represent another important direction. DETR
introduced an end-to-end set-prediction framework in which global attention replaces
several hand-designed components of conventional detectors [10]. Transformer
backbones and pyramid variants further improved long-range context modeling [11].
Their global receptive field is attractive for scenes in which contextual relationships
are informative, but transformer-based models often require substantial
computational resources and can be sensitive to training configuration. For high-
resolution aerospace imagery containing many small targets, the challenge is to
preserve fine local details while still exploiting broader contextual information.
Recent work has also focused specifically on small-object and aerial detection. Guo
et al. proposed enhanced interaction and cross-scale aggregation to improve the
representation of small targets [12]. Zhao et al. combined YOLO and transformer
components for infrared UAV vehicle detection, illustrating the potential of hybrid
local-global feature extraction [13]. Other studies have investigated convolution-
transform fusion for scale-invariant target detection in UAV imagery [14]. Semantic
segmentation of spatial objects in aerial imagery has also been explored using hybrid
neural-network approaches, including quantum-enhanced convolutional models for
building extraction under complex background conditions [15]. Together, these
works confirm that multi-scale representation is central to aerial object detection, but
they also show that gains are usually coupled to dataset-specific design choices and
training procedures. Within the authors' previous studies, comparative YOLO-based
detection was investigated for aircraft in aerial imagery, including the influence of
image preprocessing on false-negative reduction [16]. A separate study used a
modified YOLO-OBB architecture for wvehicle detection in aerial images,
demonstrating the value of architecture customization when object orientation is
important [17]. These studies provide useful methodological background, but their
datasets, target classes, and model modifications differ from the present experiment;
therefore, their numerical results cannot be directly transferred to the current task.
Military-target recognition has also been studied using radar and low-altitude optical
imagery. Deep-learning experiments on the MSTAR SAR dataset show high
recognition accuracy under radar-specific acquisition conditions, while also
highlighting the influence of speckle noise and aspect variation [18, 19]. In optical
imagery, Kamran et al. emphasized the limitations of general-purpose datasets for
low-altitude military-vehicle detection [20]. Hiippala demonstrated that open-source
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and social-media imagery can support recognition of military vehicles, although
uncontrolled imagery introduces substantial variability [21]. These studies confirm
the domain-specific nature of the problem and the need for carefully interpreted
results when image sources are heterogeneous. The literature therefore suggests three
general conclusions (Tab.1).

Table 1
General comparison of modern object-detection approaches
. . Limitations for
Approach Core principle Main strengths aerospace imagery
Accurate Higher latency and
Two-stage CNN | Region proposals followed localization; g Y
L . . - more complex
detectors by classification/regression flexible region .
. inference
processing
Single-stage Direct dense prediction Favorable speed-_ Sensitivity to small
- accuracy balance; targets and data
YOLO/SSD from multi-scale features - AR
simple deployment distribution
. Higher
Transformer Global attention and set Strong contextual ’ .
- - computational cost;
detectors prediction modeling L g
training sensitivity
Hybrid CNN- Local convolution plus Combl_nes _Iocal Moye complex
- . detail with architecture and
transformer global attention/fusion o
contextual features optimization

First, no single detector family is universally superior across all acquisition
conditions and target scales. Second, architectural innovation must be evaluated
together with dataset composition because rare classes can dominate the error profile.
Third, direct numerical comparison across studies is often inappropriate when target
taxonomies, image sources, preprocessing, and training protocols differ. These
observations motivate a controlled within-family analysis in which different YOLO
generations are compared under the same verified experimental settings

3 Unresolved Issues

Despite substantial progress in object detection, four unresolved issues remain
important for military-vehicle recognition in aerospace imagery. First, detector
architectures are rarely compared under strictly identical experimental conditions.
Reported gains may result not only from architectural changes but also from
differences in dataset splits, augmentation, input size, training duration, or model-
specific hyperparameter tuning. Without a common protocol, the independent
contribution of architecture is difficult to isolate. Second, severe class imbalance
complicates performance assessment. Aggregate or micro-averaged metrics may be
dominated by the majority class, while a single mAP value can obscure poor class-
wise AP or recall for rare categories. This problem is particularly relevant to the
present dataset, in which the generic military-vehicle class accounts for 98.76% of
retained annotations, whereas tank, truck, and jeep together represent only 1.24%.
Third, it remains unclear whether architectural improvements in gradient flow, feature
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reuse, or spatial attention can compensate for insufficient representative training data.
A controlled comparison is therefore needed to determine whether minority-class
errors are architecture-dependent or whether all models exhibit a similar detection-
versus-background failure pattern. Finally, heterogeneous acquisition conditions
introduce additional uncertainty. The author-created dataset combines publicly
available aerial imagery rather than data from a single controlled sensor campaign,
and complete metadata on platform, ground sampling distance, altitude, viewing
geometry, and acquisition date are unavailable for every image. Accordingly, the
study does not attribute performance to specific sensors or acquisition conditions; the
absence of such stratified analysis is considered a limitation and a direction for future
research.

4 Objective of the Article

The objective of the study is to substantiate the selection of the most effective
architecture among YOLOvV5, YOLOV8, YOLOV9, and YOLOv11 for military-
vehicle recognition in aerospace imagery based on an integrated analysis of overall
and class-wise detection performance. To achieve this objective, the following
research tasks were formulated:

— to form and harmonize an author-created dataset of aerospace images using a
unified taxonomy of military-vehicle classes;

— toanalyze the distribution of annotated object instances and assess the degree
of class imbalance in the formed dataset;

— to examine the principal structural characteristics of YOLOV5, YOLOVS,
YOLOV9, and YOLOv11 that distinguish the investigated detection architectures;

— to ensure comparable conditions for training and evaluating the investigated
architectures using identical data subsets, input image resolution, and training
duration;

— to evaluate the investigated architectures using overall detection metrics,
including Precision, Recall, F1-score, mAP@50, and mAP@50-95;

— to examine representative detection results in aerospace scenes and identify
characteristic recognition errors;

— to substantiate the selection of the architecture that provides the most
favorable combination of overall and class-wise detection characteristics for the
investigated dataset;

— to identify the principal limitations of the conducted study and determine
directions for further improvement of military-vehicle recognition in aerospace
imagery.

5 Main Content

5.1 General analytical framework

The proposed analytical framework combines data preparation, controlled model
training, multi-level evaluation, and interpretation of model errors. The workflow
begins with a heterogeneous collection of aerospace images and proceeds through
annotation harmonization, dataset partitioning, model training, quantitative
evaluation, class-wise analysis, and comparative interpretation. The main design
principle is experimental consistency: all four detector generations are evaluated on
the same image subsets and with the same verified high-level settings. This

10
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organization prevents the comparative conclusions from being dominated by
differences in dataset partition or training duration.

The framework distinguishes three analytical levels. The first is the model level,
represented by Precision, Recall, F1-score, mAP@50, and mAP@50-95. The second
is the class level, where diagonal elements of normalized confusion matrices are
interpreted as class-wise recall. The third is the scene level, where representative test
images are used to examine incomplete detection, class substitution, duplicate
predictions, and false positives. Combining these levels is essential because a single
aggregate metric cannot explain why a detector succeeds or fails on underrepresented
classes.

el Dataset spit
Input data FReRIocaeHng: Train 1.592 (70%) =
Aerospace imagery . o lebal Karraoreation Valiaation 341 (15%) - : ¢
A10SPAcE imag \ \ Test 341 {15%) % % v
“ YOLOVS YoLOv8 YOLOVY YOLOV11 Distectin: Giate
Representive l l 1 | M
ennotated Image l Practical result:
C tramning and Scene-level
640 x 640 input, 100 epochs detection examples
Precieion, Recall, F1-score support the
Croatod datasot MAP@50, mAP@50-95, class-wise recall quantitative
N = 2,274 images i | comparisen
+ Comparative analysis and Koy finding: b
Retained Interpretation , YOLOS showed tho bost overall balance
Shusoes: Selection of the most effective asses remained difficult
military-vehicle

architacture savere Llass imbatance

tank
truck
joep Data prepracessing | Neursl network models || Protocal and metrics  Results

Figure 1. Controlled comparative framework W|th representative practical examples

5.2 Dataset formation, annotation, and harmonization

The experimental basis is an author-created custom dataset assembled from
publicly accessible aerospace imagery and aerial-photography materials. The final
collection contains 2,274 images. Because the data originate from heterogeneous
sources rather than one controlled acquisition campaign, complete sensor metadata
are not available uniformly. This limitation prevents a statistically rigorous sensor-
by-sensor comparison, but the heterogeneous collection is useful for evaluating the
behavior of the models on visually diverse scenes.

Object annotation was performed in the Computer Vision Annotation Tool
(CVAT). Each retained target was assigned a class label and a bounding-box
localization. The original annotation schema contained labels that were either outside
the target problem or duplicated semantically. Three labels associated with non-
vehicle content were excluded, while duplicate names for the generic military-vehicle
category were merged. After harmonization, four target classes remained: military-
vehicle, tank, truck, and jeep. This taxonomy was fixed before the data were divided
into training, validation, and test subsets. The dataset was partitioned into 1,592
training images, 341 validation images, and 341 test images, corresponding
approximately to a 70%/15%/15% split (Tab.2). The same image subsets were
retained for all architectures. The training set was used for optimization, the validation
set for model-level quantitative comparison, and the test subset for representative
qualitative analysis. This distinction is important because it avoids mixing final-epoch
validation metrics with scene-level test examples.
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Table 2
Image-level dataset partition
Subset Number of images Approximate share
Training 1,592 70%
Validation 341 15%
Test 341 15%
Total 2,274 100%

The harmonized annotation set contains 11,454 object instances. Its most
important characteristic is extreme imbalance. As summarized in Table 3, the generic
military-vehicle class strongly dominates the dataset, with 11,312 annotations
(98.76%). In contrast, the fine-grained classes are represented by only 76 tank
annotations (0.66%), 42 truck annotations (0.37%), and 24 jeep annotations (0.21%).
Thus, the three minority classes together account for only 142 annotations,
corresponding to 1.24% of the complete annotation set. The numerical distribution
reported in Table 3 is visualized in Figure 2. Figure 2(a) compares the dominant
military-vehicle class with all minority classes combined, clearly illustrating the scale
of the imbalance: 11,312 annotations belong to the generic class, whereas only 142
annotations represent tank, truck, and jeep together. Figure 2(b) provides a detailed
view of the minority classes and shows that tank is the most represented fine-grained
category with 76 instances, followed by truck with 42 and jeep with 24 annotations.
This two-level visualization makes it possible to demonstrate both the global class
imbalance and the internal distribution of the underrepresented categories. The
imbalance illustrated in Figure 2 has two important consequences for the
interpretation of the experimental results. First, aggregate performance metrics are
strongly influenced by the dominant military-vehicle class and therefore may
overestimate the practical recognition capability for rare vehicle types. Second, the
small number of minority-class examples makes class-wise recall sensitive to
individual detections. For example, when only a few dozen truck or jeep instances are
available, a single additional correct or incorrect prediction can noticeably affect
normalized confusion-matrix values and the shape of precision—confidence curves.

Table 3
Distribution of object annotations by class

Class Annotated objects, n Share of all annotations
military-vehicle 11,312 98.76%

tank 76 0.66%

truck 42 0.37%

jeep 24 0.21%

Total 11,454 100%
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Figure 2. Distribution of annotated object instances in the harmonized dataset: a — comparison
between the dominant military-vehicle class and the combined minority classes; b — detailed
distribution of tank, truck, and jeep annotations

Consequently, the class distribution should be treated not merely as a descriptive
characteristic of the dataset, but as one of the key factors explaining the differences
between aggregate and class-specific recognition performance.

5.3 YOLO architecture fundamentals

All four compared models belong to the single-stage YOLO family (Fig.3). In a
general form, amodern YOLO detector consists of three functional parts: a backbone,
a neck, and a detection head. The backbone converts the input image into hierarchical
feature maps. The neck combines features from different spatial scales so that high-
level semantic information can be merged with finer localization cues. The head
transforms the fused features into bounding-box and class predictions. This three-
stage logic is common to several YOLO generations, but the internal modules and
prediction mechanisms have changed substantially over time [9, 22].

Multi-scale feature processing is particularly important for aerospace imagery.
Small objects require high-resolution feature maps because deep low-resolution
layers can lose spatial detail. At the same time, reliable classification benefits from
deeper semantic features with a larger receptive field. The neck therefore plays a
central role by combining features from different levels. FPN-like top-down pathways
transfer semantic information to higher-resolution maps, while PAN-like bottom-up
pathways reinforce localization information. This general logic is present in
YOLOV5, YOLOVS, and YOLOv11, although the block used at each fusion stage
differs [22, 23]. The compared generations also illustrate the transition from anchor-
based to anchor-free detection. Historical YOLOV5 uses predefined anchor boxes,
whereas YOLOV8 and YOLOv11 use an anchor-free decoupled head in which box
regression and class prediction are handled by separate branches [22, 23]. YOLOV9
differs conceptually because its main contribution is not only a new feature block but
also an explicit strategy for preserving useful gradient information during learning
[24]. These differences justify treating the selected models as distinct neural-network
architectures rather than merely software versions.
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Feature YOLOVS YOLOv8 YOLOvS YOLOv11
Backbone / main CSP-based backbone C2t-based backbone GELAN C3k2 + C2PSA
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Figure 3. Comparative characteristics of the evaluated YOLO architectures and representative
scene-level evidence
5.4 Comparative architectural interpretation
The architectural comparison shows that the four models differ at several levels
simultaneously (Table 4). YOLOVS5 represents the anchor-based CSP/SPPF design.
YOLOV8 changes both internal feature reuse and the prediction head. YOLOvV9
explicitly focuses on information preservation and gradient quality. YOLOv11
introduces a newer CSP-derived block together with position-sensitive attention [25].
These differences make the comparison informative even though all four models
belong to one detector family.

Table 4
Comparative characteristics of the evaluated YOLO architectures
Feature YOLOvV5 YOLOvV8 YOLOvV9 YOLOv11
Principal feature C3/CSP Cof GELAN—b_ased C3K2
block aggregation
Context/pooling SPPF SPPF GELAN SPPF + C2PSA
Detection concept | Anchor-based | Anchor-free PGl-assisted Anchor-free
Main emphasis | CSP efficiency | Feature reuse Informatl_on Spatial attention
preservation
Small-object Multljscale C2f + DEL Gradler!t Attent_lon +
relevance fusion preservation fusion
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At the same time, the shared YOLO paradigm is methodologically useful.
Because the models remain single-stage detectors with broadly comparable
deployment logic, the experiment avoids the larger confounding that would arise from
mixing fundamentally different two-stage, transformer, and hybrid pipelines. The
study therefore does not claim that YOLO is universally superior; rather, it uses the
family as a controlled architectural sequence through which the relation between
feature design and recognition behavior can be analyzed.

5.5 Experimental protocol and evaluation criteria

All four models were trained using the same image partition. The verified high-
level settings were a 640%640 pixel input resolution and a fixed 100-epoch training
budget. The same training, validation, and test image subsets were used for all
architectures. No systematic hyperparameter optimization or architecture-specific
ablation study was performed. This choice means that the reported values should be
interpreted as results under one controlled configuration rather than the maximum
attainable performance of each detector. The quantitative comparison uses standard
object-detection metrics. Precision characterizes the proportion of accepted
detections that correspond to reference objects, while Recall measures the proportion
of reference objects retrieved by the detector. F1-score summarizes their balance
through the harmonic mean. Average Precision integrates the precision-recall relation
for an individual class, and mean Average Precision averages class-level AP values.
MAP@50 evaluates detection at an loU threshold of 0.50, whereas mAP@50-95
summarizes performance across progressively stricter loU thresholds.

The normalized confusion matrix is used for class-wise interpretation. The
diagonal value for a class is treated as class-wise recall; therefore, a value of 0.11 for
jeep means that approximately 11% of reference jeep instances were correctly
detected and assigned to the jeep class under the evaluation settings. Such values are
particularly informative in this dataset because the class distribution is extremely
uneven.

5.6 Overall quantitative results

The overall quantitative performance of the four evaluated YOLO architectures
was compared using Precision, Recall, F1-score, nAP@50, and mAP@50-95. These
metrics characterize complementary aspects of detector performance, including the
reliability of positive predictions, detection completeness, the balance between
Precision and Recall, and localization accuracy at different Intersection over Union
thresholds. The resulting validation metrics are summarized in Table 5.

Table 5
Overall validation performance of the compared architectures

Metric YOLOv8 YOLOv11l YOLOvV9 YOLOV5
Precision =0.65 =0.65 =~0.45 =~0.52
Recall ~0.35 ~0.28 ~0.28 ~0.20
mAP@50 ~0.30 ~0.28 0.29 0.23
mMAP@50-95 ~0.14 ~0.13 ~0.15 ~0.14
F1-score (approx.) ~0.46 ~0.39 ~0.35 ~0.29
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As shown in Table 5, YOLOv8 provides the most favorable overall balance
among the four evaluated architectures. It achieves a Precision of approximately 0.65,
a Recall of approximately 0.35, and an mAP@50 of approximately 0.30. YOLOv11
reaches a similar Precision of approximately 0.65 but a lower Recall of approximately
0.28, indicating that its accepted detections are comparatively reliable, while a larger
proportion of reference objects remains undetected. YOLOV9 achieves an mAP@50
of approximately 0.29, which is close to that of YOLOVS, but its Precision is lower,
at approximately 0.45. YOLOvV5 demonstrates the lowest Recall (approximately 0.20)
and the lowest mMAP@50 (approximately 0.23) under the reported fixed experimental
configuration.

As shown in Table 5, YOLOV8 achieves the highest aggregate F1-score (0.46),
offering the best precision-recall balance. However, given the severe dataset
imbalance, overall metrics fail to accurately reflect individual vehicle category
performance, strictly necessitating the subsequent class-wise analysis.

5.7 Class-wise recognition and imbalance effects

To determine whether the aggregate performance differences observed in Table
5 are preserved across individual vehicle categories, the normalized confusion
matrices of the four architectures were analyzed at the class level. The diagonal
elements of the normalized matrices were interpreted as class-wise Recall, i.e., the
proportion of reference objects of a given class that were correctly detected and
assigned to that class. The obtained values for military-vehicle, tank, truck, and jeep
are summarized in Table 6.

Table 6
Class-wise recall derived from normalized confusion matrices
Class YOLOv8 YOLOv11l YOLOvV9 YOLOvV5
military-vehicle 0.66 0.58 0.62 0.71
tank 0.17 0.17 0.17 0.22
jeep 0.11 0.11 0.11 0.00
truck 0.14 0.11 0.40 0.00

To provide a more intuitive comparison of the class-specific behavior of the four
architectures, the Recall values from Table 6 are additionally visualized as a heat map
in Figure 4. The visualization highlights both the substantially higher Recall of the
dominant military-vehicle class and the consistently lower values obtained for the
three fine-grained minority classes. As demonstrated by Table 6 and Figure 4, the
class-wise results reveal a pattern that is not evident from the aggregate performance
metrics. Recall for the generic military-vehicle class ranges from 0.58 to 0.71 across
the four architectures, whereas the three fine-grained classes are recognized much less
completely. Tank Recall remains within a narrow range of 0.17-0.22. Jeep Recall
reaches only 0.11 for YOLOVS8, YOLOv11, and YOLOV9, and decreases to 0.00 for
YOLOVS5. Truck Recall shows greater variation, ranging from 0.00 for YOLOVS5 to
0.40 for YOLOV9. This contrast between the dominant and minority classes is clearly
visible in Figure 4 and indicates that the principal source of error is incomplete
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Figure 4. Class-wise recall across the four detector architectures

Even YOLOV8, which provides the best overall balance according to Table 5,
retrieves only a limited proportion of tank, truck, and jeep instances. Its aggregate
advantage is therefore driven primarily by stronger performance on the well-
represented generic military-vehicle class. The consistency of low minority-class
Recall across structurally different architectures is analytically important. YOLOVS5,
YOLOvV8, YOLOV9, and YOLOv11 differ in anchor logic, feature reuse, gradient-
flow organization, and spatial-attention mechanisms; nevertheless, all four models
experience substantial difficulty when only a limited number of annotated training
examples are available. This cross-model pattern supports the interpretation that the
recognition ceiling for the minority classes is primarily data-limited rather than solely
architecture-limited. Architectural design remains important for overall detector
performance, but it cannot fully compensate for insufficient quantity and diversity of
representative training examples.

5.8 Scene-level qualitative analysis

Representative test scenes, summarized visually in Figure 5, were used to
complement the validation metrics with interpretable examples. In the forested scene
(Fig.5a), five reference targets were treated as truck-class objects. YOLOv8 produced
three truck detections, YOLOv11 produced two, YOLOV5 one, and YOLOV9 none.
This example illustrates the combined effect of small target size, background texture,
and partial occlusion. In the open-grassland scene (Fig.5b), the reference annotation
contains six tanks. YOLOV8 produced eleven tank-labeled predictions and YOLOv11
seven, meaning that the number of predictions exceeded the number of reference
objects and some outputs necessarily corresponded to duplicate or false-positive
detections. YOLOV9 produced two truck-labeled predictions and YOLOV5 produced
none. The example shows why raw detection counts must not be interpreted as the
number of correctly recognized unique objects.

In the unpaved-road scene (Fig.5c), the reference contains five tank targets and a
visible civilian minibus that is not part of the target set. YOLOv11 produced seven
tank-labeled predictions and YOLOv8 five. YOLOV9 produced one truck-labeled
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prediction, while YOLOV5 produced three truck-labeled predictions and incorrectly
labeled the minibus as a truck. This false positive illustrates a failure mode that can
be operationally important even when aggregate precision is acceptable. The fourth
representative scene (Fig.5d) contains one low-salience tank target. YOLOV8 and
YOLOV11 detect the object, whereas YOLOV9 and YOLOV5 produce no detection.
Taken together, these examples do not replace dataset-level evaluation, but they help
explain why model ranking should consider both numerical metrics and scene-
specific failure patterns.
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Figure 5. Representative scene-level detection results for the four test scenes: a — forecasted
area; b — open grassland; ¢ — unpaved road; d — riverside settlement

5.9 Discussion of scientific results

The results confirm that architectural changes within the YOLO family influence
the balance among precision, recall, and localization quality. YOLOV8 provides the
strongest overall balance in the reported experiment. YOLOv11 achieves similar
precision but retrieves fewer objects, while YOLOv9 achieves a competitive
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mAP@50 but lower precision. YOLOV5 remains useful as an efficient baseline but
shows the weakest recall under the fixed protocol. A comparison with earlier
aerospace-detection studies must be made cautiously. The authors' preprocessing-
enhanced aircraft study reported a substantial reduction in false negatives, while the
modified YOLOv11-OBB work achieved much higher absolute metrics on a different
high-resolution vehicle dataset [13,14]. Those values cannot be directly compared
with the present results because the target classes, source imagery, annotation rules,
model modifications, and training procedures are different. The current experiment is
intentionally more constrained: it uses one imbalanced author-created dataset and
compares unmodified selected YOLO generations under a common high-level
protocol. The class-wise analysis provides the central scientific interpretation. If
architecture were the dominant limitation, one would expect the newer models to
remove most of the minority-class deficit. Instead, tank and jeep recall remain low
across all four architectures, while truck recall changes but remains unstable. The
similarity of the failure pattern across structurally different models indicates that data
quantity and diversity are at least as important as the architectural choice. This
conclusion is consistent with earlier work emphasizing the limitations of generic or
insufficiently specialized datasets for military aerial recognition [17]. The results also
demonstrate the importance of separating recognition completeness from confidence.
A model can maintain comparatively high precision while missing many objects.
Conversely, increasing the number of predictions can improve recall but also generate
duplicates or false positives. For this reason, the most suitable architecture depends
on the practical objective. In a task where missed objects are particularly undesirable,
YOLOv8's higher recall makes it preferable among the tested models. In a task where
false positives are more costly, threshold tuning and additional class-specific
validation may be required. The study has several limitations. First, the dataset is
strongly imbalanced. Second, complete sensor metadata are not available for every
image, preventing acquisition-condition stratification. Third, no formal inter-
annotator agreement experiment was performed. Fourth, the training budget was fixed
and systematic hyperparameter optimization was outside the experimental scope.
Finally, the results apply only to the selected four architectures and should not be
interpreted as an exhaustive benchmark of all object-detection paradigms.

6 Conclusions

The study developed an intelligent comparative analysis of military-vehicle
recognition accuracy in aerospace imagery using four architecturally distinct YOLO
generations. The analysis was based on an author-created dataset of 2,274 images and
11,454 retained object annotations. A common data partition, 640x640 input
resolution, and fixed 100-epoch training budget were used to reduce configuration-
related confounding. The architectural analysis showed that the compared models
represent different design stages within the YOLO family. YOLOV5 uses a CSP/C3
backbone, SPPF, and the historical anchor-based detection logic. YOLOV8 introduces
C2f feature reuse, an anchor-free decoupled head, and distribution-based box
regression. YOLOV9 focuses on information preservation through GELAN and
Programmable Gradient Information. YOLOv11 develops the YOLOv8-style design
further by introducing C3k2 and C2PSA spatial attention while retaining anchor-free
multi-scale detection. Under the reported fixed configuration, YOLOV8 achieved the
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most favorable overall balance, with Precision of approximately 0.65, Recall of
approximately 0.35, and mAP@50 of approximately 0.30. YOLOv1l achieved
similar precision but lower recall. YOLOV9 reached a comparable mAP@50 but
lower precision, whereas YOLOV5 showed the lowest recall and mAP@50 among
the evaluated models. The most important result is the strong divergence between
aggregate and class-wise performance. While the generic military-vehicle class
reaches recall values between 0.58 and 0.71, the fine-grained tank, truck, and jeep
classes remain substantially lower. Because these classes together represent only
1.24% of the annotations, the recurring detection-versus-background errors across all
four architectures indicate a data-limited recognition ceiling. Architectural
improvements change the error profile but do not compensate for the lack of
representative examples. Future research should therefore prioritize expansion and
rebalancing of the minority classes, including additional geographic, seasonal,
viewing-angle, and background diversity. A second direction is stratified evaluation
by acquisition conditions once reliable metadata are available. A third direction is a
controlled sensitivity analysis of input resolution, training duration, augmentation,
and other hyperparameters. Finally, subsequent studies should extend the comparison
to newer YOLO generations and hybrid CNN-transformer detectors while preserving
the same dataset partition and evaluation protocol. Such an extension would make it
possible to distinguish genuine architectural progress from gains caused by different
experimental settings.
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OIIHIOBAHHS TOYHOCTI PO3II3HABAHHA BINCbKOBHX
TPAHCIIOPTHUX 3ACOBIB HA AEPOKOCMIYHUX 30BPA’KEHHSIX 3
BUKOPUCTAHHSAM APXITEKTYP YOLO

Ph.D., Kamrrau B., Dr.Sci., T'narymenko B.
Hayionanvuuti mexuiynuii ynigepcumem «/[ninpoecoka nonimexuikay, Yxpaina

AHoTauis. PosniznaganHa GilCbKOBUX MPAHCNOPMHUX 3AC00i8 HA AePOKOCMIYHUX
300pANCEHHAX HANEHCUMb 00 CKAAOHUX 3a0aY KOMN IOMeEPHO20 30Dy depe3 Mali NPOEKYIliHi
posmipu  00°€kmig, CKIAOHY CMPYKmypy QOHY, HacmKo8i nepekpumms, 6apiamueHicmo
npocmoposoi’ opicnmayii ma oomediceny KilbKicmb penpe3eHmamugHux aHOmMo8anux OAHUX.
Ocobaugy CKIaOHiCMb CMAHOBUMb SUPAdCEHUIl OUCOANAHC KIACI8, 3a AKO20 IHMepalbHi
NOKA3HUKU ~ AKOCMI  MOJICYMb He NOGHOI0 MIpOI0  Xapakmepu3yeamu — egekmugHnicmo
PO3NI3HABAHHA KNACIE 3 0OMEHCEHOIO KIbKICHIO AHOMOBAHUX NPUKIAdis. Memoio 00caioHcen s
€ 00TpYHMy8aHHs 6u6OPY HallbinbW epekmugnoi ceped docnioxncysanux apximekmyp YOLO ons
PO3Ni3HABANNA  BIUICbKOGUX MPAHCNOPMHUX 3AC00i8 HA AEPOKOCMIUHUX 300padiCeHHsAX 3a
CYKYNHICMIO [HMeSpanbHux | NOKIACOB8UX NOKA3HUKIE AKOCMI pPO3NI3HABAHHA 00 €Kmis.
Jocnioscenns 6UKOHAHO HA CPHOPMOBAHOMY BIACHOMY HAOOPI Oanux, wo micmume 2 274
aepokocmiuni 306pascenns ma 11 454 anomayii yomupvox Knacis: GilCbKO8I MPAHCNOPMHI
3acobu, mauku, eanmasxcieku ma oxcunu. Haoip danux posnodineno na 1 592 nasuanvhi, 341
sanioayitine ma 341 mecmoge 306padcenns. [lna 6cix mooleneii BUKOPUCMAHO 6XIOHI
306pascents posmipom 640x640 nixcenis, a mpusanicmo Hasuanus cmanosuna 100 enox. 3a
CYKYNHICMIO KiIbKICHUX NOKA3HUKI8 HAUOIIbWl 3041aHCO8AHI pe3yiomamu OMmpumMaHo 0.
YOLOvS: Precision cmanosuna npubausno 0,65, Recall — 0,35, mMAP@50 — 0,30. Ompumani
pesyromamu  nokazamu, wo oocuioxcysani apximekmypu YOLO  gidpiznaiomecs 3a
inmezpanbHUMU NOKAZHUKAMU AKOCMI OemeKmyeanus, mooi AK 01 Kidcie 3 obmedcenoio
KIIbKICIIO aHOMOBAHUX NPUKIAOIE XAPAKMEPHUMU 3ATUWAIOMbCA HUSbKI 3HAYEHH NOGHOMU
posnisnasanns. Lle ceiouums npo cymmegy ponb penpesenmamuHOCmi HAGYANbHUX OAHUX Y
3a6e3neyeHHi cmabilbHO20 PO3NIZHABAHHSA OKPEMUX KIACIS.

KurouoBi ciioBa: aepoxocmiuni 300pasicenis, po3nizHasanhs iliCbKOSUX MpaAHCHOPMHUX
3aco6ig, YOLO, enuboke naguanus, demexmysanms 06 '€kmis, OucOanIaHc Kiacis.
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Abstract. This paper proposes a distributed System-of-Systems (SoS) architecture
integrating Hybrid Digital Twins (HDTs) of autonomous vessels and smart ports for low-latency
cyber-physical coordination. To resolve nonlinear edge-computing constraints, we combine
distributed LTV-MPC with physics-informed neural networks (PINNs) for real-time
hydrodynamic approximation. Concurrently, a privacy-preserving ADMM algorithm enables
decentralized microgrid optimization without exposing proprietary battery data. Heterogeneous
co-simulation over a 5G URLLC network demonstrates that cooperative mooring eliminates
collisions, reducing maneuvering energy by 42% and stabilization time by 43%. Energy
optimization yields 84.2% renewable utilization, cuts peak demand from 18.5 MW to 9.1 MW,
and reduces OPEX hy 45%. The study proves that stable edge coordination strictly demands
end-to-end latency below 10 ms.

Keywords: System-of-Systems, Cyber-Physical Systems, Digital Twins, Physics-Informed
Neural Networks, Distributed Optimization, Privacy-Preserving Computing, 5G URLLC.

1 Introduction

Currently, Maritime Autonomous Surface Ships (MASS) operate as isolated
cyber-physical systems (CPSs), relying on reactive, discrete legacy protocols like
automatic identification system (AIS). However, safe and efficient operations in high-
traffic hubs demand continuous cyber-physical synchronization between vessels and
smart port infrastructure [1, 2]. The global maritime industry is undergoing a
technological transformation driven by the parallel development of MASSs and smart
ports [3]. The introduction of the IMO MASS Code in 2024 established the regulatory
basis for highly autonomous commercial vessels employing artificial intelligence for
navigation and machinery control [4, 6], while leading logistics hubs increasingly
deploy 5G communications, the industrial internet of things (loT), and DT
technologies for predictive infrastructure management [5]. Nevertheless, the primary
challenge has shifted from developing isolated technologies to seamlessly integrating
autonomous vessels with smart ports. VVessels cannot fully leverage advanced services
(e.g., Just-in-Time Arrival, automated mooring) without the continuous, high-
frequency data exchange demanded by intelligent port infrastructure [3]. To address
this challenge, this study proposes a distributed SoSs architecture that integrates the
HDTs of autonomous vessels and smart ports. This unified cyber-physical
environment actively coordinates navigation, logistics, and energy management,
driving improvements in maneuvering efficiency and berthing times. Recent research
increasingly explores MASS-port integration, yet reveals a distinct fragmentation
across disciplines. While studies [7, 8] successfully apply DT frameworks to port
sustainability and supply-chain logistics, they omit high-frequency cyber-physical
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interactions. Furthermore, foundational works on automated berthing and MASS
navigation [9, 10, 14] show that existing control algorithms remain predominantly
vessel-centric. In these models, ships act as isolated agents, and the port serves merely
as a static constraint. Concurrently, parallel decarbonization studies address cold
ironing [12], urban shore-power integration [11], and renewable microgrid
optimization [13]. Despite these individual advancements, current literature treats
logistical, navigational, and energy domains in isolation, lacking a unified system-
level architecture to synchronize them. Nevertheless, these studies generally assume
deterministic vessel arrivals and centralized optimization without continuous
bidirectional synchronization between onboard and shore energy systems. At the
system level, study [15] identifies interoperability and standardized continuous data
exchange as the principal barriers to large-scale MASS deployment. Current vessel-
port synchronization lacks a unified framework, and centralized cold ironing
compromises proprietary battery thermal degradation estimates (Trw1). TO address
this, we develop a distributed SoSs architecture integrating vessel and port HDTSs.
Key contributions include: a 5G telecommunications model, a PINN-assisted LTV-
MPC algorithm, and a privacy-preserving ADMM framework for decentralized
microgrid optimization, fully verified via heterogeneous co-simulation.

2 Information and telecommunication paradigm of the SoS in the “ship—
port” system

To safely transition from discrete classical ship-port interactions to continuous
cyber-physical synchronization (e.g., during mooring), the communication delay ( 7,

) must satisfy the following critical constraint:
Ty (t) =t Proc+£ + tpmp < Terit ' (1)
Bchannel (T)

where toroc is the processing time at edge-computing nodes; v is the data packet
SiZe; Bchannel (t

(SG/VDES/LEO Satcom); t

permissible data transmission delay for the current technological operation.
Satisfying such stringent information synchronization requirements is extremely
difficult within conventional coastal communication infrastructures. For the practical
implementation of the proposed SoS paradigm, it is necessary to quantify the values
of r, across different interaction phases (Table 1). For dynamic port operations

) is the dynamic bandwidth of the hybrid communication channel
o is the signal propagation delay; ¢ __ is the maximum

0 crit

(e.g., automated mooring), network requirements shift fundamentally from
bandwidth to strict latency minimization. These thresholds are dictated by digital
control stability criteria. Under classical networked control systems (NCS) theory
[16], asymptotic stability under communication delay is governed by the inequality:

Pn

Tg <
c

where ¢ is the phase margin of the uncompensated system, and cc is the crossover
frequency of the control loop. Analytically deriving the critical delay 7, requires
decoupling slow vessel kinematics from fast actuator dynamics. The primary control
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challenge during berthing is the rigid vessel-AMS hydraulic coupling. Specifically,
suppressing vessel micromotions and destructive high-frequency actuator chattering
mandates an internal force-control bandwidth >12.5 Hz. This determines the required

crossover frequency of the cooperative closed-loop control  system:
@y = 27f ~78.5radls.
Table 1
Telecommunication infrastructure requirements for the SoS framework at different stages of
port arrival
Operational Type of Required Maximum Primary
phase transmitted data update latency communication
rate (7..) channel
crit
Distant JIT profiles, Once every | <5000 ms LEO Satcom
approach (>50 ETA, 15 min (Starlink/OneWeb)
nautical miles) meteorological
data, Tent
estimations
Anchorage / Trajectories, VTS 1Hz <500 ms VDES /4G LTE
approach data, digital
channel pilotage
information
Berthing Vessel 10 Hz <50 ms 5G (port network)
approach kinematics,
(maneuvering) tugboat status,
depth information
Automated Port LiDAR data, 50-100 Hz <10 ms 5G URLLC / Wi-
mooring mooring control Fi 6 (LoS)
commands

Assuming the minimum phase margin required to maintain asymptotic stability
of the hydraulic system is RS A rad (45°), the maximum permissible network
transport delay is obtained analytically as: - % ~001s- Violating this
ot 785
inequality induces uncompensated phase shifts, driving actuator instability and
potential collisions. Meeting this strict 7_. < 10 ms boundary mandates dedicated 5G

port networks supporting ultra-reliable low-latency communication (URLLC).
Consequently, synthesizing the distributed MPC and ADMM control algorithms
requires explicitly defining the state spaces of the participating DTs whose data
circulate within the SoS network .

Xnmass = [X, Y, 8V, 1 T Poaas SOCT € Spass * @
where x y g, u,v,r are the kinematic parameters (position, heading, linear and
angular velocities); T is the predictive estimate of the Markov time to the limiting
state of critical machinery; Poad is the forecast power demand; SOC is the current

state of charge of the onboard batteries. Accordingly, the state space of the intelligent
port DT is described by the vector:
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Xeorr = [traffic depth, wind, grid, state, price] € Spoxr * ®)
where trafficis the local shipping traffic matrix; depthis the dynamic depth map
(taking into account tidal variations and subsidence effects); wind is the vector of
hydrometeorological disturbances (z'eff\’,n ); grid, stateis the energy balance of the port
microgrid (including renewable energy generation); priceis the dynamic vector of
shadow electricity tariffs. The continuous and guaranteed synchronisation of these
variables (with a delay of 7 < 10 ms) enables the transition to the solution of specific

cyber-physical control tasks. The structural diagram of the resulting
macroarchitecture Teos is presented in Figure 1.

System-of-Systems Integration Layer < ...
Cyber-physical synchronization / Interoperability via PKI
— i A e e

v

Communication Infrastructure
5G / URLLC / LEO satellite

— 3 {

Autonomous Ship Node Smart Port Node |

MASS digital twin Smart port digital twin
(Saass) (Sporr)

Physical interaction

(mooring & cold ironing)

A ig - Vessel traffic service
(MASS Control) (VTS & radar) |

I I I|_v'-:d propulsion & I - Smart grid & \ |
sttery BMS shore m:u)nng{mss N

Figure 1. Macroarchitecture of the SoSs metasystem: physical, telecommunication, and cyber-
physical integration of the autonomous vessel and the intelligent port.

The SoS macroarchitecture (Fig. 1) establishes the orthogonality of physical and
cognitive flows. The physical layer (mooring, energy transfer) remains constrained
by high inertia and nonlinear hydrodynamics, whereas the predictive integration layer
(Z¢os ) enables the (DTs to functionally "outrun” real time. Leveraging vessel DT

predictions enables proactive port microgrid and AMS preparation. Crucially, a
public key infrastructure (PKI) -based isolation of critical onboard systems
(navigation, BMS) guarantees that during 5G breaches, low-level actuators remain
secure. Local DTs immediately trigger safe-degradation modes, ensuring
uninterrupted edge autonomy.

3 CPC of automatic mooring processes based on hybrid models

Achieving centimeter-level mooring accuracy under stochastic disturbances
requires shifting from isolated onboard control to cooperative SoS execution, where
the port DT actively manages shore-based AMSs. The corresponding vector-matrix
equation of motion is:

M (17)V +C(V)V+ D)V = 7,y + 720" + 7050 @

where 7, =[x, y,¢[ is the position and heading vector in the local berth coordinate
system; v = [u,v, r]T is the velocity vector; M, C, D are the inertia, Coriolis force,

and damping matrices (strongly nonlinear in shallow water and corrected by PINN
models); r_,,is the control vector of the vessel's propulsion units (azipods and
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thrusters); Pt is the environmental disturbance vector transmitted from the port

digital twin (high-precision local data); 7, is the attraction force vector generated
by the shore-based automatic mooring systems.

Ship-side Digital Twin (internal loop) Smart port digital twin (external loop)

State estimation | Hybrid PINN model I Water area model
g7 i (%2, 2a) (hydrodynamics, fi, v, D) || (waves, current, wind)
|

T -

Reference trajectory
generator =+
(7 Fao Ta)

Disturhances Trajectory

Distributed
control layer

Physical layer
(MASS and port)

Distributed MPC optimizer

(couperative optimisation)

l Command

Ship propulsors ‘

(thrust vector, T,)

l Theust vector

H
i
H
i
i
'
i
'
i
'
'
'
1
'
'

l Commind

Shore mooring AMS
(mooring force, F.)

{
L]
|

Physical plant: MASS

e L 1
| Measurement data

! Memcement data
— R
Onboard telemetry
{IMU, GNSS]

|

‘ —» Coatrol command flow » State | measurcment flow  ~——-> Model / prediction flow Frircermental Irormtios fow » Feednack fow

Shore sensors )
{FOUR, cameras)

Figure 2. Structural diagram of cooperative MPC-based automatic mooring control within the
SoS paradigm.
In shallow water (-% _g4 ), hydrodynamic matrices become highly nonlinear. To

avoid static approximations, onboard PINNs with Navier-Stokes-based loss functions
dynamically compute physically consistent hydrodynamic matrices (M, C, D) in
milliseconds. The architecture decouples the outer port loop (1 Hz) and inner vessel
loop (10-50 Hz) to resolve dimensionality issues. Delegating nonlinear computations
to PINNs drastically reduces the MPC burden, guaranteeing control execution within
the strict 7, < 10 ms latency limit. Consequently, the distributed MPC minimizes

trajectory deviations while constraining control effort:
Ny N, -1
D IEHKI) =7 C+R) I+ X (1 Az E+K) I+l Azas (K I, + ©)
k=1 k=0

subject to the physical and spatial constraints:

min max . max .
Tan <Torn <Teom s 0= Tams < Tams: Vi

ctrl — “ctrl — <V

N, -n(i+k|t)<b,

where N o N, are the prediction and control horizons in discrete steps k; et is

impact safe .
,

the prescribed (reference) approach trajectory to the berth; Q, Ry, R2 are the positive-
definite diagonal weighting matrices defining the balance between positioning
accuracy and the energy expenditure associated with aggressive control actions;
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ATy ATy M€ the increments of the control actions at the current step, the

limitation of which within the objective function ensures smooth operation of the
mechanisms; Varte is the maximum permissible closing velocity (landing velocity),

limiting the kinetic energy of fender contact and ensured through the coordinated
operation of the vessel propulsion system and the shore-based vacuum grippers; N o

and bp are the matrices and vectors defining the safe navigable corridor polytope

generated by the port DT on the basis of LIDAR data. To balance navigational safety
and computational efficiency, the horizons are established at N - 200 (providing a

20-second prediction window critically necessary to compensate for the 65,000-ton
hull inertia) and N, = 50. The weighting matrices strictly prioritize navigational

safety over energy consumption. The state-error matriX g = giag(10* 10* 10°) heavily
penalizes spatial deviations. The control cost matrices are configured asymmetrically:
R, =diag10*107*107*) for vessel azipods and R, = diag(10°,10°,10°®) for shore-
based AMS. The condition R, <<R, algorithmically compels the optimizer to

transfer the physical stabilization effort to the port network, preserving the onboard
batteries. High weights in R, simultaneously smooth control gradients (Az ) to

prevent destructive actuator chattering. To guarantee solvability within the
telecommunication threshold (7, <10 ms), the highly nonlinear hydrodynamic

matrices M(t), C(t), D(t) generated by the PINN model are treated as quasi-stationary
over the prediction horizon Np. This implements a linear time-varying (LTV-MPC)
paradigm, effectively reducing the complex optimization to a standard quadratic
programming (QP) formulation.

4 Energy integration: system-level optimization of microgrids and cold
ironing technologies

The implementation of the Zero-Emission Port concept is impossible without the
application of onshore power supply (OPS) technology, also known as cold ironing.
The integration of MASS into the port Smart Grid requires a transition from static
shore-power connection to dynamic energy-consumption optimization based on DT
predictions.

4.1 Formation of the MASS DT load profile

Based on cargo loading/unloading schedules and battery charging requirements
(for hybrid or fully electric vessels), the vessel DT generates a predictive power-

demand profile ph‘j{:g (t) for the entire berthing interval [t

4.2 Shore-side power system balancing

The digital twin of the smart port treats berthed vessels as active nodes
(prosumers) within the local microgrid. The port power-balance equation at time ttt
is expressed as:

arr 'tdep] :

NMASS
Pyria (t) + Pres () + Pess _ais o= Poase_ port -+ z Puass i + PEssch ® , )

i=1
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where P

rid is the power imported from the main electrical grid; P

s IS the power

generated from renewable energy sources (solar and wind installations located within

the port area); PESS_ dis PESSch are the discharge and charge power of shore-side

energy storage systems; B, port is the baseline electrical load of the port (cranes,

terminal facilities, and auxiliary infrastructure). The physical topology of energy

flows within the ship—port system, described by this power-balance equation, is

illustrated in Figure 3.
Cyber-physical -

) (
coordination layer | MASS DT | | ADMM coordination |

Port DT
(Digital Twins + ADMM) | * predicted load profite I (1) €= consensus variables = ( | '

edule * demand forecast PL

* dual variables A

I amn s * £S5 state and optim

t Physleal: Macrogrid Solar PV array [ Port battery storage I
{ power system (substation) (RES generation) (ESS) s
| (Port microgrid) “— - ~— y \
l Pyria(l) l Pres(t) Pres.on(t) I Prse aie(t) '
y Port main bus |
(Pyus (1)
Prasepore (1) Pasass.(t)
h ——
Terminal operations MASS battery
(cranes, reefers) (cold ironing)

Figure 3. Structural diagram of power flow distribution in a smart port microgrid with
integrated autonomous vessels (cold ironing)
In a conventional uncoordinated configuration, stochastic vessel connections (

Puass ;) actas passive loads, generating transient spikes on the main bus and forcing

expensive electricity imports from the utility grid (Pgri)). The proposed SoS
architecture introduces a cyber-physical coordination layer, transforming the MASS
into an active prosumer. Maintaining power balance and minimizing port operational
expenditures (OPEX) requires strict algorithmic synchronization of vessel charging
profiles with renewable generation peaks (Pres) and shore-based storage cycles
(Pess). This dynamic coordination dictates the objective function for the microgrid
economic dispatch.

4.3 Economic dispatch objective function

The objective of the port DT is to minimize total OPEXs and carbon emissions
while satisfying the energy requirements of the fleet. The objective function Jenergy
is formulated as:

: NG
mMin J..erop = [Coria (1) Pyria (O + Acos - Ecoz (Pyria) + cheli (Puass_1)]dt
i=1

where Cyra (1) is the dynamic utility electricity tariff (time-of-use tariff); ;__  is the
cost of greenhouse gas emission allowances (carbon tax); g, is the emission
function associated with electricity generation; C deq i is the cost function

representing the thermal degradation of the battery for vessel i, quantified via
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predictive Teur estimation algorithms. Minimization of the objective function is
performed under strict physical and operational constraints of the microgrid. Main
transformer capacity constraint (grid connection point): Pyria )< P;;"Sf"""“

SOC constraints for shore-side and onboard energy storage systems:

Men - Pch - Pd'/ 8
Crin <SOC(t) <SOCr+ g0t +1) = SOC(H) + 2 )
Ecopaclty

where 7, , n, are the denote charging and discharging efficiencies; Ecapacity is the

nominal battery energy capacity. Nonlinear power-flow constraints must regulate
active and reactive power balances to prevent critical voltage sags during peak cold-
ironing demand. Mathematically, the gradient of the objective function Jenergy drives
the system toward its optimal operating conditions where Cyra (1) > min » and

Pees () — max- TO resolve the conflict between optimal microgrid dispatch and

commercial data privacy (Fig. 4), we employ a distributed ADMM architecture. By
exchanging only low-dimensional consensus vectors X, z, 1) over 5G URLLC rather
than aggregating local constraints, this zero-knowledge topology guarantees
asymptotic convergence to the global optimum (Jenergy ) While strictly preserving
proprietary vessel parameters. Mathematically, the iterative process of decentralized
ADMM optimization is based on minimizing the augmented lagrangian function and
is described by the following system of recursive equations:
Xt =argmin, L (x,z,A), 2 =argmin, L (x***,z, ), g1 = g +p- (XK= 20,

where K is the iteration number of the data exchange process over the 5G network;
x e X, 18 the vector of local optimization variables on the vessel digital twin side

(formation of the requested power profile ppred considering the degradation of the
vessel’s own batteries); ; ¢ Zy is the vector of consensus (global) variables on the

port digital twin side (allocation of the available microgrid power taking into account
generation capacity limits Zga ); 4 isthe dual variables (vector of shadow electricity

prices); , > 0 is the quadratic penalty parameter ensuring asymptotic convergence of

the algorithm. Because the nonlinear battery degradation model creates a non-convex
local objective, classical ADMM lacks convergence guarantees. We overcome this
by embedding sequential convex programming (SCP) into the vessel's DT. Iteratively
approximating the nonlinear function with its convex majorant guarantees
convergence to a safe local optimum (KKT point). Consequently, this hybrid
approach strictly satisfies all physical constraints while inherently preserving zero-
knowledge privacy.
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Figure 4. ADMM-based decentralized optimization architecture: system coordination of
independent agents without disclosure of proprietary energy storage parameters (Texr).
5 Verification of coordinated cyber-physical interaction algorithms using co-
simulation
We validated the SoS architecture using a heterogeneous co-simulation testbed
(Fig. 5) that bridges two independent computational environments.
MATLAB/Simulink and Python/TensorFlow handled the continuous-time MASS
hydrodynamics (ODE solvers), while DIgSILENT PowerFactory executed quasi-
steady-state port microgrid calculations.

f ~N——» Microgrid topology

MPC controlier - { 5G URLLC emulator Shore mooring (AMS)

(DDS middieware)
- MASS T4 =85ms
Shadow prices A

Power demand §

Battery BMS 8T, - - ADMM optimizer

Hydrodynamics (PINN) \ / RES generation (solar)

Figure 5. Architecture of the hardware-software co-simulation platform for heterogeneous
DTs.

Data synchronization between these asynchronous DTs was achieved via a data
distribution service (DDS) protocol over an emulated 5G network with controlled
latency. To ensure numerical stability, integration utilizes the functional mock-up
interface (FMI) standard, with the DDS middleware acting as the Co-Simulation
Master to enforce deterministic state-vector exchange at predefined rendezvous
points.Zero-order hold (ZOH) extrapolators within each DT compensate for emulated
5G transmission delays (8.5 ms) and packet losses, preventing algebraic loops and
guaranteeing solver stability. By embracing edge computing, computationally

intensive tasks (PINN tensor operations and nonlinear power-flow calculations) are
pred
executed locally. Only compressed macro-parameters (4,7, 7aus I:)MASS) traverse

the 5G URLLC channel, ensuring latency remains within the 8.5 ms critical threshold
even under peak network loads. Furthermore, this topology physically enforces the
zero-knowledge privacy, as the port optimizer interacts with the vessel BMS solely
via price vectors (#) without accessing proprietary Trur data. Practical verification
of this architecture was conducted using a Panamax-class autonomous container
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vessel baseline scenario. The key parameters of the simulation environment are
summarized in Table 2.

Table 2
Parameters of the Z SoS co-simulation environment
Model parameter Value Justification / Source
MASS displacement 65,000 t Typical Panamax-class container vessel
Onboard battery capacity 8.5 MWh Hybrid propulsion system
Shore-side AMS capacity 4 x 400 kN Cavotec MoorMaster vacuum mooring
units
Base port load 25-3.0 MW Operation of container cranes and
terminal infrastructure
Peak renewable generation 5.0 MW Rooftop solar installations on warehouse
facilities
Emulated communication 8.5ms 5G URLLC latency including jitter
delay T
MPC prediction horizon 20s Sampling interval of 0.1 s
(Np)

The simulation scenario covered two operational phases: final approach and
mooring under stochastic crosswind disturbances of up to 15 m/s; a 24-hour port stay
with connection to the microgrid under the cold ironing operating mode.

5.1 Results of automatic mooring simulation

To evaluate the robustness of the developed MPC controller under environmental
uncertainty, 50 extreme worst-case scenarios were simulated using a directed Monte
Carlo sampling technique. These scenarios encapsulated peak wind-wave
disturbances (15 m/s crosswinds) and dynamic shallow-water squat effects. The
statistical sufficiency of the sample was rigorously validated via non-parametric
bootstrapping (B = 10,000), confirming that the 95% confidence interval of the
expected positioning error remains strictly within the safe navigation polytope (

Hp"7pr). A comparison was performed between isolated control (vessel

propulsion only) and coordinated SoS control (vessel + shore-based AMS). The
summarized results are presented in Table 3.

Table 3
Comparative results of mooring simulations (50 monte carlo runs)
Evaluated Isolated control Coordinated control Improvement
parameter (vessel only) (SoS: vessel + AMS)

Maximum impact

Exceeds vsafe in

vimpact < vsafe in all

Safety guarantee

velocity (vimpact) 12% of cases 50 runs
Onboard energy 142.5 kWh 82.6 kWh 42% reduction
consumption during
maneuver

Portion of force

0% (system not

42% (distributed load

Reduced azipod

time at berth

transferred ashore ( engaged) sharing) wear
T ams )
Vessel stabilization 14.5 min 8.2 min 43% reduction
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Results in Table 3 confirm the proposed hypothesis: the hydrodynamic damping
matrix dynamically corrected by the PINN model, combined with shore-based
mooring mechanisms, improves maneuvering safety and mitigates azipod thrust
oscillations. Delegating part of the physical control effort to the external mooring
systems reduces the onboard actuation demand during maneuvering. The probability
density functions (PDFs) of impact velocity from the 50 Monte Carlo runs (Fig. 6)
further illustrate the different response of isolated and coordinated control under peak
disturbances.

i)

| Isclated control (u — 0,135, a — 0.015) |
50 | — Coordinated So8 (g = 0000, o = 0.008)
T Safety threshold
. Weaye 015

At
30

12% risk

20
{render overload)

Probability Density

mn

( e = S
! 0.06G 0.08 .10 0.12 .14 0.16 0.1

Impact Velocity tmpas (MFS)
Figure 6. Probability density function curves of the approach velocity (Vimpact ) at physical
contact with the berth, approximated from the results of 50 Monte Carlo simulation runs.

This results in a pronounced right-hand tail exceeding the critical threshold (vsate
= 0.15 m/s), creating a 12% risk of infrastructure damage. Conversely, the
coordinated SoS controller shifts the operation into a safe region (median 0.09 m/s)
and drastically narrows the kinematic variance (95% CI: 0.074 to 0.106 m/s). A
Fisher’s F-test comparing the sample variances (F(49, 49) = 6.45, p = 1.2x107)
rigorously rejects homoscedasticity. This statistically confirms that the cooperative
MPC not only reduces the expected positioning error but virtually eliminates
stochastic tail risks, ensuring deterministic safety during automated berthing.

5.2 Results of decentralized energy optimization

Evaluated during the cold ironing phase, the ADMM algorithm balanced the
microgrid while strictly preserving vessel data privacy. Co-simulation demonstrated
rapid algorithmic convergence: the residual error satisfied the ¢ =10 threshold
within 14 iterations. Accounting for the 8.5 ms network latency, the global
optimization for a 15-minute dispatch interval computed in under 0.2 seconds. As
shown in Figure 7, this decentralized dispatch restructures daily load profiles through
simultaneous peak shaving and load shifting. The mathematical solution directly
forces the bulk of vessel energy consumption into daytime hours, optimally aligning
demand with the local photovoltaic generation curve Pres(t).

Table 4 consolidates the co-simulation performance metrics, demonstrating the
quantitative superiority of the proposed SoS architecture over conventional power
supply strategies. In the baseline non-optimized scenario (plug-and-charge),
consumption mismatches trigger a critical peak demand of 18.5 MW, with renewable
energy utilization reaching only 31.4%.

33



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

High grid
tarift period

cad shifting

Power (MW}

1 [ & 0 12 14 16 I8 2 22 2
Time of day (hours)

Figure 7. Dynamic balancing of the port microgrid using cognitive synchronization
algorithms.

The decentralized ADMM algorithm halves peak demand (9.1 MW), boosts
renewable utilization (84.2%), and reduces microgrid OPEX by 45.0% without
violating onboard battery constraints. Integrating nonlinear hydrodynamics with
electrical transients, this co-simulation definitively proves the cyber-physical
architecture's functionality, convergence,

Table 4
Comprehensive efficiency analysis of power supply and integration strategies
Power supply  [Integration & control| Peak grid Local Relative OPEX
scenario method load RES reduction
(MW) utilization | compared to
baseline
Isolated operation | None (onboard diesel 0.0 0.0% Baseline
generators only)
Standard cold Uncoordinated (plug- 18.5 31.4% Baseline OPEX
ironing and-charge) (reference)
Centralized peak | Heuristic (rule-based) 14.2 56.8% 18.5%
shaving
Proposed SoS Cooperative cyber- 9.1 84.2% 45.0%
architecture physical (ADMM)

5.3 Resilience to Communication Failures and False Data Injection Attacks

The results obtained in Section 5.1 demonstrate the effect of distributed vessel-
port coordination under nominal communication conditions. The co-simulation was
performed with an emulated communication latency of 8.5 ms, while the analytical
assessment in Section 2 gives approximately 10 ms as the critical delay for the
assumed actuator bandwidth and phase margin. The coordinated configuration
reduced onboard energy consumption from 142.5 to 82.6 kWh and stabilization time
from 14.5 to 8.2 min. In the 50 Monte Carlo scenarios, the impact velocity exceeded
the adopted safe value of 0.15 m/s in 12% of the isolated-control cases, whereas no
such exceedance was observed in the coordinated cases. These baseline results anchor
the subsequent resilience evaluation. Instead of proposing a novel cybersecurity
model, this subsection investigates how the existing cyber-physical architecture
withstands degraded coordination data (i.e., delayed, missing, or unreliable
information).

By decoupling local vessel control from higher-level port coordination, the
architecture inherently supports graceful degradation under both communication
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failures and data manipulation. When network latency exceeds the critical ~10 ms
limit, the aging of external data compromises port cooperation but leaves direct vessel
control intact. During such anomalies, the edge controller maintains autonomy by
relying on local DT predictions and last-validated states.

However, communication availability does not guarantee information integrity;
FDIA can manipulate critical variables within the MASS state vector:

Xunss =[2, ¥, .UV, T, T, Poag, SOCT' ©

Because alterations to position, velocity, or power demand directly destabilize
cooperative algorithms, the architecture introduces a layer of physical redundancy.
The consistency of any received state variable (y) is continuously evaluated against
the local DT prediction:

€cons™ Yresy — ypred ! (10)
where View is the received value and Y oreg is the baseline derived from the previous

state, current control inputs, and environmental conditions.

e, () =y“ () —y(k|k=1) - 1D
where y (k) is the received value and gk | k —1) is the value predicted by the local
DT.

Utilizing the PINN module, the vessel cross-validates external inputs against
expected physical dynamics. Substituting physically inconsistent data with local
predictions immediately safeguards the control loop, entirely bypassing the need for
explicit attack attribution. Consequently, the distributed architecture manages
simultaneous communication degradation and data manipulation using two anomaly
indicators: data age and physical consistency. Table 5 defines the three principal
operating conditions derived from these criteria.

Table 5
Operational response of the distributed SoS to abnormal information conditions
Information Vessel-side Port-side Operational
condition operation coordination interpretation
Valid and timely Normal local I Nominal cooperative

- - Full coordination X
information control operation
Delayed or .
temporarily Local prgdlctlon ! Reduced Degraded

. last validated L -
unavailable contribution cooperation
. - state
information
'Physpally Reject or replace Reduced_or Protection of local
inconsistent temporarily
- - affected data control
information suspended update

While Table 5 illustrates the core resilience paradigm—deliberately abandoning
global optimality (e.g., ADMM coordination, 42% energy/43% time reductions) to
enforce autonomous physical safety during anomalies—this logic requires further
empirical validation. By deferring the testing of FDIA detection and severe network
disruptions, the current study establishes Figure 8 as a nominal operational baseline
rather than a comprehensive cyberattack profile. Consequently, evaluating the
architecture via HIL execution under controlled packet loss and data manipulation
remains the essential next phase of research.
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5.4 Parametric assessment of cooperative-control robustness

While Sections 5.1-5.3 define nominal performance, a full systematic analysis of
varied network or model uncertainties is deferred. Instead, we assess parameters
within established boundaries (Table 6). For cooperative berthing, the critical
analytical latency limit is ~10 ms, dictated by actuator bandwidth and phase margin
(Section 2). Our co-simulation utilized an emulated 8.5 ms delay, successfully
demonstrating nominal coordinated control within this boundary. Notably, this ~10
ms limit is specific to the proposed vessel-AMS configuration, not a universal MASS
threshold.

Table 6
Parametric conditions and validation status for robustness assessment
Reference | Assessment Basis of
RS condition range assessment S
Analytical
Communication latency 8.5ms 8.5-10ms | control-stability | Analytical
boundary
. L NCS phase-
Critical communication . .
~ 10 ms — margin Analytical
delay o
condition
Crosswind velocity 15 m/s Upto15 Existing Mor_1te Simulated
m/s Carlo scenarios
Communication packet Npt Identlf_led _future Not
experiment — validation
loss - evaluated
ally varied parameter

Validated at 8.5 ms latency via 50-run Monte Carlo simulations (15 m/s
crosswinds), the coordinated architecture eliminated the 12% impact-limit (0.15 m/s)
exceedance seen in isolated control. It also reduced energy consumption from 142.5
to 82.6 kWh and stabilization time from 14.5 to 8.2 min. Because the vessel retains
local state access, approaching the 10 ms analytical latency limit degrades only
cooperation, not direct control. This edge-autonomy yields three regions: Nominal
cooperative - latency < 10 ms; full cyber-physical coordination is active; degraded
cooperative - latency approaches limits; the vessel uses local DT predictions and last-
known port data; local-control - network coordination is suspended; the vessel edge
independently ensures physical constraints.

Figure 8 schematically maps the operating regions (communication delay vs.
coordination degree). The 8.5 ms co-simulation point lies safely below the ~10 ms
analytical boundary. Importantly, this ~1.5 ms separation is specific to the current
vessel-AMS configuration (driven by actuator bandwidth and phase margin) and does
not represent a universal MASS safety margin. Furthermore, the quantitative impacts
of packet loss, cyberattacks, and hydrodynamic-model uncertainties are outside the
scope of the current simulation. Instead, this analysis establishes a configuration-
specific operating boundary, providing a solid baseline for future HIL experiments to
test controlled network degradation and model perturbations.
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Figure 8. Analytical operating regions of the cooperative vessel-port control system as a
function of communication delay.

5.5 Scalability of distributed coordination

To accommodate multi-agent traffic, the proposed SoS architecture avoids
centralized computational bottlenecks by strictly separating local vessel control from
distributed resource coordination. While large-scale fleet operations require future
empirical validation, the architecture's scalability is analytically supported by four
structural mechanisms: local computational autonomy (the vessel DT, PINN, and
LTV-MPC remain on the edge);) decentralized energy management via ADMM,;
strict data privacy, exchanging only coordination variables while keeping Trnr local;
multi-rate execution, where local maneuvering operates at 10-50 Hz and port
coordination runs at a lower frequency. This structural scalability is anchored by our
single-MASS experimental metrics: ADMM achieved rapid convergence (residual
10 in 14 iterations; cycle <0.2 s), and the coordinated control loop operated safely
at an 8.5 ms latency against the 10 ms analytical limit.

5.5.1 Computational decomposition of the distributed architecture

By decoupling individual MASS computations from shared port resources, the
architecture fundamentally avoids centralized optimization bottlenecks. Each vessel's
DT locally processes its PINN hydrodynamic approximations and LTV-MPC control
constraints. Thus, the system scales linearly: an incoming fleet of N MASS agents
introduces N independent computational nodes. Each local entity strictly isolates and
retains exclusive control over its proprietary state variables, physical models, and
local optimization routines. The local computational decomposition can therefore be
represented as {C..C,....C,}» where ¢, denotes the computational subsystem

associated with MASS i. The distributed coordination layer operates on the
information required to couple these local subsystems with shared port resources
rather than on the complete internal representation of all N vessels. This organization
is particularly important for the LTV-MPC/PINN control loop because its
computational frequency is substantially higher than that of the port energy-
management problem. The vessel-side loop operates at 10-50 Hz, whereas the port-
side coordination layer is associated with a 1-Hz operating frequency. Consequently,
the addition of a vessel does not require the port-side coordination mechanism to
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reproduce all high-frequency vessel-control calculations centrally. The computational
hierarchy of the proposed architecture is therefore composed of three principal levels:
vessel-local level, responsible for state processing, hydrodynamic prediction and
LTV-MPC control; distributed coordination level, responsible for consensus,
resource allocation and coordination of coupled variables; port-system level,
represented by the port DT and responsible for shared infrastructure, microgrid and
energy-resource constraints.
This decomposition is illustrated in Figure 9.
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Figure 9. Distributed multi-MASS coordination architecture and computational
decomposition.

The architectural diagram illustrates how the single-MASS framework
structurally scales to N vessels. Vessel-side DTs perform local PINN/LTV-MPC
functions at 10-50 Hz, exchanging only low-dimensional data with the port DT for
1-Hz global coordination (validated at 14 ADMM iterations, <0.2 s cycle, 8.5 ms
delay). Crucially, the aggregate computational load for local optimizations grows
linearly, O(N). Although total ADMM iterations may vary depending on system
coupling, this decentralized SoSs design ensures that new vessels add parallel
computational tasks instead of overloading a centralized optimizer. Furthermore, this
structural locality inherently guarantees edge autonomy, allowing physical vessel
control to persist even during communication degradation.

5.5.2 Quantitative reference characteristics of the implemented coordination
layer

The scalability assessment should be anchored to the numerical characteristics
already established by the heterogeneous co-simulation. Table 7 summarizes the
parameters that are directly relevant to the computational and communication
scalability of the distributed coordination layer.
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Table 7
Quantitative reference parameters for scalability assessment.
- Significance for
Parameter Value Origin/status scalability Parameter
Vessel-side Implemented Defines the high- Vessel-side
10-50 Hz : frequency local
control frequency architecture control frequency
control layer
Port-side Implemented Defines the slower Port-side
coordination 1Hz architecture coordination layer coordination
frequency Y frequency
ADMM . . ADMM
convergence 14 Co-simulation Reference . convergence
. ; result consensus behavior . :
iterations iterations
. . Achieved
ADMM residual <10* CO_S::}:S:?“O” convergence ADMM residual
criterion
Co-simulation Time scale of
Dispatch interval 15 min configuration energy Dispatch interval
g coordination
Dispatch Co-simulation Reference Dispatch
S (<0.2) s } S
computation time result computational load computation time
Nominal Investigated Nominal
Lo Heterogeneous co- N L
communication 8.5ms simulation communication communication
delay condition delay
Critical Boundary for the Critical
communication ~ 10 ms Analytical result considered control- communication
delay loop configuration delay

The measured ADMM performance (14 iterations, <0.2 s execution) establishes
a computational baseline for distributed energy management. Consuming merely
0.022% of the 15-minute dispatch interval, it provides significant computational
headroom, though convergence behavior may vary as fleet size increases. Similarly,
the 8.5 ms co-simulation latency consumes 85% of the 10 ms analytical boundary.
This leaves a configuration-specific 1.5 ms margin, which must not be interpreted as
a universal safety buffer. Ultimately, these numerical references characterize the
implemented optimization loop and nominal communication state, providing a
rigorous baseline for evaluating future multi-MASS scalability rather than defining
an absolute maximum fleet size.

5.5.3 Scaling of the communication structure

An important feature of the proposed architecture is that the distributed
coordination layer does not require a fully interconnected communication topology
between all MASS agents. Each vessel communicates with the coordination layer
through its corresponding interface, while the shared resource constraints are resolved
through the distributed coordination mechanism.

For N coordinated vessels, the number of vessel-level coordination interfaces can
therefore be represented as | —N. For comparison, a fully pairwise

communication structure in which every MASS directly exchanges coordination
information with every other MASS would require N(N-1)/2, The difference between
these two structures becomes increasingly significant as the fleet size increases. Table
8 provides a quantitative comparison for representative values of N. The numerical
values in Table 8 are derived directly from the communication topology and do not
represent measured multi-MASS experiments.
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Table 8

Quantitative comparison of distributed and fully pairwise communication structures.

Distributed coordination Fully pairwise Pairwise/distributed
interfaces (N) relationships (N(N-1)/2) ratio
1 0 0.00
2 1 0.50
4 6 1.50
8 28 3.50
16 120 7.50
32 496 15.50

Their purpose is to quantify the structural scalability of the proposed coordination
organization. For N = 8, for example, the distributed architecture requires eight
vessel-level interfaces, whereas a fully pairwise structure would contain 28
communication relationships. At N = 16, the corresponding values are 16 and 120. At
N = 32, the difference becomes 32 versus 496 relationships. Figure 10 demonstrates
a critical structural advantage of the proposed architecture: coordination interfaces
scale linearly (N), avoiding the bottlenecks of a fully pairwise quadratic topology
(N(N-1)/2). While aggregate communication load still grows with fleet size, this
centralized coordination topology is vital for high-traffic hubs. It allows MASS agents
to dynamically enter or exit the port domain by establishing a single coordination
interface, rather than requiring direct connections to every other MASS. This plug-
and-play capability perfectly aligns with the SoS paradigm, where autonomous
subsystems cooperate efficiently through explicitly defined, scalable interfaces.

500 { —e— Distributed coarinacion Interfaces: N
Fully pairwise relatianships: NiN- 112

sication reletionshizs

-

12 a 8 15 3z
Mumber of coordinated MASS agents, N

Figure 10. Structural scaling of communication interfaces: proposed linear topology (N) vs.

fully pairwise quadratic architecture (N(N-1)/2).

5.5.4 Scalability of ADMM-based resource coordination
The second major scalability mechanism is provided by the decentralized ADMM
formulation used for cold-ironing and port-microgrid coordination. The optimization
problem is decomposed so that local participants retain their own technical
constraints, while the coupled resource constraints are resolved through consensus.
The distributed nature of this formulation has direct consequences for scalability.
When an additional MASS participates in energy coordination, its vessel-side energy
requirements and local constraints can be introduced as an additional local
optimization problem. The existing vessel-side optimization structures do not have to
be merged into a single centralized model. In general form, the distributed problem
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can be considered as a set of local problems min_ f,(x), i=1..,N subject to the

shared coordination conditions represented through the consensus variables and
associated dual variables. The ADMM procedure then alternates between local
optimization and consensus updates. The distributed ADMM architecture drives
scalability through strict data minimization and parallel processing. Exchanging only
low-dimensional shadow prices keeps proprietary models (Trut) private, eliminating
the need for the port coordination layer to reconstruct full vessel states. While the
baseline configuration converges rapidly (14 iterations, <0.2 s per 15-min dispatch
cycle), scaling to multi-MASS fleets necessitates a strict scientific distinction: local
complexity (O(N)) - the local optimization workload is fully distributed. Adding new
MASS agents increases the number of parallel tasks linearly; global consensus - the
total number of ADMM iterations required to reach consensus cannot be assumed
constant and requires direct empirical validation for large fleets. This clarifies the
architecture's scaling properties: it structurally guarantees linear scaling for
distributed local computation, avoiding unverified claims about the overall multi-
agent convergence behavior.

5.5.5 Communication load, data minimization and Trnr locality

The scalability of the cyber-physical SoS architecture depends heavily on
minimizing data exchange. By avoiding the transfer of complete DT representations,
the vessel DT retains detailed models locally, exchanging only low-dimensional
consensus variables with the port. This data-minimization strategy provides three
distinct advantages: it reduces the port's aggregate communication load, eliminates
the need for full vessel-specific models during optimization, and inherently preserves
the privacy of sensitive metrics like Tert. While this localized execution prevents the
centralized exposure of proprietary data as fleet sizes scale, it constitutes an
architectural privacy mechanism rather than a complete cryptographic suite (which
still requires authentication and key management). Ultimately, this approach uniquely
unifies distributed computation, communication scalability, and the preservation of
proprietary technical information.

5.5.6 Temporal scalability and separation of operational time scales

Another important scalability mechanism is the separation of the time scales of
the individual functions. The vessel-side maneuvering controller operates at 10-50
Hz, corresponding to control periods between 0.1 and 0.02 s. The port-side
coordination operates at approximately 1 Hz, while the energy-dispatch problem is
evaluated over a 15-min interval. The ratio between the highest vessel-side control
frequency and the port-side coordination frequency is therefore approximately 50.
This means that the fastest local control loop may operate up to 50 times more
frequently than the port-side coordination layer. The architecture consequently does
not require every port-level coordination variable to be exchanged at the same rate as
the local vessel control variables. This temporal separation is important when the
number of MASS agents increases. If all vessel state variables were transmitted and
processed at the highest control frequency, the aggregate communication and
computational burden would increase substantially with fleet size. The proposed
architecture instead retains the high-frequency functions locally and uses slower
distributed coordination for shared resources. The architecture can therefore be
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viewed as a hierarchical cyber-physical system in which different information classes
are processed according to their operational time scales: high-frequency local vessel
states and control variables; intermediate vessel—port coordination information; low-
frequency energy-dispatch and resource-allocation information. This organization
also contributes to resilience. As established in Section 5.3, degradation of the
communication channel does not automatically eliminate the vessel-side control
function because local control remains associated with the vessel subsystem. The
distributed architecture can therefore reduce the degree of cooperation without
immediately transferring responsibility for physical control to the communication
network. The scalability consequence is that an increasing number of vessels does not
necessarily require all of their high-frequency control loops to be processed centrally.
The computational and communication growth is instead concentrated in the
coordination functions that genuinely depend on shared resources.

5.5.7 Quantitative scalability indicators and evidence status

To avoid ambiguity between measured results and structural calculations, the
principal scalability indicators are classified in Table 9. The table is important for
interpreting the scientific contribution of the present subsection.

Table 9
Evidence status of the quantitative scalability indicators.
Category / Indicator Nu\;gf;écal Evidence status Interpretation
ADMM Baseline convergence
Convergence 14/ <104 Experimental criterion for the
(Iterations / Residual) implemented
configuration
ADMM Timing Rapid execution scale;
(Computation / <0.2s/900 s Experimental defines available
Interval) computational
headroom
(l\(l:c?rmr:g: /Lg:iet?g” Experimental & Operating boundary for
. 8.5/10/1.5 ms Analytical the considered actuator
Margin) d .
ynamics
Topology Scaling Demonstrates linear
(Distributed vs. Structu _ral structural advantage
- N vs, N(N-1) /2 calculation -
Pairwise) over full pairwise
networks
Multi-MASS Complex system
: . Not . X L
Dynamics (lteration . interactions requiring
: experimentally .
growth, exec. time, - dedicated future
evaluated L
packet-loss validation
sensitivity)

The experimentally established values demonstrate the performance of the
implemented single-MASS configuration. The structural calculations quantify how
the architecture changes with N. The parameters for which no values are given are
deliberately identified as subjects for future validation rather than replaced with
assumed numerical values. Such separation is consistent with the robustness
assessment in Section 5.4, where the 8.5-ms co-simulation condition is distinguished
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from the analytically derived approximately 10-ms boundary, and where packet loss
and other communication degradation parameters are not presented as experimentally
measured results.

5.5.8 Practical scalability limits

While structurally favorable for multi-MASS expansion, the architecture's
scalability is bounded by several practical cyber-physical constraints.
Computationally, the central coordination layer must still aggregate an increasing
number of variables as the MASS fleet size (N) grows, and ADMM convergence rates
may change under tighter multi-MASS coupling. On the network side, maintaining
the nominal 8.5-ms latency requires strict resource allocation as traffic scales.

Furthermore, multi-MASS operations introduce untested physical complexities, such
as trajectory coupling in restricted waters, and are ultimately constrained by the finite
capacity of port infrastructure (e.g., berths, shore power). Therefore, true scalability
depends not just on adding autonomous MASS agents, but on the integrated capacity
of the communication, computational, and physical port resources.

5.5.9 Applicability to multi-MASS smart-port operation

The presented results establish a practical structural pathway for extending the
single-MASS architecture to multi-MASS operations. At the vessel level, each MASS
retains its DT, PINN, and LTV-MPC, preserving edge autonomy and preventing
centralized computational bottlenecks. At the coordination level, ADMM integrates
new participants by resolving shared constraints via consensus variables, without
centralizing proprietary technical models. At the communication level, exchanging
only low-dimensional data ensures coordination interfaces scale linearly (N) rather
than quadratically. Finally, the port DT manages shared physical infrastructure (e.g.,
shore power, grid constraints), enabling the incremental, plug-and-play integration of
new MASS agents. Importantly, the multi-MASS numerical values presented in
Tables 8 and 9 and Figure 11 characterize this architectural scaling framework rather
than an empirical proof of a specific fleet capacity. True multi-MASS performance
must be established through future dedicated experiments systematically varying the
number of MASS agents, network degradation, and spatial interaction constraints.

5.5.10 Summary of scalability assessment

The scalability assessment demonstrates that the proposed distributed SoS
architecture possesses several structural properties that support extension from single-
MASS operation toward multi-MASS smart-port coordination. The first property is
computational decentralization. Vessel-side state processing, PINN-based
hydrodynamic prediction and LTV-MPC remain local to each MASS, so additional
vessels introduce additional local computational entities rather than requiring
complete centralization of the high-frequency control problem. The second property
is distributed resource coordination. The ADMM-based energy-management
mechanism separates local optimization from shared-resource consensus. The
experimentally established convergence after 14 iterations with residual below 10
and execution time below 0.2 s provide quantitative reference characteristics for the
implemented coordination layer. The third property is communication scalability. The
number of vessel-to-coordination interfaces increases as N, while a fully pairwise
architecture would require N(N-1)/2 communication relationships. For N=32, this
corresponds to 32 distributed interfaces compared with 496 pairwise relationships.
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These values are structural calculations and are not presented as measured multi-
MASS results. The fourth property is temporal decomposition. The vessel-side
control loop operates at 10-50 Hz, while port-side coordination operates at a lower
frequency and energy dispatch is performed over a 15-min interval. This separation
prevents all information from having to be processed at the highest control frequency.
The fifth property is local retention of detailed DT information. The exchange of |
ow-dimensional coordination variables and shadow prices avoids the need to transmit
complete Trut representations, thereby supporting both communication efficiency
and preservation of local technical information. Finally, the analysis identifies the
principal limitations that must be addressed before claiming full fleet-scale validation:
the dependence of ADMM convergence on the number and coupling of agents,
network congestion under simultaneous MASS operation, packet-loss and
communication-outage effects, and physical multi-vessel conflict resolution.
Accordingly, the present subsection establishes a quantitatively grounded scalability
assessment of the proposed architecture without introducing unsupported
experimental results. The demonstrated single-MASS implementation, together with
the structural N -dependent analysis, provides a scientifically justified basis for
extending the architecture toward multi-agent operation. Experimental validation
with increasing numbers of MASS agents remains the appropriate next step for
determining the practical operating envelope of the proposed distributed coordination
system.

5.6 Ablation analysis of the proposed SoS architecture

The proposed SoSs architecture integrates several heterogeneous computational
and cyber-physical components, including HDTs, PINN-based hydrodynamic
approximation, distributed LTV-MPC, shore-based AMSs, decentralized ADMM-
based energy coordination, and the communication layer connecting vessel and port
subsystems. The results presented in Sections 5.1-5.4 demonstrate the performance
of the integrated architecture. The purpose of the present subsection is therefore not
to repeat these results, but to examine which functional mechanisms are directly
supported by the available comparative experiments and which components can only
be evaluated as parts of the integrated architecture. A classical factorial ablation study
would require a separate series of controlled experiments in which individual
components are removed or replaced while all other parameters remain unchanged.
Such a campaign was not performed in the present work. In particular, the available
simulations do not contain independent experiments comparing the PINN with and
without hydrodynamic correction, the proposed LTV-MPC with an alternative vessel
controller, or the complete DT architecture with an equivalent centralized
implementation. Consequently, no numerical contribution is assigned to these
components individually. The analysis below is therefore formulated as an evidence-
based ablation analysis. The experimentally evaluated alternative configurations are
used to identify the contribution of the major functional mechanisms of the proposed
SoS, while the components that were not independently isolated are discussed in
terms of their demonstrated role in the integrated architecture.

5.6.1 Functional decomposition of the proposed SoS

The proposed architecture can be considered as a combination of three interacting
functional layers. The first layer is the cooperative physical-control layer, which
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combines vessel-side propulsion with shore-based AMS. Its purpose is to distribute
the stabilization task between the MASS and port infrastructure during automatic
berthing. The second layer is the distributed energy-coordination layer, where vessel
and port energy resources are coordinated through decentralized ADMM. This layer
considers vessel load demand, shore power, renewable generation, storage and shared
port constraints without transferring the complete internal technical model of the
vessel energy subsystem to the port optimizer. The third layer is the cyber-physical
integration layer, which includes the vessel and port DTs, PINN-based hydrodynamic
approximation, LTV-MPC, communication infrastructure and heterogeneous co-
simulation environment. This layer provides the computational and communication
framework within which the physical-control and energy-coordination mechanisms
operate.
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Figure 11. Evidence-based attribution of functional contributions in the proposed SoS

architecture.

The distinction between these layers is important for interpretation of the
numerical results. The available experiments permit direct quantitative assessment of
the first two layers, whereas the individual contribution of the computational elements
within the third layer is not separately identifiable from the existing experiments.
Figure 11 summarizes the functional decomposition of the proposed SoS architecture
in terms of the relationship between individual architectural components, their
functional mechanisms, and the observable system-level effects. The decomposition
is formulated on the basis of the experimental configurations and results presented in
Sections 5.1-5.4, with particular emphasis on the evidence-based attribution
considered in Section 5.6. As shown in Figure 11, the available evidence provides
different levels of attribution for the individual architectural components. The
contribution of the shore-side actuation subsystem (AMS) and the distributed
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ADMM-based energy-coordination mechanism is supported by direct comparative
results. In contrast, PINN, LTV-MPC, HDTs, and the communication layer were
evaluated as integral elements of the complete cyber-physical configuration;
therefore, their individual contributions cannot be quantitatively separated on the
basis of the experiments reported in this study.

5.6.2 Contribution of cooperative vessel-shore control

The ablation analysis definitively isolates the impact of physical vessel-shore
coordination from the underlying computational algorithms (PINN/LTV-MPC). By
comparing isolated vessel control against coordinated automated mooring systems
(AMS) across 50 Monte Carlo scenarios (15 m/s crosswinds), the architecture
demonstrates a fundamental shift in control execution: performance gains -
maneuvering energy dropped from 1425 to 82.6 kWh, and stabilization time
decreased from 14.5 to 8.2 min; actuation distribution - 42% of the physical
stabilization effort was successfully delegated to the shore-side AMS; safety
assurance - unsafe impact velocities were entirely eliminated (from a 12% risk to 0%;
F(49,49)=6.45, p=1.2x1073. Crucially, this validates that the port is not merely a
passive data provider, but an active physical actuator. The transition (vessel-only
control — distributed vessel-shore control) represents a structural redistribution of
cyber-physical control authority, directly validating the core SoS paradigm.

5.6.3 Contribution of the shore-side physical subsystem

The preceding comparison permits a more specific interpretation of the AMS
contribution. The shore-side subsystem is not introduced simply as an auxiliary safety
mechanism. Its integration changes the distribution of control effort between the
vessel and port. Approximately 42% of the physical control effort in the coordinated
configuration is transferred to the shore-side system. This observation is consistent
with the simultaneous reduction in onboard maneuvering energy and stabilization
time. The vessel no longer has to compensate for the entire environmental disturbance
using its own propulsion system. Part of the stabilization task is executed through the
port-side actuation mechanism. The significance of this result is therefore
architectural rather than merely numerical. The experiment demonstrates that the
proposed SoS can exploit distributed physical resources rather than treating the vessel
as an isolated cyber-physical agent. This property distinguishes the proposed
architecture from a conventional MASS control architecture in which the port is
external to the control loop.

At the same time, the existing experiment does not allow the separate
contributions of AMS hardware and cooperative LTV-MPC logic to be quantified.
Such attribution would require at least one additional controlled configuration in
which the AMS is available but is not incorporated into the proposed cooperative
controller. Since such an experiment was not conducted, no independent numerical
contribution is assigned to the AMS algorithm or hardware beyond the experimentally
demonstrated effect of the coordinated vessel-shore configuration.

5.6.4 Contribution of distributed energy coordination

The energy-management experiments (Section 5.2) provide direct comparative
evidence for distributed coordination.
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Table 10
Summary of SoS component contributions and attribution levels
SoS Functional role | Directly Quantitative Attribution Main limitation
component / in the evaluated evidence level
mechanism architecture | configuration available
Hybrid Provides Integrated Successful Integrated- No independent
digital twin synchronized | vessel-port | execution of system comparison with an
(HDT) cyber-physical | cosimulation |heterogeneous evidence equivalent non-DT
representation co-simulation; architecture
of vessel and synchronized
port states vessel and
port models
PINN Real-time  [PINN + LTV- Integrated Integrated-  |No experiment with
hydrodynami | approximation MPC + maneuvering control an alternative
¢ model of nonlinear | coordinated | results under evidence hydrodynamic
shallow-water AMS crosswind lapproximation under
hydrodynamics disturbances identical conditions
for the vessel up to 15 m/s
control model
LTV-MPC Predictive Vessel-side 50 Monte Direct Marginal
constrained [ TV-MPC with Carlo comparative ontribution of LTV-
control of vessellhore-side AMS| scenarios; evidence for | MPC itself is not
motion and energy, the separately isolated
allocation of stabilization cooperative
control effort and impact- | configuratio
velocity n
results
Shore-based Provides  |Isolated vessel 42% of Direct No separate
AMS distributed control vs physical comparative |experiment isolating
physical coordinated | control effort evidence  |JAMS hardware from
actuation during| vessel-AMS | delegated to cooperative control
automatic control shore-side logic
berthing actuation;
coordinated
configuration
produced no
unsafe cases
in the 50-run
sample
Distributed Consensus- ncoordinated, [Residual <10 Direct [Comparison does not
ADMM based heuristic and after 14 comparative | constitute a general
coordination |coordination of | cooperative iterations; evidence benchmark against
vessel and port | ADMM dispatch cycle all
energy configurations <0.2s; centralized/distribute
resources energy- d optimization
management methods
results
reported in
Table 4
Local vessel Preserves Distributed Local Integrated No centralized-
optimization vessel-side energy- optimization | architectural equivalent
computational | management combined evidence  experiment for direct
autonomy and | architecture with computational
local model consensus comparison
information exchange

Evaluating three strategies highlights a systematic transition in the operating
regime: uncoordinated (Plug-and-charge) - 18.5 MW peak demand, 31.4% renewable
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utilization; centralized heuristic - 14.2 MW peak, 56.8% renewable utilization;
distributed ADMM - 9.1 MW peak, 84.2% renewable utilization, 45% OPEX
reduction. These results confirm that true distributed coordination fundamentally
outperforms isolated peak-shaving rules. The ADMM algorithm also exhibited rapid,
stable convergence (residual <10+ after 14 iterations; 15-min dispatch cycle
computed in <0.2 s). To clearly distinguish directly isolated effects from integrated-
system evidence across all components, the architectural contributions are
summarized in Table 10. As Table 10 illustrates, the strongest component-level
attribution is available for the cooperative vessel-shore control and the distributed
energy-management layer (ADMM). In contrast, the PINN, LTV-MPC, DT, and
communication components are experimentally validated primarily as interconnected
elements of the overarching architecture. Therefore, system-level performance should
not be interpreted as the independently measured contribution of any single algorithm.

5.6.5 Operating-regime interpretation of the energy-management results

The energy-management results can be represented more informatively than by a
numerical table alone. A useful additional visualization is a two-dimensional
operating-regime map, shown schematically as Fig. 12, where the horizontal axis
represents peak grid demand and the vertical axis represents renewable-energy
utilization. The three experimentally evaluated configurations are then represented as
individual operating points: uncoordinated plug-and-charge: 18.518.5 MW, 31.4%j;
centralized heuristic peak shaving: 14.214.2 MW, 56.8%; proposed cooperative
ADMM: 9.19.1 MW, 84.2%.
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Propased d ADMM B Plugand-charge [
(9.1 MW, 84.2%) . %
A ic ‘
80 @ Proposed ADMM
& Centralized heuristic Operating regime (oxperimental poists)
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Peak-demand power (MW)
Figure 12. Operating regimes of the vessel-port energy-management strategies in the
peak-demand versus renewable-utilization space.

Figure 12 complements Table 4 by representing the experimentally evaluated
energy-management strategies in the two-dimensional space of peak grid demand
Ppeakand renewable-energy utilization Uresu. The three operating points illustrate the
system-level transition toward lower peak demand and higher renewable utilization
with increasing coordination. The diagram is interpreted as an operating-regime map
rather than a Pareto front, since only three configurations were experimentally
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evaluated. Thus, the proposed ADMM coordination cannot be reduced to
conventional peak shaving, as its effect is observed simultaneously in grid-demand
reduction and renewable-energy utilization.

5.6.6 Evaluation Scope and Integrated Component Functionality

The ablation analysis evaluates the proposed architecture strictly as an integrated
SoS. Instead of isolating the marginal algorithmic superiority of individual
components against alternative baseline models, the study demonstrates their
collective operational viability across three technical domains. Regarding cyber-
physical control, the observed performance gains-including the 42% reduction in
maneuvering energy - result directly from the combined execution of the digital twin,
the PINN hydrodynamic model, and the LTV-MPC controller. The current
experimental design confirms their joint functionality rather than independent
algorithmic dominance. The energy coordination layer is assessed through the same
system-level perspective. The decentralized ADMM mechanism demonstrably
outperforms the evaluated uncoordinated and centralized heuristic baselines. This
validates the practical efficacy of the proposed dispatch framework, avoiding
unsupported claims of universal mathematical supremacy over all existing
optimization solvers. At the network level, the 8.5 ms co-simulation latency verifies
that the architecture can safely operate within the critical <10 ms analytical boundary.
Because systematic variations in packet loss were excluded from the current test
matrix, this metric serves as a nominal design constraint rather than a complete
empirical robustness envelope. The present integrated evaluation thus establishes a
rigorous baseline for future component-specific hardware-in-the-loop stress tests.

5.6.7 Interaction of architectural components

The SoS architecture derives its operational superiority from the interaction of
distributed physical and computational resources, operating across two
complementary chains. Distributed Physical Actuation (Berthing): [Disturbance —
DT/PINN — LTV-MPC — {Vessel Propulsion + Shore AMS}]. The key feature is
the direct branching of physical control efforts between the vessel and the smart port.
Distributed Computational Coordination (Energy): [{Vessel Demand + RES +
Storage + Shore Power} — Local Optimization — ADMM — Coordinated
Dispatch]. The key feature is achieving global optimization without centralizing
proprietary internal subsystem states.

Ultimately, Sections 5.1 and 5.2 validate that the SoS successfully unifies
distributed physical execution with decentralized computational intelligence, proving
that the system's value exceeds the sum of its isolated algorithms.

5.6.8 Discussion and Implications of the Ablation Analysis

The ablation analysis confirms that the architecture's operational superiority
stems from system-level integration rather than the isolated impact of individual
algorithmic components. The experimental evidence validates two core cyber-
physical mechanisms: physical coordination, which delegates stabilization to shore-
side AMS, and energy coordination, where ADMM-based optimization minimizes
peak grid demand and OPEX. Practically, this establishes the port as an active control
participant rather than a passive information provider, and proves that distributed
coordination achieves global objectives without exposing proprietary local models
(e.g., TeHT).
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L]

However, a clear evidence hierarchy must be acknowledged. Because the study
was not designed as a full factorial experiment, the precise marginal contributions of
specific internal algorithms (e.g., PINN versus alternative hydrodynamic models, or
LTV-MPC versus alternative controllers) remain analytically unresolved. Ultimately,
these limitations do not weaken the validated results. Instead, they confirm the
overarching SoS paradigm: performance gains arise from the unified orchestration of
distributed edge intelligence, physical infrastructure, and energy resources, while
deferring component-level causal attribution to future validation.

6 Discussion

Unlike existing MASS-port integration strategies [17, 18] that treat berthing as
an isolated task, the proposed architecture fundamentally redistributes physical
control. For example, while the safety-certified MPC in [19] ensures accurate
navigation, it relies exclusively on onboard propulsion, driving up energy
consumption. The SoS framework presented here circumvents this limitation by
delegating physical stabilization to shore-based automated systems. This architectural
shift significantly reduces onboard energy usage and actuator wear compared to
conventional vessel-centric solutions.

Application of DTs. The importance of cyber-physical replicas is well-
recognized; for instance, [22] established the foundations of a digital twin for the
research vessel Gunnerus, while [26] developed a DT tailored for port logistics. The
present work conceptually bridges these two advanced domains.

However, unlike studies focusing on independent twin deployment [22, 26], this
research substantiates a co-simulation architecture where computationally intensive
tasks are distributed across a heterogeneous environment, utilizing the DDS protocol
as a practical time arbitrator. Decentralized energy optimization of microgrids. The
application of the ADMM algorithm to port energy management was previously
investigated by [20] for the allocation of electric vessels.

Parallelly, [23] demonstrated the viability of data-driven forecasting in cold
ironing systems, and multimode maritime power networks were examined in recent
reviews [24, 27]. Building upon these foundations, the present study introduces an
essential operational condition: data confidentiality. Where our approach diverges is
in the ADMM topology, which ensures the mathematical privacy of proprietary
onboard parameters (such as Trrt) without degrading the efficiency of microgrid
dispatch.

This addresses one of the primary commercial barriers to wider Cold Ironing
adoption. Telecommunication constraints. Previous works [21] and 5G Multi-Hop
experiments [25] have justified the use of 5G in maritime environments, typically
reporting latencies of 15 — 20 ms for remote-monitoring applications. However, the
theoretical and simulation findings in this study indicate that such latencies are
insufficient for a closed-loop cooperative berthing system.

The identified limit of 7, < 10 ms aligns closely with 3GPP release 17

specifications [28] for industrial control, highlighting the practical necessity of
deploying private URLLC networks specifically within smart port waters. The
architecture’s multi-agent scalability is structurally guaranteed. The architecture
scales computationally via ADMM’s linear O(N) complexity-resolving parallel
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optimizations through lightweight shadow-price (1) aggregation-and network-wise
via dedicated 5G URLLC Physical Resource Blocks.

Future research will pivot to systemic cyber-resilience, specifically testing
graceful degradation under 5G/AMS outages and zero-trust L1-estimators against
FDIA to fully validate the secure SoS paradigm.

7 Conclusions

This study establishes a SoS architecture for MASS-port integration, shifting
from isolated navigation to predictive cyber-physical coordination. Key validated
findings include:

— cooperative control - a PINN-assisted LTV-MPC delegates physical
stabilization to shore AMS. Across 50 Monte Carlo runs (15 m/s crosswinds), it
eliminated collisions, reducing maneuvering energy by 42% and stabilization time by
43%;

— privacy-preserving optimization - a zero-knowledge ADMM algorithm
globally balanced port microgrids without exposing Trut. It yielded 84.2% renewable
utilization, halved peak demand (18.5 to 9.1 MW), and cut OPEX by 45%;

— scalability & Latency - the decentralized topology avoids quadratic complexity,
ensuring linear scaling. Analytically, dedicated 5G URLLC is strictly mandated to
meet the <10 ms latency threshold required to prevent actuator self-oscillations.

Future research will address systemic cyber-resilience, specifically testing
graceful degradation during 5G/AMS failures and integrating Zero Trust L1-
estimators against FDIAs for multi-agent hubs.
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KIBEP®IBUYHA KOOPTUHALISI ABTOHOMHUX CYJIEH TA
«PO3YMHUX» ITOPTIB: IIAXIA HA OCHOBI PO3IIOAIJIEHOI
«CUCTEMMU CUCTEM»

Dr.Sci., Buuyxanin B., Ph.D., Buuy:kanin A.
O0ecbkuii nonimexuivHull HayioHanvhuil ynisepcumem, Yxpaina

Anomauia. Y yiti cmammi npononyemucs apXimexkmypa po3nooinieHoi « Cucmemu cucmemy
(So0S), wo inmezpye 2ibpuoni yughposi ositinuku (HDT) aemonomuux cyoen ma «po3yMHUX»
nopmig 0na Kibephizuunoi KOopOuHayii 3 HU3LKOIO 3aMpUMKOI0. [N GUPIUEHHS HeNTHIIHUX
obmedncenv nepughepitinux obuucienb mu noeOHyemo posnoodinenuii arcopumm LTV-MPC 3
HelpOHHUMU Mepedcamu, wo epaxogyroms ¢isuuni 3axonu (PINN), ons 2iopoounamiunozo
Habnudicents 8 pesicumi peanvrnozo uacy. Boowouac aneopumm ADMM i3 36epedicennam
KOHGpiOeHyitiHocmi 0036051€ 30IUCHI06AMU OeYeHmpPaniz08any Onmumizayio Mikpomepedici oes
PO3Kpumms KOH@IOeHYillHUX OaHUX Npo axymyasmopui 6Gamapei. Iemepocenne cninvhe
mooemosanns 6 mepedci 5G URLLC demoncmpye, uwjo koonepamusne uieapmyeants ycyeac
3IMKHEHHA, 3MEHWYIOUY enepeosumpamu na manespyeanis na 42 % ma wac cmaoinizayii na 43
%. Onmumizayia enepeocnodcusanus 3abesneuye 84,2 % euxopucmanus 6iOHOBNIOBAHUX
dorcepen enepeii, 3nudicye nikosuii nonum 3 18,5 MBm 0o 9,1 MBm ma 3menuiye onepayitini
sumpamu (OPEX) na 45 %. [Hocnioscenns 0osodums, wo cmabitbha KoopOunayis Ha
nepughepii sumazae, wjob 3ampumka «8io KiHys 00 KiHyay He nepesuwysana 10 mc.

Kniouosi cnosa: cucmema cucmem, Kibepghizuuni cucmemu, yugposi 08ilHUKU, HEUPOHHI
Mepexci 3 YpaxyBauHsAM DI3UYHUX 3AKOHIE, PpO3NOOLIeHa onmumizayis, O0OYUCIeHHS 13
30epescennsam kongioenyiinocmi, 5SG URLLC.
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Abstract. This paper presents a resource-efficient encryption algorithm for temporary
protection of video streams transmitted by unmanned aerial vehicles (UAVS) in resource-
constrained environments. The algorithm uses key-dependent permutations of pixel positions
defined using modular arithmetic. Within the considered transmission model, the algorithm has
the error non-propagation property: corruption of one ciphertext byte affects at most one pixel
in the decrypted frame. Encryption and decryption each require one pass over all pixels;
therefore, their computational complexity for an mxn frame is O(mn). To reduce the execution
time, modulo-reduction operations are replaced with accesses to precomputed tables. The
auxiliary memory required for one iteration is less than 1000000 bits. A preliminary estimate is
obtained for the processing rate required to keep the total encryption and decryption time for
one frame within 0.3 seconds. The intended application scenarios require protection only for a
limited period, ranging from several hours to several days. The paper provides a preliminary
evaluation of security against brute-force attacks and identifies statistical and structural
vulnerabilities that require further investigation.

Keywords: video stream encryption, unmanned aerial vehicles, lightweight cryptography,
error non-propagation

1. Introduction

Cryptographic protection of a video stream transmitted by a UAV differs
substantially from the protection of telemetry, control commands, or individual static
images. For video encryption, the critical factors are not only the cryptographic
properties of the transformation, but also the end-to-end transmission delay,
throughput, amount of RAM, energy consumption, and the behavior of the system in
the presence of channel errors. In [1], this problem was formulated for cases in which
the operational value of intercepted data is limited by the duration of the UAV
mission. In such a setting, a justified trade-off between the security level and speed is
admissible, but it must rely on an explicitly defined adversarial model and an estimate
of the time required for the corresponding attack.

One conservative variant of multimedia traffic protection is described by
Cecchinato et al. [2], who studied the transmission of UAV audio and video data
using AES. The authors showed that even for a standard primitive, the result depends
on the mode of operation, channel parameters, and the nature of the stream. However,
this construction does not aim to increase the speed of the algorithm, for example by
reducing the number of rounds with a loss of security; it only provides a baseline,
cryptographically conservative variant to which simplified solutions may be
compared. In a later study, Cecchinato et al. [3] proposed an architecture for secure
multimedia exchange between resource-constrained UAVs using a lightweight
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implementation of AES and several synchronous keys. This work is important
because it addresses real-time operation and adverse radio-channel conditions. At the
same time, its result is architecture- and implementation-oriented: it does not offer a
separate symmetric primitive with temporary security and a speed sufficient for image
encryption. Another implementation-oriented approach is presented by Psilias et al.
[4], where an FPGA architecture for protecting UAV video and telemetry based on
AES is described. It demonstrates that real-time requirements can be achieved using
specialized hardware. However, this does not imply the suitability of such an
architecture for a simple software transformation of a frame on inexpensive onboard
equipment: its delay, energy consumption, and throughput depend on the specific
platform and on the way it is integrated into the transmission path. The study by Khan
etal. [5] is also interesting from a methodological point of view. In that work, stream
ciphers for video protection on an ARM processor are compared in terms of frame
rate, throughput, cycles per byte, memory usage, and energy consumption. This
approach makes it possible to compare the practical suitability of cryptographic
mechanisms for protecting video data in resource-constrained systems in a
comprehensive way.

The survey by Sarkar et al. [6] confirms that, for UAVs, the choice of a
cryptographic mechanism should be based not only on nominal security, but also on
delay, energy costs, memory, and deployability in a dynamic environment. In [7],
Aljamal et al. proposed a two-layer protection scheme: an adaptive lightweight
symmetric mechanism is used for the UAV-gateway channel, while a hybrid ECC-
PQC approach is used for the gateway-cloud channel. These publications show the
current trend toward context-dependent protection, but they do not provide a concrete
solution for encrypting an intensive video stream with low onboard delay.

It should be noted that, for real-time video stream encryption, not only the speed,
required memory, and cryptographic security, but also the property of error non-
propagation are important. Here, error non-propagation means a property in which
the distortion of one bit in the encrypted representation of a pixel after decryption
may change the value of only that pixel, and not of other pixels of the frame. This
criterion should be distinguished from the cryptographic security of the underlying
algorithm. In synchronous stream-cipher mode or counter mode, a single error in the
ciphertext does not propagate to subsequent bits of the plaintext; however,
localization specifically at the pixel level requires additional assumptions about the
format, packing, and synchronization of the frame. In [2-5], the use of AES and
stream ciphers for protecting video data is considered, but error localization at the
level of a single pixel is not the central subject of these studies.

Related directions represented in [8-10] also do not solve this issue directly: [8]
proposes a multicomponent image encryption method, [9] presents an architecture for
protecting small drones using public-key mechanisms, and [10] proposes an approach
in the white-box model. All of them operate in a different setting and do not establish
how a single distortion in encrypted data affects the matrix of the decrypted frame.
The properties of SP-networks, in particular the PRESENT cipher [11] and results
concerning S-boxes and the diffusion layer [12], are needed for evaluating the
security of the underlying primitive, but they do not determine the nature of error
propagation in a concrete mode of use.
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Thus, the reviewed works do not provide a solution that would simultaneously be
simple for software implementation, be lightweight and fast to compute for each
frame, allow the justification of temporary security in a specified adversarial model,
and ensure localization of a transmission error at the level of a single pixel.

2. Lightweight algorithm for encrypting a rectangular image
with temporary security

In this section, we describe a lightweight algorithm with temporary security,
intended for the encryption of a rectangular image, and having the following
properties.

1. The algorithm does not propagate errors. That is, if distortions occur in the
channel during ciphertext transmission and some bytes are transmitted incorrectly,
then after decryption the number of incorrect bytes does not increase.

2. The target total encryption/decryption time for one frame should not exceed
0.3 seconds.

3. The amount of auxiliary memory required for implementing this algorithm
should not exceed 108 bits, excluding the memory needed to store the image itself.

4. The algorithm is intended to provide temporary security: depending on the
tasks performed and on the adversary model, the required protection time may range
from 2 hours to several days.

The mathematical basis of the proposed approach is modular arithmetic: the
analysis of invertibility of a mapping defined by linear formulas modulo the frame
dimensions is reduced to the solvability of systems of linear congruences [13]. The
universal modular transformations considered by Yang et al. [14] also show that one-
to-one correspondence of a coordinate permutation is determined by the algebraic
properties of its parameters. In the proposed algorithm, pixel values are not mixed:
only their key-dependent permutation is performed. Therefore, if the pixel boundaries
and the data order are preserved, the distortion of one bit in the encrypted
representation of a pixel will change one pixel of the decrypted frame at most. Below,
this approach is formalized as a family of key-dependent permutations of pixel
positions in a rectangular frame.

3. Description of the algorithm
Letv, ={0,1}';also, forn e N ,denOte[n]::{0,1,2,...,n—1} . We will assume

that the screen on which the image is displayed has a rectangular shape and consists
of MxN pixels. Then the image will be represented as a rectangular matrix I1 of
dimension m x n, whose elements are the pixel values m

Hz(ﬂ?ij)yoﬁiﬁm—l’OSjgn_l’ o
where, depending on the image type (color or grayscale), m; €Vy or 7y €Vy-

In what follows, we identify the image with the matrix (1).
For definiteness, assume that M* N (for example, m=360 and n=420) and denote

d=ged(M.n) 1y our notation, the problem of constructing an image encryption
algorithm that permutes pixel values can be formalized as follows. It is necessary to

construct a family of transformations ¢ m]x[n] = [m]x[n] , where each transformation
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permutes the pixel values (that is, each of them acts on the set of their indices,

[m]> [“], and is a bijection) and has the following properties:
gy Vielm] 30<j<j<n-1: ofij)=(aub) (i j.)=(2:b;) zng,

moreover, &1 ¥ @2 (that is, the pixel values that were in one row do not necessarily
fall into one row again after applying the mapping);

B2) vie[n] 30<i<i<m-10 o(inj)=(asb) o i)=(ab) gng

moreover, b, #b, (that is, the pixel values that were in one column do not necessarily
fall into one column again after applying the mapping); B3) this transformation
should be specified using a relatively small amount of memory and should be
computed quickly.

Each mapping from this family will be specified by a certain set of parameters
(the set of such parameter tuples will be the key space). In this case, image encryption
for a fixed set of parameters is performed according to the rule:

m-1,n-1
C=E(m)=(s )"j:" , @)
where & = o(i.0)| and decryption is performed according to the rule
m-1n-1 where 1. = , 3
M= D(C):(nii )i,j:o TC” C‘Pfl(ixj) @

-1
where @ denotes the mapping inverse to ¢ (it exists because, according to our
requirements, the mapping Pisa bijection).

In what follows, we consider a family of mappings, each of which depends on

four parameters P71 %S e[m]x[m]x[n]x[n] (this parameter tuple is the key). Thus,
for fixed P+T+d-s€[m]x[m]x[n]x[n] , the equality holds:
@prqs (i 3)=((i+ pj+r)modm, (j+qi+s)modn) @

Let us consider the encryption algorithm (2), (3), in which the mapping (4) is
used. If every tuple of parameters is assumed to be admissible, then the cardinality of

2
the key space K =[mIx[m]x[n]=[n] for this encryption algorithm is [K|=(m-n)",

For small values of ™" this value may be insufficient even for temporary security:

for example, fo m=360 and n=420 we obtain |K|=360° - 420" = 22861440000 ~1.33- 2%
, which approximately corresponds to a 34-bit key. If, according to the computational
capabilities of the adversary, such security is insufficient, then two or more full or
partial iterations of this mapping can be performed (for example, one iteration with
four parameters and one with two parameters), each time with different key
parameters. However, we next show that not all parameter tuples are admissible, since
the mapping is not bijective for all such tuples. Let us consider and analyze one
iteration. First, we need to formulate the condition under which the mapping (4) is
bijective.

Proposition 1. The mapping (4) is bijective if and only if the system of
congruences
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X+ py =0(modm);
y+agx=0(modn), ©)

has the unique solution (0,0) on the intervals ~(m-1)<x<m-1 ~(n-1)<y<n-1
Proof. First note that the domain and the codomain of the mapping (4) are finite
and have the same cardinality. Therefore, bijectivity of this mapping is equivalent to

its injectivity. Assume that, for two distinct pairs, (% %) and (XZ’ Y ) the equality

(ppvrqus(xl’yl)_(PP’quvs(xz’yZ) holds. This means that the following system of
equalities holds:
(% + py, +r)modm=(x, + py, +rjmodm 5,4 (y1+qx1+s)modn:(y2+qxz+s)modnl
which is equivalent to
{()(14— py,)modm =(x, + py,)modm;
(v, + % )modn =(y, +ax, ) modn.

Let X=X =%z and ¥ = Y1~ Y2 Then the latter system is equivalent to the system
(x+ py)modm =0;
(y+ax)modn=0.

Then the condition (x1,y1)#(X2,y2) is equivalent to the condition that the system
(x+ py)modm=0;
(y+gx)modn=0,

has a nonzero solution on the intervals ~(M~1)<x<m-1 —(n—l)sysn—ll and the
proposition is proved. Note that the condition in Proposition 1 must be checked for
every generated key. This condition restricts the key space and, accordingly, reduces
its cardinality.

In particular, for the parameters m=360 and n=420, the cardinality of the key
space is approximately 2%2, which is equivalent to a 32-bit key (rather than 34 bits, as
in the case of selecting parameters without restrictions). Thus, the key space is
reduced, but not very significantly.

It is important to note that the bijectivity condition itself does not give a
convenient analytical formula for the inverse mapping needed for decryption.
However, decryption can be performed without computing the inverse mapping. That

L. L. . C.=7 . . . .
is, if encryption is performed according to the rule ~ _ "#() 0<i<m-1 0<j =n-1
, (according to (2)), then for decryption it is sufficient for all 0<i<m-1 0<j<n-1

. to perform the following steps: 1) compute ®(1): 2) set o) =% This
decryption method is correct due to the bijectivity of the function ¢ for each fixed
key. Thus, for correct decryption it is sufficient to verify the bijectivity of the selected
mapping; the next step is to optimize its computation.

4. Optimization of computations

Since the mapping (4) contains resource-consuming reduction modulo operations
(in fact, division with remainder), without optimization such an algorithm is
practically impossible to use in a resource-constrained environment. Therefore, we
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T — N ———————
analyze the possibility of increasing the speed of the algorithm by adding an
additional amount of memory that will store certain intermediate computation results.

Let, for the mapping Oprqs(i13)=((i+ pi-+r)modm, (+gi-+s)modn) e key data

p.r.a,se[m]x[m]x[n]x[n] pe fixed. with these key data fixed, let us construct two
tables, Tp and Tq, each having two rows whose entries depend on the parameters p
and g, respectively. In the table Tp , the upper row consists of the numbers from 0 to
n-1, that is, all values that the variable j can take; the lower row consists of the values

to(1)=(p-J)modm 1 taple T, the upper row consists of the numbers from 0 to m-1,
that is, all values that the variable i can take; the lower row consists of the values

t,(i)=(a- i)m"d”, With this notation, mapping (4) can be rewritten as
Oprqs(inJ)=((i+;(J)+r)modm, (j+t,(i)+s)modn) 6)

Using tables Tp and Tq, the computations on the right-hand side of (6) can be
performed as follows, without division with remainder:
i+t (j)+rif i+t (j)+r<m
(i+t,(j)+r)modm=Si+t,(j)+r-mif m<i+t,(j)+r<am

i+t (j)+r-2mif i+t (j)+r=2m 0

Indeed, since each of the values Lt (1), , by definition, lies between 0 and m-
1, their sum is always strictly less than 3m; therefore, the computations on the right-
hand side of (7) are valid.
Similarly,
j+t(i)+sif et (i)+s<m
(i+t,(i)+s)modn=1j+t,()+s-nif n<j+t(i)+s<2m
j+ty(i)+s=-2nif  j+t (i)+s=2n. )

Thus, both coordinates of the image of a pixel can be computed without
performing division with remainder, using tables, additions, and at most two
subtractions of the corresponding modulus. We can then estimate the amount of
auxiliary memory required for this acceleration.

5. Memory size

To estimate the memory size, consider one frame of size 360x420 pixels, that is,
mn=151200 pixels. If the image is stored in grayscale and one byte is allocated per
pixel, then one frame requires 151,200 bytes, or 1,209,600 bits. For a color image in
RGB format with three bytes per pixel, 453,600 bytes, or 3,628,800 bits, are required.
Therefore, if the image buffer itself is taken into account, the memory size is
determined primarily by the frame size, not by the auxiliary data of the algorithm.

The key of one iteration consists of four numbers P'" € [M] and @-s€[n] For m=360

and n=420, each of these numbers can be encoded by 9 bits, since 2° <420 <2° The
minimal memory size for the key is 36 bits. In a practical implementation, it is
convenient to store these parameters in 16-bit unsigned variables; then the key of one
iteration occupies 64 bits, that is, 8 bytes.

For optimized computation of the mapping, two tables are used. The upper rows
of the tables do not have to be stored, since they coincide with the array indices; it is
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i . i
sufficient to store only the values tp(l), Je[n], q('), and '€ [m] Each value is less
than max{m, n} =420 ; therefore, 9 bits are sufficient for theoretical storage. Thus,
the memory size for the tables is (m+n)-9=780-9=7020 bits, that is, approximately
878 bytes. In an implementation using 16-bit words, the tables occupy

2(m+n)=1560 p s or 12,480 bits.

Thus, the auxiliary memory for one iteration, that is, the key and two tables, even
in a 16-bit implementation is approximately 1568 bytes. This is much less than 10°
bits. After estimating the auxiliary memory, it remains to determine the processing
speed required for real-time processing of one frame.

6. Running time

In the naive implementation, formula (4) contains two reduction modulo
operations for each pixel. After the tables Tp and Tq are constructed, these operations
are replaced by memory accesses and several additions, comparisons, and
subtractions. This is why precomputing the tables is important for a lightweight
implementation of the algorithm.

For one frame, mn=151200 pixels have to be processed. One encryption operation
performs one pass over all pixels. Decryption can be performed by an analogous pass,
computing, for each initial position, its encrypted position and copying the
corresponding value from the encrypted image back. Therefore, the total number of
positions processed during encryption and decryption of one frame is 2mn=302400
pixels. For the total encryption and decryption time not to exceed 0.3 seconds, the

average processing time per position must be no more than 03/(2mn)~9.9-107
seconds, that is, approximately 15 per pixel. For a one-byte image, this corresponds
to processing approximately 1 megapixel/s; for an RGB image, it corresponds to
copying approximately 1.8 MB of data in 0.3 seconds, without accounting for
memory-management and control overhead.

This estimate does not experimentally confirm that the 0.3-second bound is
achieved. It only indicates the order of processing speed required from an
implementation. The actual running time depends on the processor architecture,
cache, memory-access speed, frame-storage method, and pixel format. Therefore, this
estimate is preliminary and requires experimental verification on the target hardware
platform.

7. Security against brute-force attack

Consider a brute-force attack for one iteration under the assumption that the
adversary knows the frame size and the general structure of the algorithm, but does

not know the parameters P.1.0:S i the whole parameter space is considered, then
_ 2 0344

for m=360 and n=420, we have [K[=(mn)” = 22861440000~ 2™* * A¢ 1510q above, for

a strict cryptographic estimate, only admissible keys should be taken into account, for

which the corresponding mapping is bijective. Therefore, the value given above
should be regarded as an estimate of the full parameter space of one iteration.
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If the adversary can test R keys per second, then the approximate time of

_ 1=K _
exhaustive search is R. For example, for R =10° keys/s we obtain
approximately 63.5 hours, for R =10° keys/s approximately 6.35 hours, and for R
=107 keys/s, approximately 38 minutes. The 2-hour threshold corresponds to a speed

of about 3.2'106 keys/s. Thus, one iteration can provide two-hour security against
simple brute force only against an adversary with moderate computational capabilities
and without a more efficient way to test the correctness of the key.

If temporary security for several days is required, or if the adversary model allows
a much higher key-testing speed, one iteration is insufficient. In this case, it is
advisable to apply two or more independent iterations with different key parameters,
as well as to limit the lifetime of one key. At the same time, it should be taken into
account that for structured transformations, attacks faster than brute force may be

possible; therefore, the estimate K] alone is not a complete estimate of cryptographic
security. Thus, a brute-force attack provides only the first and simplest level of
security evaluation. Next, attacks that may exploit statistical properties of images or
the structure of the mapping itself must be considered separately.

8. Other attacks

A brute-force attack is not the only relevant attack for such an algorithm. The
considered transformation only permutes the pixel values and does not change the
values themselves. Therefore, the brightness or color histogram of the image is
preserved. For some classes of images, for example frames with large homogeneous
regions, a horizon, a road, sky, buildings, or typical contours of objects, even after
pixel permutation there may remain statistical features that help the adversary
recognize the type of scene or partially recover its structure. Known-plaintext attacks
should be considered separately. If the adversary has at least one pair consisting of a
plaintext image and the corresponding encrypted image under the same key, they
obtain information about the permutation of pixel positions. For images with many
repeated values, this may not recover the entire permutation at once; however, for a
specially chosen test image with unique or nearly unique pixel labels, the permutation
can be recovered much faster. Therefore, in the temporary-security model, it is
desirable to explicitly assume that the adversary cannot conduct a chosen-plaintext-
image attack. For video streams, an additional source of information is the similarity
of neighboring frames. If the same key is used for many consecutive frames, the
adversary can accumulate statistics over several frames and use temporal correlations
in the video. This is especially dangerous for scenes in which the camera or objects
move slowly. Therefore, the key parameters should be updated regularly, and the
number of frames encrypted under one key should be limited. Another possible threat
is related to the structure of the mapping (4) itself. It depends only on four numerical
parameters and has a linear modular form in the pixel coordinates. If the adversary
manages to establish a correspondence between a sufficient number of positions in
the plaintext and encrypted images, they can obtain a system of modular relations for

the parameters P, 1, g, S. Such an attack may be significantly faster than brute force.
Thus, the security of the algorithm cannot be justified solely by the size of the
parameter space; it is also necessary to restrict the adversary model and to
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experimentally test how recognizable different classes of images remain after
permutation. At the same time, these limitations do not mean that the algorithm
cannot be useful in practical scenarios. Its use can be considered admissible in cases
where the UAV is in constant motion and consecutive frames of the video stream
change substantially due to changes in camera position, viewing angle, object scale,
lighting, or background. In this regime, the adversary does not obtain a long sequence
of almost identical images from which the structure of the permutation could
gradually be recovered or stable scene contours could be used. The admissibility of
this approach is additionally increased if the key parameters are changed frequently,
for example after a fixed number of frames or after short time intervals. Thus, this
algorithm should be considered a means of temporarily masking a video stream under
limited computational resources, rather than a universal algorithm for the
cryptographic protection of images. Its most natural area of application is scenarios
in which the adversary has only passive access to the transmitted video stream, cannot
obtain pairs of plaintext and encrypted frames under the same key, and the usefulness
of the intercepted information decreases rapidly over time. In contrast, for static
images, repeated scenes, video from a fixed camera, or prolonged use of the same
key, this algorithm may be insufficient, since pixel permutation does not completely
destroy the statistical and geometric structure of the image. These considerations
define the limits of applicability of the algorithm and naturally lead to the formulation
of the model limitations.

9. Model limitations

The estimates of running time and memory given above are preliminary. They are
based on counting elementary operations and the amount of auxiliary data, but they
do not take into account all features of the real UAV hardware platform: processor
frequency, cache memory, memory bandwidth, frame format, method of access to the
video buffer, energy consumption, and interaction with other processes. Therefore, a
final conclusion about the practical applicability of the algorithm requires
experiments on real hardware platforms or on platforms as close as possible to real
ones. The error non-propagation property also has clear limits of applicability. It holds
for the model in which the encrypted image is transmitted as a sequence of
independent bytes or pixel components, and corruption of an individual byte does not
change the syntax of the entire stream. If, before or after transmission, compression,
packetization, coding with inter-frame dependencies, or another format is used in
which an error in one bit can affect the decoding of a larger fragment, then the error
non-propagation property must be verified for the entire transmission system, not only
for the pixel permutation. In addition, the described transformation by itself does not
ensure authenticity or integrity of the data. If the adversary intentionally changes,
deletes, or permutes bytes of the encrypted stream, the algorithm can localize the
consequences of individual distortions, but it does not detect the fact of active
interference. Protection against an active adversary requires additional mechanisms
for integrity control and authentication. Thus, the proposed approach should be
regarded as a lightweight algorithm for temporary protection or masking of video data
within a clearly defined model: short key lifetime, limited computational capabilities
of the adversary, no access to chosen plaintext images, and transmission of frames in
a format compatible with the error non-propagation requirement. The final evaluation
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of the viability of the algorithm should include not only theoretical calculations, but
also experimental measurements of time, memory, energy consumption, and the
quality of visual masking on real video streams.

10. Experimental results

Below, we present a simple numerical experiment for a rectangular image of size
360x420 pixels. The image was specially constructed as an illustrative test example:
a field, trees, and a person. The purpose of the experiment is to show the appearance
of the image after one iteration of the permutation algorithm and to examine the
algorithm’s behavior when part of the encrypted frame is corrupted.

Table 1
Initial experimental parameters
Parameter Value
Frame size 360x420 pixels
Number of pixels 151 200
Grayscale 'ma‘gi:;ze' 1 byte per 151,200 bytes = 1,209,600 bits ~ 147.7 KiB
Color RGB image size, 3 bytes 453,600 bytes = 3,628,800 bits ~ 443.0 KiB
per pixel
Parameters of one iteration p=6, g=7, r=37,s=91
Mapping (i, J)=((i+ pj +r)mod360,( j + i +s)mod420)

In this example, the parameters p=6 and q=7 are used. For a frame of size 360x420,
they satisfy the following simple sufficient conditions for bijectivity of the mapping:
P=6u q=7V uymods=3, Here U=V =1, therefore, wvmod5=1=3, Hence,
the corresponding mapping is a bijection, and decryption uniquely recovers the
original image.

11. Case without transmission distortion

C. =T, .
If encryption is performed according to the rule " n“’("‘), decryption can be
—1 .., =C..
performed without explicitly computing ® , using the rule " o(i-) . by

iterating over all he [m] le [n] Thus, both encryption and decryption require a
single pass over all image pixels. The number of mapping computations for one frame
equals the number of pixels, namely 151,200. Let us give an example of encrypted
and decrypted images. Let the original image (plaintext) be shown in Fig. 1. After
encryption using the parameters specified above, the image shown in Fig. 2 is
obtained.

d
’A“

[N TNNI RN NNNNEI NN
Figure 1. Original image

63



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

If no distortion occurs during transmission of the encrypted image, decryption
yields an image that is identical to the original.

12. Case with distortion of the encrypted image

To verify the error non-propagation property, corruption of the encrypted frame
was simulated. The image shown in Fig. 1 was used as the original image. The
corresponding ciphertext was therefore identical to that shown in Fig. 2. It was then
assumed that interference occurred during transmission, resulting in the corrupted
ciphertext shown in Fig. 3. For illustration, a contiguous 20x20-pixel block in the
encrypted image was modified. Thus, 400 pixels of the encrypted image were
corrupted in the channel. Since the image was an RGB image, this corresponded to
1,200 modified bytes.

Figur 2. Encryped mage after one Figre 3. Enrypte image with an
iteration of the pixel permutation intentionally corrupted 20x20-pixel block

After decryption, the number of pixels that differed from the original image was
also 400. The number of modified bytes after decryption was also 1,200. Thus, in this
experiment, the corruption did not propagate: each corrupted pixel of the encrypted
frame caused exactly one pixel to be corrupted after decryption.

Table 2
Numerical values of the metrics for the example with corrupted ciphertext
Metric Value
Size of the simulated corrupted region in the encrypted frame 20x20 pixels

Number of corrupted pixels in the encrypted image 400

Number of corrupted bytes in the encrypted RGB image 1,200
Number of incorrect pixels after decryption 400

Number of incorrect bytes after decryption 1,200

The image obtained by decrypting the corrupted ciphertext is shown in Fig. 4.
The error mask is shown in Fig. 5.

Figure 5. Error mask after decryption:

Figure 4. Image obtained by decrypting red dots indicate incorrect pixels

the corrupted ciphertext

64



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

13. Experimental conclusion

The example confirms two basic properties of the algorithm. First, with the
selected bijective parameters, the pixel permutation is reversible, and decrypting an
uncorrupted ciphertext reproduces the original image exactly. Second, an error in the
encrypted frame does not propagate to neighboring pixels after decryption: the
number of incorrect pixels after decryption equals the number of corrupted pixels in
the encrypted frame. At the same time, after one iteration, the image may still retain
certain visual features of the original scene. Therefore, for practical application of the
algorithm to video streams, it is advisable to consider multiple permutation iterations,
frequent changes of key parameters, or use of the algorithm only in scenarios in which
the UAV is in constant motion and consecutive frames change substantially.

14. Conclusions

This paper proposes an algorithm for encrypting video streams based on a key-
dependent permutation of pixel values in a rectangular image. For the family of
transformations used in the algorithm, a bijectivity condition is formulated that
ensures correct decryption. Encryption and decryption can be performed without
explicitly computing the inverse mapping; their computational complexity is O(mn).
The proposed construction also does not propagate transmission errors: distortions of
individual ciphertext bytes should not increase the number of distorted bytes after
decryption. At the same time, the problem of evaluating the cryptographic security of
the proposed algorithm cannot be considered fully solved.

This paper considers only security against exhaustive search over the key
parameters, which is determined by the size of the set of admissible keys. Such an
estimate is necessary, but by itself it does not exclude the existence of more efficient
attacks that exploit the structure of the transformation or the properties of the
encrypted data. In particular, the possibility of statistical attacks related to the
redundancy of natural images remains an open question. Distributions of brightness
and color values, correlations between neighboring pixels, the presence of edges,
homogeneous regions, and local patterns may potentially contain information that an
adversary can use to recover part of the permutation or to filter out key parameters.
In this sense, there may be a certain analogy with the cryptanalysis of a simple
substitution cipher, where statistical properties of natural language make it possible
to substantially narrow the set of possible keys.

However, the existence of such attacks against the proposed algorithm, their
practical feasibility, and the amount of data required have not yet been established.
Future research should be directed toward constructing a formal adversarial model
and analyzing attacks that use the statistics of individual frames and correlations
between consecutive frames of the video stream. Attacks with known or chosen
plaintext, as well as possible structural attacks on the family of permutations, also
require separate analysis. Only after such an analysis will it be possible to draw a
justified conclusion as to whether the algorithm provides the claimed temporary
security not only against exhaustive search, but also against other possible methods
of cryptanalysis.

It should be noted that the error non-propagation property of the proposed
algorithm characterizes only the frame model and does not replace the analysis of
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cryptographic security, in particular, security against attacks that may exploit
redundancy or correlations in video data.
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AJI'OPUTM HIM®PYBAHHS BIIEOIIOTOKIB,
SIKMI HE PO3ITOBCIO/IKY € TTIOMUJIKY

Dr.Sci., Koaawuyk JI., Dr.Sci., Tiasrypr C., Ph.D., HenacaT.
Inuemumym npo6nem mooenioganns 6 enepeemuyi im. I.€. I[Tyxosa
HAH Yxpainu, Yxpaina

Anomauia. YV cmammi npedcmagieno ManiopecypcHull aicopumm wu@pyeanus 0s
MUMYaco6020 3axucmy 6i0eonomoxy besninomuozo aimaisnozo anapama (bIIJIA) 6 ymosax
06MedHceHuX 00UUCTIOBANIBHUX pecypCis. B areopummi UKOPUCIOBYIOMbCS 3AeHCHI 8i0 KIIOYa
nepecmanosku no3uyiil nikcenie, no6y008ami Ha 0CHOBI MOOYIbHOI apupmemuru. Anzopumm
MaA€e 81aCMUBICMb HENOWUPEHHS NOMUNOK: NOWKOOXCEHHS 00HO20 6aiima wugpomexcny
CNpUYUHAE 3MIHY He Oinbut Hide 00HO20 nikcens nicia posuugpysannsn. OduucnosanbHa
CKIAOHICMb WUGPYBAHHA MA PO3UUDPYBAHHA KAOPY posmipom Mxn cmanosums O(mn). s
npUCKOpeHHs 0buucieHb onepayii pedykyii 3a MOOYIeM 3aMIHEHO 36ePHeHHAMU 00 Mabnuyb
nonepeonvo obuucienux snaverb. Qbcae 000amxo6oi nam 'ami 015 0OHIET imepayii cmanosums
menwe Hige 1000000 6im. Ompumano nonepeoHro OYIHKY WEUOKOCHI 00pOOIeHHS OaHUX,
HeoOXIOHOT 01 M020, WO CyMapHull yac wu@pyeants ma posumudpyeants 00H020 KAopy He
nepesuwysag 0.3 cekyHou. Aneopumm opicHmoBAHUL HA MUMYACOBULL 3AXUCT OAHUX HA NePiod
810 KIIbKOX 200UH 00 KiIbKOX OHi8. ¥ pobomi HaeedeHo nonepeoHto OYiHKy 1020 cmiikocmi 00
amaku N08HO20 nepebopy Ma BUSHAUEHO HANPAMU NOOANLUIO2O OOCTIONCEHHS CINAMUCTIUYHUX
i CMpYKMypHUX ypasiusocmei.

Knwouosi  cnosa: wugdpysanns  ioeonomoky, 0Oe3nintomui  aimaneHi  anapamu,
MANOpecypcHa Kpunmozpapis, HenOwUpeHHs ROMUIOK
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Abstract. This article addresses the problem of class imbalance, which is one of the key
limitations in building image recognition systems in computer vision applications. The
imbalance between classes, in which some diagnostic categories are represented by thousands
of samples, while others contain only a few dozens, leads to a systematic bias of models towards
dominant classes and a complete inability to recognize rare pathologies, which is unacceptable
in a clinical context. The article covers methods of synthetic data generation based on
conditional generative-adversarial networks, mechanisms of selective filtering of synthetic
samples, as well as strategies for adaptive sample balancing using a median target level of class
representation. Special attention is paid to the selective filtering mechanism as a key scientific
contribution of the work, which distinguishes the proposed approach from existing balancing
methods based on generative models. The results demonstrate that the proposed method
provides a significant improvement in balanced accuracy and macro-averaged F1-score
compared to the baseline model. In addition, the study shows that the combination of conditional
image generation with two-criteria filtering of synthetic samples allows to achieve a significant
level of recognition for all minority classes.

Keywords: class imbalance, generative-adversarial networks, image generation, selective
filtering, image recognition

Problem Statement.

Rapid development of machine learning and computer vision methods in image
recognition tasks are becoming increasingly relevant in various subject areas, in
particular in medicine, security, autonomous transport and multimedia data analysis.

Significant progress in this area is associated with the use of convolutional neural
networks, which demonstrate high accuracy rates provided that there are large and
qualitatively balanced training samples. However, in practice, such samples are often
unbalanced, which manifests itself in a significant advantage of some classes over
others. Data imbalance negatively affects the process of training models, since
algorithms tend to focus on dominant classes, ignoring less represented ones. This
leads to a deterioration in the generalization ability of models and a decrease in the
quality of classification for minority classes, which is critical in many practical
applications. Existing approaches to solving this problem, such as oversampling,
undersampling, and classical data augmentation, have certain limitations, in
particular, insufficient diversity of generated examples or loss of important
information.

Analysis of Previous Studies.

Image recognition remains one of the central problems in computer vision, with
continued progress driven by increasingly sophisticated architectures — from
convolutional networks to transformer-based models such as the Vision Transformer
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[1]. Transfer learning has become the dominant paradigm for applying these
architectures to medical image classification, where labeled data is scarce and
expensive to obtain [2], [3]. However, the effectiveness of any such model remains
fundamentally constrained by the quality and structure of the training data. One of the
most persistent obstacles in practical applications is class imbalance, where the
number of examples differs substantially across categories. Recent broad reviews
confirm that this problem continues to bias models toward dominant classes and
degrade generalization on minority categories, despite considerable methodological
progress over the past decade [4], [5]. Classical resampling approaches remain a
common baseline. SMOTE, which generates synthetic minority examples through
interpolation [6], continues to be combined with modern deep architectures; for
instance, SMOTified-GAN integrates SMOTE-generated candidates with a GAN
refinement stage to correct their unrealistic distribution [7]. Nevertheless, purely
interpolation-based methods are known to struggle with complex, high-dimensional
image distributions. A more expressive alternative is offered by generative
adversarial networks, originally proposed by Goodfellow et al. [8], which allow
complex data distributions to be modeled directly. The conditional variant introduced
by Mirza and Osindero [9] extended this framework to allow class-controlled
generation, forming the basis of most subsequent GAN-based balancing methods. A
recent survey specifically focused on GAN applications to imbalance problems in
computer vision confirms that GAN-based oversampling now constitutes one of the
most active branches of the field [10], while a broader systematic mapping study
covering more than 3,000 papers highlights healthcare as one of the primary
application domains [11]. Recent architectural refinements continue to appear, such
as oversampling schemes that combine bootstrap resampling with Wasserstein GAN
training to stabilize generation for minority classes [12]. This happens because
interpolation-based methods only mix existing samples together and cannot create
truly new visual patterns. Generative adversarial networks, in contrast, learn the
actual distribution of the data, which allows them to generate more realistic and
diverse minority-class examples than interpolation alone. Despite these advances,
indiscriminate use of synthetic samples remains a recognized weakness of GAN-
based balancing: several recent studies note that low-quality or misclassified synthetic
examples can be as harmful as the imbalance they are meant to correct, motivating
confidence-weighted or classifier-guided filtering of generated data before it enters
the training set [13].

This concern is echoed by emerging work on diffusion-based generation, which
has recently been shown to improve downstream classification accuracy when applied
to natural [14] and medical images alike [15], including dedicated studies on skin
disease image synthesis [16]. The HAM10000 dataset has become a standard
benchmark for evaluating class-imbalance techniques in dermatological image
analysis, and several recent studies specifically target its imbalance using attention
mechanisms [17] or classical machine learning and CNN comparisons [18]. Beyond
dataset-specific solutions, more general oversampling frameworks continue to be
proposed for imbalanced deep learning classification [19], and derived, rebalanced
variants of established benchmarks have also been released to facilitate fairer
comparison across methods [20].
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Unresolved Issues.

Despite this growing body of work, the combination of conditional generative
modeling with an explicit, quality-aware filtering mechanism — rather than
unconditional acceptance of all generated samples — remains comparatively
underexplored, which is the gap addressed in this paper.

Objective of the Article.

In this context, a promising direction is the use of generative models, in particular
conditional generative adversarial networks (cGANS), which allow synthesizing new
data taking into account belonging to a specific class. This article considers an
approach to balancing unbalanced samples by combining generative modeling and
classical augmentation methods. Particular attention is paid to the experimental
analysis of the impact of synthetically generated images on the quality of training
recognition models, which allows to assess the feasibility and effectiveness of the
proposed approach for image recognition tasks.

Main Content.

This paper proposes a comprehensive method to solve the problem of classifying
unbalanced images, which is based on the integration of conditional generative
adversarial networks and a mechanism for selective selection of synthetic data. The
main idea is that not only the quantity, but also the quality of synthetically generated
images significantly affects the efficiency of training classification models. The
proposed method combines three key components: conditional image generation,
synthetic data reliability assessment, and adaptive class balancing. This combination
allows not only to equalize the distribution of classes, but also to minimize the
negative impact of noisy or low-quality synthetic samples.

Image generation. Let the training sample be given

A:(xi,yi)('\i‘:l),yi e{L,...,.K} €y
where xi —images, yi— corresponding class label, K is the number of classes. In the

case of unbalanced sampling, the distribution of the number of samples across
classes is uneven

N, =I{x:y, =K}, 3k, j: N, << Nj )
the goal is to construct a new sample A’ in which the class imbalance is reduced
A =AUA,, ®)

where Agen is the set of synthetically generated images.

To generate synthetic images, a conditional generative adversarial network is
used, which consists of a generator G and a discriminator D. A generator is defined
as

G:(z,y) Xz~ p,(2) (4)
where z is a random noise vector drawn from a prior distribution p.(z) — typically
normal distribution and y is a conditional variable representing the target class.

Discriminator estimates the probability that the image is real

D:(xy)—-{0.1] ®)

optimization is performed as
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minG ma‘XD LCGAN ! (6)
where Lcgan — is a loss function.

Synthetic data reliability assessment. Unlike traditional approaches, in which all
generated images are added to the training set, the proposed method introduces a
quality-based selection mechanism. A pre-trained classifier is used to assess the
quality, which determines the probability of an image belonging to the class

s=max, P(y=K|Xg,): ©)
where P is the probability, given by the pre-trained classifier, that the generated

image x belongs to class k. k simply refers to one of the K classes in the dataset.
The sample is formed according to the condition

Xgon € Ay I 521, (8)

where 7 is a quality threshold. Thus, only those images that the classifier identifies
with high confidence are added to the training sample.

Adaptive class balancing. Instead of completely equalizing the number of samples
across classes, an adaptive strategy is used. Let

n

Niarger = Mmedian(N,,N,,...,N, ) ©)]
the number of samples generated for each class is
I\/Ik = maX(O, Ntarget - Nk ) (10)

This avoids oversaturation of the sample with synthetic data and reduces the risk
of overfitting. The proposed Class-Aware Selective cGAN approach is implemented
as a sequential multi-step process that combines the generation of synthetic data, its
evaluation and further use for training the classification model. The algorithm is
designed in such a way as not only to compensate for the imbalance of classes, but
also to ensure the high quality of additional data introduced into the training sample.
At the first stage, the initial dataset is analyzed to determine the degree of imbalance
between classes. For each class, the number of available samples is calculated, which
allows to distinguish dominant and minority classes. The information obtained is used
to form the target balancing parameters, in particular, to determine the required
number of synthetic images for each underrepresented class. The second stage
involves training a conditional generative adversarial network. The cGAN model is
trained on the initial dataset using class labels as conditional information. During the
training process, the generator gradually approaches the distribution of synthetic
images to the real distribution for each class, while the discriminator improves the
ability to distinguish between real and generated examples. An important feature is
that the generation takes place taking into account the class, which provides control
over which samples are created. At the third stage, synthetic images are generated for
minority classes. The volume of generated data is determined based on a preliminary
imbalance analysis. The fourth stage is key to the proposed method and distinguishes
it from most existing approaches. It consists in the selective selection of synthetic
images based on their quality. For this, a pre-trained classifier is used, which evaluates
each generated image and determines the probabilities of its belonging to each class.
Based on these probabilities, a confidence indicator is calculated — the maximum
probability among all classes. Next, a threshold selection rule is applied: only those
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L]
images for which the confidence value exceeds a given threshold are included in the
final set of synthetic data. Thus, samples with artifacts, distortions, or an uncertain
structure that could negatively affect the training process are filtered out. This stage
allows you to significantly improve the quality of the formed sample and reduce the
risk of overtraining. At the fifth stage, a new training sample is formed by combining
the original data with the selected synthetic images. In this case, an adaptive balancing
strategy is used, which assumes that the number of samples in each class does not
necessarily have to be the same. Instead, a target level of class representation is
determined, for example, based on the median value, and generation is performed
only until this level is reached. This approach avoids excessive use of synthetic data
and preserves the natural structure of the distribution. At the final stage, the final
classification model is trained on the formed balanced sample. By combining real and
high-quality synthetic data, the model is able to better learn the features of minority
classes, which leads to increased classification accuracy and improved generalization
ability. Thus, the proposed algorithm is an integrated system that combines generative
modeling, data quality assessment, and adaptive balancing. Unlike traditional
approaches, where synthetic data is used without additional control, this method
implements a mechanism for their selection, which allows to increase the efficiency
of using generative models in the classification problems of unbalanced data. The
diagram of the proposed algorithm is shown in Figure 1.

HAML10000 dataset

Nnalyze class imbalance:
compute N_target and M_k

| Train conditional GAN |

Select next minority class k l

Generate synthetic image

Confidence = ©
AND class match?

| Add image to synthetic set |

M_k images
collected?
yes

All minority classes
processed?

m

[ Combine real and synthetic data |

!

[ Train final classifier ]

Evaluation metrics

Figure 1. The algorithm diagram of proposed method.
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In this work, the HAM10000 dataset is used for experimental studies, which is
one of the most representative datasets in automated dermatological diagnostics. This
dataset contains more than 10,000 dermatoscopic images of skin lesions collected
from various sources, including clinical databases and medical archives. All images
are annotated and belong to seven different classes corresponding to the most
common types of pigmented skin lesions, including melanoma, melanocytic nevi,
basal cell carcinoma, and other pathologies. Animportant characteristic of this dataset
is a significant imbalance between classes: some categories are represented by
thousands of examples, while others contain only a few hundred or even fewer
images.

Experiments

Such uneven data distribution reflects the real conditions of medical practice,
where rare diseases are much less common than common ones, which complicates
the construction of effective classification models. In addition, the images in the
dataset are characterized by significant variability in resolution, illumination, scale,
and background conditions, which further increases the complexity of the recognition
task. This makes HAMZ10000 a suitable test environment for evaluating data
balancing methods, in particular approaches based on generative models. The use of
this dataset allows not only to verify the effectiveness of the proposed method in
conditions of real imbalance, but also provides the opportunity to compare it with
existing scientific works in which it is widely used. Thus, the choice of HAM10000
is justified from the point of view of both practical significance and scientific
relevance of the study [21]. To evaluate the effectiveness of the proposed method,
two experimental configurations were considered: a baseline model replicating the
approach from the reference Kaggle implementation [22] and the proposed Class-
Aware Selective cGAN (CAS-cGAN) pipeline. Both configurations were evaluated
on the same held-out test set, and the comparison was performed using three metrics:
overall classification accuracy, balanced accuracy, and macro-averaged F1-score.
The use of balanced accuracy and macro-averaged F1-score is particularly important
in the context of class-imbalanced data, as these metrics give equal weight to each
class regardless of its size. The baseline model was designed to replicate the standard
approach commonly applied to the HAM10000 dataset in the existing literature and
public implementations. It consists of a custom convolutional neural network trained
directly on 28x28 pixel grayscale-encoded images without any class balancing
strategy. The baseline architecture comprises three convolutional blocks, each
consisting of a convolutional layer with ReLU activation, max-pooling, and batch
normalization, followed by dropout regularization. The final classification head
consists of a fully connected layer with 256 units and a softmax output layer with 7
units corresponding to the seven diagnostic categories. The model was trained using
the Adam optimizer with a learning rate of 0.001 and categorical cross-entropy loss.
Training was performed for up to 25 epochs with early stopping (patience = 5) and
learning rate reduction on plateau (factor = 0.5, patience = 3). Batch size was set to
64. It is important to note that the baseline model was trained on the original
unbalanced training subset without any oversampling, undersampling, or synthetic
data augmentation. This configuration reproduces the conditions under which class
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imbalance has the most pronounced negative effect, particularly on minority classes.
Class distribution by samples quantity illustrated in Figure 2.
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Figure 2. HAMZ10000: distribution of images by classes and samples.

The imbalance ratio between the largest class (nv, 6,705 images) and the smallest
(df, 115 images) is 58.3:1, making the standard classification accuracy a very
unreliable indicator of model quality. The proposed approach addresses the class
imbalance problem through a multi-stage pipeline combining conditional generative
modeling, high-quality filtering of synthetic samples, and transfer-learning-based
classification. Each component of the pipeline is designed to interact with the others,
and it is this interaction that determines the overall effectiveness of the method.
Imbalance Analysis and Generation Planning. The first stage of the pipeline involves
a systematic analysis of the training subset to quantify the degree of imbalance
between classes. The training set has the following class distribution: nv — 5,364
images, mel —890, bkl — 879, bcc — 411, akiec — 261, vasc — 113, and df —92. Instead
of a naive strategy of aligning all classes to the largest size — which would require
generating over 5,000 synthetic images for the most underrepresented categories and
risk overloading the training set with artificial data — the proposed method uses the
median class size as the target balancing level. The median value for the training set
is 411 images, corresponding to the bcc class. For each class whose number of
examples falls below this median, a difference is calculated, which determines the
required number of synthetic images: for mel — 0 (already exceeds the median), for
bkl — 0, for bcc — 0, for akiec — 150, for vasc — 298, for df — 319. Classes that have
already reached or exceeded the target value are left unchanged. This adaptive
planning step ensures a controlled and proportional volume of generated data,
reducing the risk of overfitting on synthetic patterns. Training a Conditional
Generative Adversarial Network. The generative component of the pipeline is a
conditional generative adversarial network — a type of deep generative model capable
of synthesizing images given a given class label. Unlike standard GANs, which
generate images without any control over their content, the conditional version
receives information about the desired class at both the generator and discriminator
stages, enabling the production of samples that are not only visually realistic but also
class-specific. The generator is trained to transform random noise vectors of
dimension 128 into plausible 64x64 pixel skin lesion images for a given diagnostic
category, while the discriminator learns to distinguish real images from generated
ones, simultaneously checking for class matching.
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Both networks were trained jointly in adversarial mode for 300 epochs with a
batch size of 64, using a variety of stabilization techniques to prevent instabilities
common to GAN optimization. Specifically, the Least Squares GAN loss was used
instead of the standard binary cross-entropy, label smoothing was applied to the
discriminator targets (real labels were set to 0.9 instead of 1.0), and the generator was
updated twice for each discriminator update step to prevent the latter from converging
too quickly. Both models were optimized using the Adam algorithm with . = 0.5.
All images were processed at a resolution of 64x64 pixels, which provides
significantly more visual information compared to the 28x28 pixel format used in the
baseline model. Selective filtering is a key contribution. The distinctive element of
the proposed method and its main scientific contribution is the selective filtering
mechanism applied to the generated images before they are included in the training
set. This step addresses a fundamental limitation of existing GAN-based balancing
approaches: generated images are uneven in quality, and indiscriminately including
all synthetic samples can introduce noise, artifacts, and mislabeled examples, which
degrades rather than improves the classifier’s performance.

The filtering procedure works as follows. A separate classifier, pre-trained on the
original real data for 20 epochs, independently evaluates each generated image. This
classifier, based on the EfficientNetBO architecture with weights pre-trained on
ImageNet, achieved 81.3% accuracy on real data, making it a reliable evaluator of the
quality of synthetic samples. For a generated image to be accepted into the extended
training set, two conditions must be simultaneously met: first, the maximum predicted
class probability must exceed the confidence threshold z = 0.8; second, the class
predicted with the highest confidence must match the target class for which the image
was generated. The threshold value was determined empirically through preliminary
experiments: several candidate values (0.6-0.9) were evaluated on a held-out subset
of generated images, and t = 0.8 provided the best trade-off between retaining a
sufficient volume of synthetic samples and excluding low-confidence or visually
inconsistent generations. Samples that do not satisfy at least one of these conditions
are discarded. In the experiments, the percentage of accepted samples ranged from
62% to 89% depending on the class: the highest acceptance rates were observed for
the vasc (89%) and bcc (84%) classes, while for akiec and df, they were 62% and
67%, respectively, reflecting differences in the generator’s ability to synthesize
convincing examples for each lesion type. Following filtering, a total of 634 synthetic
images out of 1,100 generated were added to the training set, corresponding to an
average acceptance rate of 57.6%.

Dataset formation and training of the final classifier. After filtering, the accepted
synthetic images were combined with the original real training data, forming a final
extended training set of 8,646 images. The class distribution in this combined dataset
is significantly more balanced compared to the original: the imbalance ratio decreased
from 58.3:1 to 13.1:1. While this ratio still reflects a degree of imbalance, it represents
a 4.5 fold reduction relative to the original distribution, which is sufficient to
substantially improve recognition of minority classes without requiring full
equalization, which would risk oversaturating the dataset with synthetic samples.
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Results and discussion

Before moving on to a detailed analysis, it’s important to note a significant
difference in the evaluation conditions of the two methods. The Kaggle
implementation of the baseline model was tested on a sample of 201 images, while
the proposed CAS-cGAN method was evaluated on a stratified test sample of 2,003
images generated with a fixed random seed. The smaller test sample size in the
baseline method reduces the statistical reliability of the obtained estimates: it ranges
from 5 to 22 samples, making the precision and recall values for these classes unstable
and sensitive to random partitioning. In terms of overall accuracy, the baseline model
achieves 0.80, while the proposed method achieves 0.73. However balanced accuracy
for proposed method is 0.67, while baseline one is around 0.35.

This is where the key problem with standard accuracy as a metric for imbalanced
data emerges. The nv class in the Kaggle sample accounts for 142 of the 201 samples,
or approximately 71% of the test set. The high accuracy (total not balanced) of the
baseline model is explained by its predictive accuracy for almost all input images,
yielding a recall of 0.95 for this class. However, for the other six classes, the recall
averages only 0.45. The proposed method presents a different picture: despite its
lower overall accuracy, the macro-average F1-score is 0.65 versus 0.56 for the
baseline model. That is, by a metric that equally considers all classes, the proposed
method outperforms the baseline by 0.09. Detailed accuracy report is shown in Figure
3.

Metric Baseline CAS-CGAN Delta
Accuracy: 2.7094 @.7324 +8.0238
Balanced Accuracy: ©.3178 8.6743 +@3.3573
Macro F1: 2.3437 @.6490 +@.3853
[cas-ccAaN] Classification Report (Test Set):
pracicion  recall fl-score  support
akiec 8.52 a.52 B.52 G5
bcc @.51 a.75 2.61 1e3
bkl 8.47 a.71 228
df @.81 a.57 23
v a8.94 a.77 1341
mel 8.4z 8_58 B 223
Va5 a.a3 a.82 8.85 28
accuracy 8.73 2083
macre avg @.65 8.67 B8.65 2083
weighted avg @a.7a a.73 8.75 2083

Figure 3. Accuracy report of proposed method.

For the akiec class, the proposed method achieves an F1-score of 0.52 versus 0.46
for the baseline model, and the result is estimated using 65 samples versus 5 for the
baseline model, making the resulting estimate significantly more statistically reliable.
For the bcc class, the F1-score increases by 0.16 — from 0.45 to 0.61 — with a
significant increase in recall from 0.50 to 0.75, indicating the detection of a
significantly higher proportion of real basal cell carcinoma cases. For the bkl class,
the F1-score increases from 0.51 to 0.56 with an increase in recall from 0.45 to 0.71.

Two classes deserve special attention. The df class is completely absent from the
Kaggle notebook test set — not a single sample of this rarest class was included in the
test, which in itself is a serious methodological flaw. The proposed method is
evaluated on 23 df samples and achieves an F1-score of 0.67, a significant result for
the class with the least representation in the dataset. For the mel class, the baseline
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model demonstrates a precision of 1.00 with a recall of only 0.40 — in other words, it
predicts melanoma extremely rarely, and missing 60% of real-world cases is clinically
unacceptable. The proposed method provides a more balanced result: a recall of 0.58
with an F1-score of 0.49.

Notably, mel already exceeded the median target before balancing (890 training
images) and therefore received no synthetic augmentation. Its comparatively modest
gain is better explained by the residual dominance of the majority class nv (5,364
images even after balancing): since mel and nv are visually similar in dermoscopic
images, the classifier’s decision boundary remains biased toward the still-dominant
nv class, illustrating that residual imbalance can affect visually adjacent classes even
when their own sample count is not deficient.

For the nv class, the baseline model achieves an F1-score of 0.92 versus 0.85 for
the proposed method. This decrease is explained by a fundamentally different
classification strategy: the baseline model tends to predict nv for most images, while
the proposed method distributes predictions more evenly across classes. Finally, for
the vasc class, the proposed method demonstrates the most significant improvement:
the F1-score increases from 0.43 to 0.85, and the recall from 0.35 to 0.82, which is
due to the increase in the class size in the training set from 113 to 411 samples due to
synthetic generation. Figures 4 and 5 show comparison of training curves and
confusion matrices for baseline and proposed methods. The baseline model’s curve
reflects its actual early stopping point (14 epochs) rather than the maximum of 25
epochs allowed by the training configuration. The proposed model’s curve spans its
full two-phase schedule (5 frozen-backbone epochs followed by 25 fine-tuning
epochs marked by the dashed vertical Ilne) for 30 epochs in total.
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Figure 4. Comparison of the training curves for the baseline method and proposed one.

A comprehensive analysis of the results allows us to formulate several key
conclusions. First, standard accuracy as a single evaluation metric is insufficient for
classification tasks involving unbalanced medical images: the high accuracy of the
baseline model (0.80) masks a complete failure for the df class and critically low
recall for mel, akiec, and vasc. The macro-averaged F1-score, on the other hand,
accurately reflects performance across all classes — and it is on this metric that the
proposed method outperforms the baseline. Secondly, the proposed pipeline
addresses a fundamental issue that was not addressed in the baseline implementation:
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a systematic bias in the model toward the dominant class. The average recall for the
sixminority classes in the proposed method is 0.66 versus 0.42 for the baseline model,
representing an increase of almost 50% and demonstrating a qualitative shift in the
classification strategy — from a focus on the majority to equal recognition of all
diagnostic categories.

eline C!
Baseline CNN CAS-<GAN

Predicbed

Figure 5. Comparison of the confusion matrices.

Conclusions

This paper addressed the problem of classifying dermatoscopy images under
conditions of severe class imbalance — one of the most pressing challenges in the
practical application of automated skin lesion diagnostic systems. The proposed
Class-Aware Selective cGAN method was developed to address the limitations of
existing image balancing approaches, which either fail to reproduce complex visual
distributions or include synthetic data in the training set without any quality control.

The main contribution of this paper consists of three interrelated components. The
first is the use of a conditional generative adversarial network trained to synthesize
class-specific images, which enables targeted enrichment of underrepresented
diagnostic categories. The second and most distinctive contribution is the selective
filtering mechanism, which evaluates each generated sample against a dual criterion:
a confidence threshold and correct attribution to the target class. This mechanism
ensures that only high-quality synthetic samples are fed into the training pipeline,
preventing the inclusion of noisy or mislabeled examples that could degrade the
quality of the final classifier. The third component is an adaptive balancing strategy
based on the median class size, which prevents oversaturation of the sample with
synthetic data and preserves the natural distribution structure.

Experimental evaluation on the HAM10000 dataset confirmed the effectiveness
of the proposed approach. The most significant improvements were recorded for
metrics that equally consider all classes: balanced accuracy more than doubled, and
the macro-averaged F1-score almost doubled compared to the baseline model. Post-
class analysis showed that the improvement covers all minority diagnostic categories
without degrading the performance of the dominant class, a fundamentally important
result from a clinical perspective. The baseline model completely failed to cope with
a number of rare classes, whereas the proposed method achieved significant
recognition quality across all seven categories. This confirms the central hypothesis
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of the study: targeted synthetic generation with quality control effectively addresses
the problem of model bias toward majority classes and fundamentally changes the
classification strategy from a focus on the majority to an equal recognition of all
diagnostic categories. Prospects for further research cover several areas. First of all,
improving the generative component seems the most obvious step: more modern
image synthesis architectures, in particular diffusion models, demonstrate
fundamentally higher generation quality and training stability compared to classical
adversarial networks, and their integration into the proposed pipeline could
significantly improve both the sample acceptance rate during filtering and the overall
quality of the final classifier. The second promising direction relates to adaptive
calibration of the filtering threshold. In the current implementation, the confidence
threshold is fixed and uniform for all classes, while its optimal value likely varies
significantly depending on the complexity of the visual patterns and the generator’s
ability to model each specific category.

An adaptive strategy, in which the threshold is determined individually for each
class based on the empirical distribution of confidence scores, could improve the
balance between filtering rigor and the size of the accepted synthetic samples. An
important area is the integration of interpretability methods into the proposed
pipeline. In clinical decision support settings, obtaining a correct prognosis is not
enough — physician needs to understand which visual features determined a particular
classification decision. Incorporating feature significance visualization methods, such
as Grad-CAM, would verify that the model is based on clinically relevant patterns
rather than artifacts of synthetic data and would be an important step toward the real-
world clinical application of the proposed approach.

A separate line of work concerns the evaluator used for filtering. The acceptance
rule inherits whatever biases the pre-trained classifier acquired from the real data, so
a sample that the evaluator finds convincing is not necessarily one that carries
diagnostically meaningful information. An ensemble of independently trained
evaluators, or a criterion that combines classifier confidence with a measure of
distributional similarity to real images, may therefore yield a more robust decision
than a single confidence score obtained from a single model. Closely related is the
question of how the components of the pipeline should be tuned together rather than
in isolation. The filtering threshold and the target level of class representation were
selected independently in this study, yet they interact: a stricter threshold reduces the
pool of accepted samples and makes the target level harder to reach, while a more
ambitious target forces the acceptance of material the filter would otherwise reject.
Treating the two as a single optimisation problem, in which the strictness of selection
and the desired degree of balancing are calibrated jointly, appears a more principled
approach than fixing each separately. The applicability of the method beyond a single
collection also remains to be established. The pipeline makes no assumptions specific
to dermatoscopy: conditional generation, quality-aware filtering and median-based
planning are independent of one another and of the imaging modality, and each may
be replaced without altering the others. This modularity suggests that the approach
should transfer to other imbalanced medical benchmarks, and more broadly to
recognition tasks in which a small number of categories dominates the available data,
but such transfer has yet to be demonstrated empirically.
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Finally, the practical value of the approach depends on how it behaves under
conditions closer to clinical deployment. Training material accumulates gradually,
class proportions shift as new cases arrive, and a model that was balanced at one point
may drift out of balance later. An incremental version of the pipeline, in which
imbalance is reassessed and generation is repeated as the dataset grows, would allow
the balancing strategy to be maintained over time rather than applied once at the
moment of training, and would bring the method closer to the requirements of a
working diagnostic system.
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YMOBHI TEHEPATUBHI MOJIEJII 3 KOHTPOJIEM SIKOCTI
CUHTETHUYHUX JAHUX JJIA PO3III3BHABAHHS HEJOCTATHBO
HNPEACTABJIEHUX KATEI'OPIM MEJUYHUX 306PA’KEHD
MixaJjes K., Ph.D., HikoJienko A.

Hayionanenuii ynisepcumem « Odecoka nonimexnixa», Yepaina

Anomauia. Y yiii cmammi posensidaemocs npobiema oucoOanancy Kuacis, aKka € 0OHUM i3
KII0408UX  0OMedxceHb Yy noby0osi cucmem pO3NI3HABAHHA 300pajxcenb y  3a0auax
Komn'tomeprozo 30py. Jucbanaunc midc kiacamu, 8 AKOMY Oesiki diaeHOCmuyHi Kame2opii
npeocmagieni muca4amu 3paskis, a iHwli Micmame auwe KilbKa 0ecamkis, npu3eooums 00
CUCMeMAmUYH020 3MileHHs mooenell y OiK OOMIHAHMHUX KIACI8 MA NOBHOI HEMONCIUBOCINI
po3nizHasamu piOKICHI namonozii, Wo € HenPULHAMHUM Y KIIHIYHOMY KOHmeKkcemi. ¥ cmammi
PO3211A0AI0MbCA MemMOOU 2eHepayii cCuHmemuyHux OaHux Ha OCHOBI YMOBHUX 2eHepamugHo-
3MA2ANLHUX Mepedc, MeXaHizmu 8ubipkoeoi ginbmpayii cuHmemuyHux 3paskie, d MaKoic
cmpamezii adanmugHo2o 6ANAHCY8AHHSA 3PA3KIE 3 BUKOPUCIIAHHAM MEJIAHHO20 YiNb08O20 PiGHSA
npeocmasienocmi knacie. Ocobausa ysaza npuoiiacmsvca Mexanizmy eubipkosoi inempayii ax
KIHOHY0B0OMY HAYKOBOMY BHECKY pOOOMU, WO BIOPI3HAE 3aNPONOHOBAHUL NIOXIO 8I0 ICHYIOUUX
Memo0dig banancysanis na OCHOGI 2enepamugHux mooenetl. Pesyrsmamu demoncmpyioms, wo
3anpononosanuti memoo 3abesneyye 3HauHe NOKPAWeHHs 30a1aHCO8aHOI moynocmi ma
Mmakpoycepeoneno2o Fl-bany nopienano 3 6azo6or0 mooenno. Kpim moeo, 0ocniodxcenus
NOKA3YE, Wo NOEOHANH: YMOBHOI 2enepayii 300padicens 3 080KpumepianbHolo ginbmpayicio
CUHMEMUYHUX 3PA3KI8 0036015€ 00CA2MU 3HAYHO20 PIBHS PO3NI3HABAHHS O 6CIX KIACI8
MEHWIUH.

Kniouosi cnosa: ne36aianco8anicme Kidcie, 2eHepamuHO-3MA2ailbHi Mepedicl, 2eHepayis
300padicenn, cerekmusHa Qinbmpayis, po3niznaeants 300pasicensb
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Anomauia. Macwmabne pyinysans yusinbHoi inghpacmpykmypu, cnpuiurene iliHOIO 6
Yipaini, 3ymoeuno nazanviy nompeby 6 agmomamu3zo6anux, HAOIHUX ma MAcumado8anux
Memooax OYiHIOBAHHA CMPYKMYPHUX NOWIKOOdCceHb. Y ybomy 0ocuiodcenti npedcmasieHo
NOPIGHANLHY OYIHKY CYYACHUX 8I3YaANbHO-MOBHUX MoOdenell (BMM) ma 2ibpudnozo nioxody na
OCHOBI KOMN 10mepHo2o 30py 05l KIACUDIKkayii nowkoOdceny IHGpacmpykmypu 3a KilbKoma
parypcamu. Cneyianizoéanuii Habip 0aHux 6y6 cPoOpMosanHull Ha OCHOBI HAZEMHUX 300padCeHb
NOWKOONCEHUX BIlIHOIO Oy0igenb, 3i0panux y pisHux pezionax Ykpainu, Oe KodceHn 00'ekm
inghpacmpykmypu npedcmasnenuii 8i0 060x 00 0coMu homozpaiii, BKNOUHO 3 paKypcamu 00
ma nicia NOWKOONCeHHs, AKWo 6oHu Oyau oocmynni. Cmyninb MANCKOCMI NOWKOOXHCEHb
K1acu@iko6ano 3a n’simvma Kame2opiamu. 8i0 HEYUKOOHCEHO20 00 NOBHICTIO 3PYIUHOB8AHOZO.
3anpononosana memooonozis inmezpye cucmemy 6a2amoguo06020 AHANi3y 3 CEMAHMUYHOIO
ceamenmayieio Ha ocHogi apximexmypu U-Net i3 3acmocysannam xooysanvnuxa ResNet ma
espucmuynoi Mooeni, 3acno8aHoi Ha NPAGUNAX, AKA OYIMIOE CMPYKMYPHI NOWKOOJICEHH 3
BUKOPUCMANHAM NIKCeNbHUX Mempuk. Jani, ompumani 3 KilbKox paxypcie, azpezylomvcs O
Gopmysanns €dunoi oyinku cmamy 00'ekma, wo 3MeHWYE OB803HAYHICMb, CHPUYUHEHY
nepekpummam — abo  oOmedxceHumu  Kymamu — oendy. 3anpononoeanuil  nioxio  6ye
eKCnepUMEeNmalbHo NopieHAHULL i3 KilbKoma 600CKOHANeHUMY Myrbmumooanshumu BMM,
exmouaroyu GPT-5.5, Claude Sonnet 5, Gemini 3.1 Pro ma Grok 4, 3a makumu nokasnuxamu,
ak Tounicmo (Accuracy), Ipeyusiinicms (Precision), Iloenoma (Recall), F1-nokasnux ma
Koeghiyicnmu  nepeoyinku/ne0ooyinku. ExcnepumenmanvHe OyiHIO8aHHA, NpOGeOeHe HA
cneyianizoeanomy Habopi Oanux 3i 108 o06'exmis inghppacmpykmypu, OemoHcmpye, wo
s0ockonaneni BMM nepesepuiytome 6a308y mooeinb ceemeHmayii 3a 3a2aibHO0 MOYHICMIO
Kkaacugixayii, 3abesneuyrouu  HAOIHUL  AHAN3  CKIAOHUX — CYeHapiie — CMpPYKMypHUX
nowkoocenv. Boonouac sanpononosamna 2ibpuona cmpykmypa Ha OCHOGI ceemeHmayii
NPONOHYE IHMEPRPEMOBAHY OYIHKY NOUKOONCEHb HA PIBHI NIKCENI8 | 3aIUUAEM bC NPUOAMHOK
0/ PO320PMAHHS 8 YMOBAX 00MedceHUx pecypcis. Pospobiena memooonozis 6a2amosudosoi
oyinKu cmane KII0408UM aHanimuyHuM KOMNOHEHMOM inmenexmyanvHoi
b6acamogpyuxyionanvnoi  I'lC, npusnavenoi 0ns  niompumku 061iKy OyoigeivHux ma
demonmasicrux 8ioxodis (BAB), onmumizayii nocicmuku nepepooieHHs ma CAPUSHHA CMATOMY
NICIABOEHHOMY BIOHOBNEHHIO HA OCHOBI NPUHYUNIE YUPKYVIAPHOT eKOHOMIKU.

Kniouosi cnosa. OyiHka nowikooxceHv iHGpacmpykmypu, 6i3yaibHO-MOSHI MOOeli,
6a2amoeuosuUll anaiz 300PadiCceHb, CeManmuyta ceemenmayis, OyoieenbHi ma 0emMoHmMAadiCHI
8I0X00U, WMYYHULL THMeELeKm.
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1. Beryn

Macmtabu pyiliHyBaHb 1HGPACTPyKTypH, CHpHUUYMHEHI BiffHOIO B YKpaiHi,
TIPU3BEIN 10 YTBOPSHHS Oe3NpeneaeHTHHX 00csTiB OyAiBeIbHAX Ta AEMOHTAKHHX
pimxoniB (BJ/IB), mo BuUMarae IBHIKHX, aBTOMATH30BAHUX CHUCTEM OOJIKY IS
3aMiHU TIOBIJIbHUX Ta HEOE3MEYHUX PYYHHX OINHOK. Y I poOOTi MpeacTaBieHO
IHTENIeKTyaJIbHy CUCTEMY aHai3y 300paXKeHb, PO3pO0JIeHyY K KIFOUOBHH KOMIIOHEHT
iHTeNeKTyanbpHoi OararodynknionansHoi I'IC ms obniky B/IB.

Jns HaByaHHA Ta Bajigamii cucTeMH HamMu Oyno cOpMOBaHO piAKICHHIA,
BHCOKOCTICIIaJTi30BaHUi Habip JaHUX, 0 BKJIF0OYa€e 0araToBHIOBI 300paskeHHS (Big
2 1o 8 pakypciB Ha 00’€KT, BKIIFOYHO 31 CTAHAMH «JI0» Ta «ITICIISH») TOIIKOPKEHIX
BilfHOIO 00'ekTiB iHQpacTpykTypu 10 Bciii Tepuropii VYkpaiHn. OG'ekTH
KJIacH(iKOBaHO 3a I’ sITbMa YiTKUMH PiBHAMH 1orkopkeHb (0 — Heymkomkennit 1o
4 — 3pyiiHOBaHMIT) Ha OCHOBI MOCIIOBHUX Bi3yaJIbHUX KpHUTEpiiB. MU MpornoHyemMo
ribpugauii Meron Kiacudikanii, sKuH iHTErpye IiaMOOKe BIIYy4EHHS O3HAK 3a
nonomoroto apxirekrypu U-Net 3 komyBampHMkOM ResNet Ta eBpucTHYHOIO
MOJCJUTIO, 3aCHOBAHOIO Ha TpaBwiax. Ll eBpHCTHYHA MOJENb  OLIHIOE
CITiBBiTHOIIEHHS MOIIKO/PKEHB Y MIKCEISIX JUIS TPhOX KITIOUOBUX PETiOHIB iHTEpeCy:
TIOKpIiBIIS, CTPYKTYpHA LiTicHiCTB/dacan Ta 3ackieHHs. [IpOAyKTHBHICTB IbOrO
riopugaoro migxoxy U-Net-ResNet-eBpucrtuka IOpIBHIOETbCS 3 Cy4acHUMH
Bi3yaJIbHO-MOBHUMH Mozensimu (BMM) 3 BukopucTaHHsAM cTparerii 6araroBuaoBoi
arperauii, ska BH3HAa4Yae 3arajJbHUN CTaH 00'€KTa HAa OCHOBI MaKCHMaJbHOI'O
BUJIMMOTO NMOIIKO/KEHHs. OLIHIOBaHHS IIPOBOJUTHCS 3 CTAHAAPTHUMH METPUKAMH:
Tounicts (Accuracy), [Tpenmsiiinicts (Precision), [ToBaora (Recall), F1-noka3nuk ta
Koe(illieHT NMepeoLiHKH/HEJOOIIHKY. Pe3ysIpTaT JeMOHCTPYIOTh, IO MOETHAHHS
rJIMOOKOr0 HAaBYaHHS CErMEHTAllli 3 €BPHCTHKOI0 Ha OCHOBI MpaBmiI 3a0e3reuye
BHCOKOIHTepIpeToBaHi Ta TouHi kiacudikamii. Lleli aBromaru3oBaHuili KOHBeEp
OLIIHKH IOIIKO/KEHb CIIYI'ye KPUTHYHO BaKJIMBOIO OCHOBOIO VISl IHTENEKTYalbHOT
6araropynkuionansuoi ['IC-mmatrdpopmu, 10  YMOXJIMBIIOE — ONTHMI30BaHy
noricTuky nepepobnenss B/IB Ta miaTpuMye NPUHLMNN HUPKYISIPHOT €KOHOMIKH
IiJ1 Yac CTaJOro BiJHOBJICHHS Y KPaiHH.

2. AHaJi3 nonepeaHix A0caizKeHb

Iurerparis wry4noro inrenexty (11I), koM’ toTepHOro 30py Ta reornpoCcTOPOBHX
TEXHOJIOT#l HelOAaBHO cTaja KIIYOBOK cdeporo y cramoMmy OyIiBHUITBI Ta
BiTHOBJICHHI Micis cTuXiitHuX nux. Lle po3/ii orsigae HasiBHI METOIOJIOTIT OLIHKU
MOLIKO/KeHb OyaiBens Ta ympaeninus BJIB, crpykrypyBaBmu ix 3a TpboMma
OCHOBHHUMH HalpsIMaMH.

Tuboke naguanms 6 oyinyi HACAIOKIE cMUXiuHux aux ma xiacugixayii B/B.
Tpaauuilini MeToAM YOpaBIiHHS OyMiBEIbHUMHU BiIXOJaMH Ta BiAXOJAMH BiJ
3HECEeHHs 3HAYHOI0 MipOO TMOKIJAJaaucsl HAa Py4HI 1HCIEKIii, SKi € HeBiax eMHO
MOBUIBHUMH, TPYIOMICTKMMHM Ta CXWIBHHUMH JO JIIOJICBKHX ITOMHJIOK. Jlns
MO/IOTAaHH MX OOMEKEeHb JOCIHIHUKU BCE YacTillle 3BEPTAIOTHCS JI0 MAIIMHHOTO
HaByaHHs. [ pyHTOBHY 0asy Juis TaKuX [iaxoiB 3abe3rnedye pobora Samal Ta in. [1],
y SKii TpPEACTaBICHO KPUTHYHHH OTJISA PI3HOMAHITHUX METONIB MAIIMHHOTO
HaBYaHHsI, 10 3aCTOCOBYIOTHCS ISl OLIiHIOBaHHS, Kiacu(ikarii Ta MporHO3yBaHHs
obcsarie B/IB, mimkpecmoroun iXHIO poib y 3a0€3MEYEHHI CTANOro YIPaBIiHHA
BiIxomamu. Y Macmradax CYMyTHHKOBOTO JUCTaHIIHHOTO 30HAYBaHHS 3HAKOBOIO
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poboToro crama mparg Gupta Ta iH. [2], sika mpeactaBuina Habip manux xBD, mo
3aJIMIIAETHCS «30JI0TUM CTaHAAPTOM» Y BHUSIBICHHI 3MiH Ta OL(HI[ MOIIKOKEHb
OymiBenb. Hamaroun GararokaHallbHI CYITy THHKOBI 3HIMKH JIO Ta ICIISI TIOiM 13 TOHAT
700 000 mosiroHiB OyziBenb Ta MOPSAKOBUMH MITKaMH MOIIKO/DKEHb Yy 15 kpaiHax,
xBD  1OposeMOHCTpYBaB  JKUTTE3NATHICTh  MACHBHOTO  BEJIMKOMACIITAGHOrO
JMCTAHI[IHOTO 30HIyBaHHS ISl NPUCKOPEHHS BiJHOBJICHHS Iicis KatacTpod Ta
3HIDKCHHS PH3HKIB UL CIy:KO Tepmoro pearyBaHHs. Y poboti [3] aBTop
3aIpPOIOHYBAB JBOCTAIHHH KOHBEEP MALIMHHOIO HABYAHHS YISl aBTOMATHU30BaHOI
OLIHKK MOIIKO/KeHb, M0 TOEJHYE CEMAHTHYHY CETMEHTAIif0 Ui BHUSBICHHS
OyniBensb i3 MoJeNsIMHU Kitacudikarii Ta perpecii Uit OmiHKY TsDKKOCTI. HaBuarounch
Ha Habopi qanux xBD Ta npoBoasun noHaBuanHs (fine-tuning) Ha BIACHUX JAHUX 3
VkpaiHu, Z0CIiKeHHS IEMOHCTPY€ epeKTUBHE, aIalTHBHE PIIICHHS YIS IIBHAKOTO
MOHITOPHHTY 1H(QPACTPYKTYpH B YMOBax IMiCIIBOEHHHUX MICHKHX CEPEIOBHIIL
CrnMparounch Ha Il MPOTHO3HI MOJIENi, KOMIT' I0TepHHUiT 3ip OyJIo 3aCTOCOBAHO ISt
knacudikarii BigxonmiB Oe3mocepenHbO 3 Bi3yalbHUX JaHUX. Hampukian,
Molchanova Ta in. [4] 3anponoHyBanyu cneniaiizoBanui Metox kinacudikanii BB 3
BHUKOPHCTAHHSAM  JBO(AKTOPHOTO  HEHPOMEPEKEBOrO  aHamizy  300paXKeHb.
BuxopucToByroun CTiiiki apXiTeKkTypu 3roprkoBux HeifpoHHux Mepex (CNN), Taki
sk YOLO Ta ResNet, ixuiii miaxin AeMOHCTpYe, SIK TIMOOKE HABYAHHS MOXKE
aBTOMAaTH3yBaTH 1eHTH(IKALII0 Pi3HUX KaTeropid BiAXOAIB Ha 3HIMKaxX 00’ €KTiB,
3aKJIaal0o4d  OCHOBY JUIi  aBTOMAaTH30BaHMX KOHBEEPIB COPTYBaHHA Ta
nepepo6ienns. Guo Ta iH. [5] npeacraBuiy HOBUi (PpeHMBOPK CErMeHTALIT TPIIMH
i3 HYJBbOBMM HaBYaHHIM (zero-shot) IS MOHITOPHHTY CTPYKTYpHOI WiNiCHOCTI
LUBUTBHOI 1HQPACTPYKTYpH, KUl BAKOPHUCTOBYE CYTIEpPBi3ito Ha PiBHI 300pakeHb Ta
Mojenb Segment Anything, 11106 ycyHyTH nOTpeOy B TPYJOMICTKIH py4Hili aHOTAI{
Ha piBHI mikcemB. Zheng Tta iH. [6] BmpoBammwim ChangeOS — ¢pelimBopk
CEMaHTUYHOTO BUSIBJICHHS 3MiH Ha OCHOBI OO0’€KTiB, L0 IHTErpye JIOKaTi3aliio
00’€eKTiB 13 KJIACH(IKALI€I0 MOMKOMKEHb [UIsl MOKPALICHHS OLIHKH MOIIKO/KCHb
OyIiBenb 3a JOMOMOTOI0 IBOYACOBHX CYIyTHUKOBHX 3HIMKIB. [10o€IHYIOUH MOTYXHE
NPEJICTABICHHS. O3HAK TIJMOOKOrO HABYAHHA 3 CEMAHTHUYHOIO Y3TOJDKEHICTIO
00’ €KTHOTO aHalti3y, 3alponoHOBaHa Mozeib «end-t0-end» mocsrae BUIOI TOYHOCTI
Ta y3arajlbHEHHs IPH KapTyBaHHI MOIIKODKCHb 5K BiJ| CTUXIMHUX JIHX, TaK 1 BiX
TeXHOreHHnX BuOyxiB. Duarte Ta in. [7] 3ampomoHyBaiu TPH MiAXOAU OO 3JIUATTS
o3xaKk CNN 3 MyJIbTHPO3ILIBHOIO 3IATHICTIO IS IIOKPAIEHHS OLIHKHU MOIIKO/PKEHb
OyniBenb HUBIXOM IHTErpalii 3HIMKIB 3 Pi3HUX MPOCTOPOBUX IIIATHOPM, TAKUX K
CYMyTHHKOBI Ta aepohoTo3HIMKH. J[OCTiIKEHHST IEMOHCTPYE, 110 3IMUTTS KapT O3HAK
3 MPOMIXKHHX IapiB Mepexi MOKpaILye sIK TOYHICTh Kiacuikailii, Tak i MOXKIIHBOCTI
NOKami3alii, TMPOMOHYOYM OUTBII  HAAidHYy  aNbTePHATUBY  TPAAULIIHHHM
MOHOPO3ITEHIM METO/IaM aHaIli3y MiCJisl KaTacTpod.

Ilepcnexmugni BMM ma eenepamuenuii L1l ona eisyanvhoi diaeznocmuxu. Xo4a
tpaauitiiiai CNN BiIMIHHO CIIPaBISIFOTHCS 3 By3bKHMH 3aBIaHHIMU Kiacuikariii Ta
cerMeHrariii, crpiMka eomonisi BMM Binkpuia HOBI mapaaurMu. [ eHepaTUBHHI
LI Ta BMM npormnoHy T 6aratoo0iIs1i04i MOXKINBOCTI Yepe3 PO3yMiHHS KOHTEKCTY
300pakeHb 3a JIONIOMOTOI0 3aIHTIB Ha MPUPOAHi MOBI Ta TokeHizarii. Estévao [§]
OIIHKB e(eKTHBHICTh Moieneil reHepatuBHOro LI 1 OMiHKK MOMIKOKEHD TTiCIIs
3eMJICTPYCiB, MiAKPECIUBINHM, SIK I[i TEPEAOBI CHCTEMH MOXYTh TOKEHI3yBaTH
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CTPYKTYpPHI OCOOJHMBOCTI JUIsl iMeHTU]IKalii piBHIB TOIIKOKEHb Ta KiIacU(ikarii
THUIIIB MarepiajiB 3 MiHIMAIGHUM HAaBYAHHSAM IIiJi KOHKpeTHe 3aBmaHHA. llnmprmit
MIOTEHI AT IIUX 1HTEIEeKTYaJIbHUX CHCTEM JOCTiDKYeThes Alimi Ta iH. [9]. ¥V ixHBOMY
ormimi Jiteparypu posrsigaerses, sk I, mammHEe HaBuaHHA Ta 00poOKa
MIPUPOTHOI MOBH MOXYTh OYTH IO€IHAHI JUIs ONTHMI3amii poOouYmMx IporeciB
ynpasiinas B/IB, nporHo3yBaHHS TEMIIB YTBOPEHHS BiJXOMIB Ta AaKTHBHOTO
BUSIBJICHHSI MOXJIMBOCTEH JUISl IMPKYJSIPHOTO TOBTOPHOTO BHKOPHCTaHHS Ta
nepepoOieHHsT MarepianiB. [lepexim mo Takux MynbrumonainpHux IIII-cuctem
JI03BOJISIE CTBOPIOBATH OiJIBII iIHTEPIIPETOBAHI Ta THYUKi AlarHOCTHUYHI iIHCTPYMEHTH
y CTPYKTYpHil iHXeHepii.

Oyinka pyliHyeanv, CHPUYUHEHUX BIUHON, MA GUKIUKU YUPKYTIAPHOI eKOHOMIKU.
BisyasnbHi maTtepHH MOMIKODKEHB, CIIPUYNHEH] BIHCHKOBIMH KOH(IIKTaMH, 3HAYHO
BiJIPI3HSAIOTBCS BiJ THX, IO CHPUYMHEHI MPUPOJHUMH KaTacTpoaMy, TAaKHUMH SIK
3eMIICTPYCH YW  yparaHd. BiliCbKOBI  MOIIKO/DKCHHS  XapaKTepH3yHOThCS
JIOKai30BaHUMH OaJliCTHYHMMHU BIUIMBAMH, IHTEHCHUBHUM (pparMeHTYBaHHSM,
nozipiOHEHHAM OETOHy Ta 3MIIIAHUM CMITTAM. Y jociivkenHi [10] 3anpornoHoBaHO
KOMIUIEKCHY CTparerilo yHpaBiiHHS OyHiBeNbHHMH BiIXOAaMHM, IO BUHHKAIOTh
BHAcC/IiIoOK OoioBHX Aiii B YKpaiHi, 3 aKIEHTOM Ha BIIPOBA/UKEHHI IPHUHIMIIB
LUPKYJSIPHOI €KOHOMIKH Ta CTBOPEHHI PHHKY BTOPHHHUX MatepiaiB. Po3risiiaouu
Lei cnenudivHui BUKIIUK Y KOHTEKCTI BifiHM B YKpaiHi, TyXe aKTyalbHHH TPOEKT,
onmcanuii Aouf[11], nemoHcTpye, sik kpaiiouii (edge-based) 111 Mosxe ananizyBaTu
Kaapu 3 JpOHIB, 3HATI Haj 3pyldHOBaHMMH OyniBmsmu. Ll cucrema ycmimHO
ineHTH(iKye NpUAATHI Il MOBTOPHOTO BUKOPHCTAHHS MaTepialu cepel yJIaMKiB,
AKTHBHO CIIPUSIIOYM «LUPKYJISIPHOCTI HAa MICLi» IiJ 4Yac HEBIAKIAIHUX 3YCHJb 3
BiJHOBJICHHs. Aimaiti Ta iH. [12] oWiHWIM e(pEeKTUBHICTD CEPEIHBOPO3ALTEHUX
cynytHukoBux 3HiMKiB Sentinel-1 (SAR) Ta Sentinel-2 (onTuuHMX) IS IIBHIKOT
OLIIHKM TOIIKO/DKeHb OyxiBenb y KuiBcbkili o0macti miJ 4Yac MOTOYHOI BiliHH.
[NoenHyroun BHSBICHHS 3MiH {HTEHCHMBHOCTI Ta aHali3 TEKCTYp i3 MacKyBaHHSIM
3a0y/I0BaHHUX TEPUTOPIii, aBTOPH IEMOHCTPYIOTb, 110 CYITyTHHKOBI JIaHi 3 BIAKPUTHM
JOCTyrnoM  3a0e3nedyroTh HaJiiHMH, MaciTaOboBaHMH METO MOYaTKOBOIO
KapTyBaHHs MOILIKO/KEHb TaM, e Ha3eMHa Bepubikaiis ooMexena. [l dikcaii
KPUTMYHHMX CTPYKTYPHHX JieTajeil, $Ki 3aIMIIAalOTbCs HEBUIMMHUMH  Ha
CYIMyTHHKOBHUX 3HIMKaX, Ha3eMHa OLIHKa MOIIKO/DKeHb Oy 1iBeJIb CTajla Ha3BUYaliHO
aKTyaJabHOI. Baromuit BHecok y 1fo Himry 3poOunu Lysanets Ta im. [13], ski
3anpornonyBanu ¢peitmBopk U-Net 3 posmupenumu embennuaramu (embedding-
enhanced), BUKOPHCTOBYIOYHM MiJXiJi HA OCHOBI MAT4iB, Ta MPEICTABUIN MEPIIH
Ha0ip JaHKUX MOIIKOKSHB MiJ] Yac BiifHU Ui cerMenTaril Oy/iBens Ha piBHI 3eMIi.
Ixus pobora opieHTOBaHA Ha 306pakeHHs 300Ky MONMIKOMKEHHX YKPATHCHKHX
OynmiBenb 3 TMIKCENBHOIO AHOTALEI0 33 MICThbMAa KiacamMd (BKITIOYAIOUH
«[lommkomkenuit nax» ta «Po30ute BikHO»). [HTErpyBaBIIH 100ATBEHI €MOCIIHTH
ConvNeXt-Large y wnacuunuit enxomep U-Net, BOHHM JOCSIINIIM 3HAYHOTO
MM IBUILEHHS MPOAYKTUBHOCTI (HocarHyBmH F1-nokasnnka 0,8982 3 apXiTeKTyporo
ResNet-50), minrBepauBIM e(EKTHBHICTh MOETHAHHSA TIMOOKOrO HABYAHHA Ha
ocHoBi U-Net 3 mepenoBUM BHIIy4CHHSIM O3HAaK Ui KOMIUICKCHHX 3aBJaHb
CTPYKTYPHHX HOIIKO/DKCHb Y PEaIbHUX YMOBAX.
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e  mocmimkeHHs  0a3yeTbcss HAa  KOHLENTyalbHOMY  (peiiMBOpKY,
3alpONOHOBAaHOMY Yy Hamid momepenHiii pobori [14], ska mnpexcTaBuIa
IHTeNeKTyanbHy iH(opMamiiHy TexHojorito a1 ympasininas BbJIB. Tomimme
JOCIIIDKEHHS 3aKiiano GpyHaaMeHTainbHy 0a3y 3HaHb ['1C, mo iHTErpye mpocTopoBi
Ta atpuOyTUBHI JaHi sl cucremu KapryBaHHs «JDxepena-IIyHKTH mnpuiiomy»,
BuUKoprucTOBYIoun BMM st iHTepmperarnii Bi3yalbHMX O3HAaK Ta ONTHMI3allii
TPaHCIIOPTHUX MApIIPYTiB Ul BTOPHHHUX pecypciB. Ilompu mi JOCSTHEHHS,
3aJIMIIAETHCS KPUTHIHUH MPOOiT Y 3HAHHIX: OUTBIIICT ICHYIOUMX HAOOPIB JaHUX 3
BIIKPUTHUM KoJIOM (siK-0T XBD) 30cepemxeni Ha mpupomHux Karactpodax. IcHye
HarajipHa noTpeba y 6araToBHA0BUX HAbOpax JaHUX BHCOKOI PO3/ALIBHOI 31aTHOCTI,
mo BigoOpakaroTh (aKTHYHI BOEHHI CTPYKTYpHI IMOUIKO/DKEHHS JUIS Bajligamii Ta
BrockoHaneHus [I-moneneit it po3ropTaHHs B 30HaX KOHMIIKTIB.

3. ITocranoBKa MeTH AOCJIiKEHHSI

Merolo 1BOro JOCHIKEHHS € PO3poOKa Ta eKCIepUMEHTATIbHE OLiHIOBAHHS
METO/Iy aBTOMATH30BaHOI KiIacH(iKalii TAXKKOCTI MOLIKO/PKEHb 1HPPACTPYKTypH Ha
OCHOBI aHaJIi3y 300pa)keHb 13 0araThboX paKypciB 3 BAKOPUCTAHHAM cydacHUX BMM.
JIs1st TOCSITHEHHS 1i€i METH BUPIILIYIOThCS TaKi 3aBIaHHS:

— CTBOPEHHS Ta MiJrOTOBKA CIIELialli30BaHOTO HAaOOpy NaHUX YKPalHCBKHX
iHppacTpyKTypHUX  00’€KTiB, IpEJCTAaBICHUX OaraTOBUIOBMMH  HaOOpaMu
300paxeHs (Big 2 10 8 pororpadiii Ha 00’ €KT);

— po3poOka JOTi4HOTO (PEHMBOPKY Ui TEXHOJIOTii IHTEIEKTYyaJbHOI
OaraToBUIOBOI Kiacu(ikallii, 1110 BKIIOYAE MiATOTOBKY JAaHHX, KOHTEKCTHHI aHai3
300pa’keHb 3a JOIMOMOrOI MYJIBTUMOJAJIBHOI MOJENI, arperauilo pe3ysibraTiB Ta
BaJIiJIAIliI0 OTPUMAHHX MPOTHO3IB;

— BIPOBQDKCHHS METOJAY OLUHKH IOMIKODKEHb 3 KUIBKOX pPaKypCiB, SKHiA
MOEMHYE aHal3 300pa)keHb, BHUKOHAHWK Bi3yaJbHO-MOBHMMH MOJICISIMHU, 3
IIKCEJIbHUMU XapaKTEPUCTHKAMU IIOLIKOJUKEHUX CTPYKTYPHUX KOMIIOHEHTIB Ta
aJITOPUTMOM iHTerpauii pe3ysbTariB 3 6araTb0X TOYOK OTJIIY;

— IIPOBEJICHHS HNOPIBHAIBHOTO EKCIEPUMEHTAIBHOIO OLIHIOBAHHS CyYaCHHX
Bi3yaJIbHO-MOBHUX MoOJeJiel Wi Kiacu@ikanil MOMKOMKEHb iHQpacTpyKTypu 3
BukopucTtanusM metpuk Accuracy (Tounicts), Precision (IlpenmsiiiHicts), Recall
(TTosHota) Ta F1-score (F1-mokasHHK), a TaKOX OLIHKA CXHJIBHOCTI MOJeel 10
MEPEOLIiHKU 200 HEJOOLIHKU TSHKKOCTI MOIIKO/KECHb.

4. MetopoJioris

4.1 PoGouuii nmpouec oiHKY NOMKOI:KeHb Ha ocHoBi LT

3ampomoHOBaHa  METOJOJNIOTiss  po3poOiieHa A aBTOMATHYHOI  OLiHKH
MOIIKO/KEHb ~ O0’€KTiB  HUBIIBHOI  iHPPACTPYKTYpH 3  BHUKOPHCTAHHSIM
MYJIBTUMO/IANIBHOTO MITYYHOro iHTenekty. Ha BiMiHy BiJ 3BUYaiHHUX MiIXOIB 10
knacudikaiii 300paxkeHb, e KOXHE 300pakeHHS OOpPOOISIETHCS HE3aIEKHO,
3aIpOMOHOBaHUI poOOUHii Mpolec po3risiiae iHpPaCTPyKTYpPHHUH 00’ €KT SIK €AUHY
aHaJiTUYHY CYTHICTH, NPECTaBICHYy KiibkoMa (hororpadisiMu, 3HITUMHU 3 Pi3HHX
To4oK origy. Llg OGararopakypcHa cTpaTeris 3HHKYE HMOBIPHICTH MOMHIIKOBOL
OIIHKY, CIPHYMHEHOI YaCTKOBOIO BHIWMICTIO CTPYKTYPHHX IOIIKOKEHb, 1
JIO3BOJISIE OTPUMATH OUTBII HAiHY KIIacU(iKaIliio 3arajJbHOTO CTaHy 00’ €KTa.

3aranpHa ONOK-cXxemMa poOOYOro MpoOIECy iHTENEeKTyalbHOI CHCTEMH OLiHKH
MIOIIIKOIKEHb Oy/IiBeJIh MPOLTIOCTPOBaHA Ha puc. 1.
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Context-aware Decision

Al Processing Synthesis > Validation

Input >

Pucynok 1. Biiok-cxema po604oro npoiecy OliHKH HOIIKOKeHb Oy/iBesb Ha ocHoBi LT

THepwum emanom poOOYOTo MPOIIECY € BBEACHHS JaHWX. BXimHI JaHi cucreMu
CKIIQIAIOThCS 3 Takera Qotorpadiid, MO NPEACTABIAIOTh OJWH 1 TOW CaMUiA
iHppacTpykTypHUi 00’ekT. KokeH 00’ekT ommcyersest HabopoM 3 N 300pakeHs,
3po0JIEHUX 3 Pi3HMX TOUOK orisny. [laker 300paxkeHp Mae BKitodatu dororpadii,
3po0JIeH] 0 Ta ITiCIs MTOMKOKEHHSI, 110 TO3BOJISIE MOJIEN OPiBHIOBATH CTPYKTYPHI
3MiHH 3 9aCOM.

Lpyeum emanom € KOHTEKCTHO-3aj1exHa 00poOka I111. 3amicTs aHani3y KOXKHOTO
300paXkeHHsT OKpeMo, TIOBHMH TmakeT (ororpadiii OJHOYACHO HAJAETHCS
MyJapTUMONaNbHIE BMM pazoM i3 cnenu¢ivHuM 3anmuToM (IPOMNTOM). 3amuT
IHCTPYKTY€ MOJIENb CHIIBHO MPOaHAaJi3yBaTH BCi AOCTYIHI paKypcH Ta BU3HAYHMTH
HAWBHINMKA PiBeHb CTPYKTYPHHX IIOMIKO/UKEHb. BpaxOBYIOUH IMPOCTOPOBY
Y3TOKEHICTh MiX PaKypcaMH, MOJIeIb MOYKE BHABHTH IMOIIKO/DKEHHS, SIKi MOXKYTh
OyTH HEBHMMI 3 OJTHOTO KyTa KaMepH.

Tpemim emanom € cUHTE3 pillieHb. MyJIbTIMO/AIbHA MOJIENb arperye Bi3yalbHi
JOKa3y, BWIIyYEHI 3 yCIX pakypciB, i BHIA€ €JUHY MITKY MOLIKO/DKCHHS, LIO
MPEACTABIISIE 3arajibHUi cTaH iHppacTpykTypHOro 00’ exTa. Lleit mpouec BiAmosinae
npuHIMIaM 6aratoBUA0BOI Kiacu(ikalii, e 0CTaTOYHHI IPOTrHO3 FeHEPYETHCS Ha
piBHI 00’€KTa, a HE Ha PiBHI OKPEMOro 300pakeHHSI.

Ocmanuim ~ emanom  poOOYOro  TPOLECY €  Baijamis  pPe3yJbTaTiB.
IIporHo3oBaHui Kiac MOIIKO/XKEHHS IIOPIBHIOETbCA 3 ETAJIOHHOI AHOTALI€E0
(ground truth), DpPUCBOEHOIO JFOJUHOK-aHOTATOPOM. I[IpOXYKTHBHICTH MoOJENi
OLIIHIOEThCSL 32 JONOMOTOK CTAaHAAPTHUX METPUK Kiacudikalii, BKIIOYAIOUH
Accuracy, Precision, Recall Ta F1-score.

4.2 Arperauisi 1aHMX Ta NiAr0TOBKAa HA0Opy AaHUX

3arnpornoHoBaHa METOAOJIOTIsI PO3IIIAAE iHPPACTPYKTYPHUIA 00’ €KT, a HE OKpeMe
300pa)keHHs, SIK OCHOBHY OAMHHIO aHanidy. KoxeH 00’€kT mpeactaBieHuit
Kouneki€ero pororpadii, 3HATHX 3 6araTb0X TOUYOK OTIISIAY, IO T03BOJISIE KOMILIEKCHO
OLIIHUTH CTPYKTYpHI MOWIKOMKeHHs. Lle mpeacTraBieHHs BiANOBinae MpUHLIUIIAM
6araToBu0BOI Kiacudikamii 300paxkeHb, ¢ OCTATOUYHHN MPOrHO3 MPUCBOIOETHCS
00’€KTy MiCIsl CHUIPHOTO aHANl3y BCIX JOCTYINHHX BIi3yalbHUX CIIOCTEPEKECHb.
dopmanbHO KOXKEH iHPPaCcTPYKTypHHI 00’ €KT MpeACTaBICHUIH SIK:

O, ={l,, 1y 1o L1 K2 2, (€]

ne Oi mo3Havae i-it inppacTpykTypHuii 06’ €T, |j mpeacTasise okpeme 300pakeHHs,
3HSITE 3 TIEBHOI TOYKHU OTJISY, a K — KiJTBKICTh IOCTYIHHUX paKkypciB.

Skuo pocrymnHo, Habip 300paXkeHs Moke MicTuTu Qotorpadii, 3podieHi K 10,
TaK i micist Mol MOIIKO/PKeHHS. Y 1[bOMY BHITAJIKy MPEACTABICHH 00’ €KTa MOXKHA
BHUPA3UTH SIK:

before before | after after
O, ={Ifeere, ., fbeore pafer | pafery @

ne m+n=Kk. 306paxeHHsT «10» HATAIOTh JIOBIAKOBY iH)OPMAIIIO PO MOYATKOBHIA
BUTJIS[] CIOPYAH, TOAI SK 300paKCHHS «IIICHS» MICTATh JOKa3W MOXKIHBUX
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MOIIKO/KEHb. SIKIO JOBIZKOBI 300pa)KGHHS BIJICYTHI, OIlIHKA BUKOHYETHCS
BHUKJIFOYHO 3 BUKOPHCTAHHSIM CIIOCTEPEKEHb IICIIsL MO,

Ha BinmiHy Bij 3BUUaiiHUX HA0OpIB NaHWUX KiIacH]ikaiii 300paKeHb, ¢ KOXKHE
300paXkeHHsT € He3aIKHOIO BHOIPKOIO, 3alPOIIOHOBAHUH HA0lp JaHUX OpraHi30BYye
300pakeHHs y TPYIU Ha piBHI 00’ekTa. OTKE, KOXKEH MPOTHO3 BIMOBIAAE MIJIOMY
iHQPaCTpYKTypHOMY 00 €KTY, a He okpeMiii ¢ororpadii. Takuii qu3aiiH CyTTEBO
3MEHILYE HEOJHO3HAYHICTh, CIPHYMHEHY I[EPEKPHUTTAMH, OOMEKECHHMH KyTaMH
oryiay abo JIOKaIbHO HEBUIVMHUMH CTPYKTYPHHMH Je(eKTaMy, i 3abe3redye OiIbIn
HaJliliHy OLIHKY ()aKTHYIHOTO PiBHS MOIIKODKEHHSL.

4.3 Cxema kaacudikamii rannx

Jnst 3abe3nedeH s TOCTiJOBHOI aHOTAalii Ta ONIiHIOBAaHHS BCi 1HQPACTPYKTYpHI
00’€KTH PO3HOJIISIOTECS [0 OAHOTO 3 IUSTH B3a€MOBHKIIFOYHHX KJAciB
TMOIIKO/PKEHb. 3alpONOHOBaHa KiIacH(iKallisi JOTPUMYETHCS MPOrPECHBHOI IIKAIH
BiJl HEYIIKO/PKEHHX CIOPYJ /IO TOBHOTO PYiHYBaHHS 1 0a3yeThCs BUKIIOUHO Ha
BUJIMIMHX CTPYKTYPHHX XapakTEPUCTHKAX, IO CHOCTEPIrarThes 3 YCiX JOCTYIHHX
pakypci. Ilig yac aHOTyBaHHS OCTaTOYHHH KJIAaC BH3HAYAETHCS BiIMOBIAHO [0
HAWBHIIOrO PIBHSA MOIIKOMKEHHS, BHIMNMOrO Ha OyJb-SIKOMY 300paskeHHi, IO
HaJIS)KUTH JI0 00’ €KTa.

Knac 0 — Heymkomkenuit. ByaiBist BizyansHo 11ina, 63 BUAUMUX CTPYKTYPHHUX
nedexriB. Ha ¢dacani Hemae TpilIuH, AaX HEYIIKOMKESHHH, BIKOHHE CKIIHHS Lile,
3arajbHa reoMeTpist OyiBii 30epexeHa.

Knac 1 — Hesnauni momkomkeHns. CHocTepiraroTbCsi HE3Ha4HI MOBEPXHEBI
TMIOIIKO/IXKEHHS, TOJI SIK CTPYKTYpHa LTICHICTD 3aJIMIIAEThCS He3MiHHOI0. TUnoBrME
O3HaKaMH € po30HTE BIKOHHE CKJIO IIPH LIINX pamMax, HeBesuKi nedektu dacamy, Taki
SIK CKOJTH IITYKaTYPKK a00 CITiJI1 BiJl OCKOJIKIB, Ta OOME)KEeHI MOIIKOPKSHHSI TIOKPIBIT
0e3 HaCKpI3HUX OTBOPIB YU CTPYKTYPHUX JedopMariiii.

Knac 2 — TlomipHi mnomkomkeHHs . bByaiBis aeMOHCTpye JOKalli3oBaHi
CTPYKTYPHI HOLIKOJDKEHHS, ajle 3JIMIIAEThCS CTaOlIbHO0. BUIMMUMH O3HaKaMu €
HACKpi3Hi OTBOPHM y 30BHILIHIX CTiHaX a0o0 Jaxy, MOBHA BTpaTa BIKOHHHX YU
0aNKOHHMX OJIOKIB Ta JIOKalli30BaHI IOMIKOMKEHHS CTPYKTYPHHUX EJIEMEHTIB.
OCHOBHHMII HecyuMid Kapkac Ta 3aralbHa TIeoMeTpisi Oy[IiBii 3aJHIIAIOTHCS
30epekeHIMH, 6e3 00BaJICHHsI LILTMX KIMHAT YH HOBEPXiB.

Knac 3 — 3Hauni nomikomkenHs. HasBHe CyTTeBe MOPYILCHHsS CTPYKTYpPHOL
LiTicHOCTI. XapaKTepUCTUKAaMH, L0 CIIOCTEPIraloThCs, € YACTKOBE OOBAJICHHS CTiH,
BIIKPUTTS. BHYTPIIIHIX NPHUMILIEHb, OOBaJCHHS IUIMT IMEPEKPUTTS, BUpPaKCHA
nedopmarlis KOHCTPYKTHBHOTO Kapkaca Ta 3HAa4YHA BTpaTa IUITHOK qaxy. Xoda
YaCTHHU OY[iBi 3aJMIIAIOTHCS CTOSTH, 1l CTPYKTypHAa CTaOlIBHICTH KPHUTHYHO
MOpyLIeHa.

Knac 4 — 3pyiinoBanuit. [ToyatkoBa reometpist OyiBii Oinbliie He BIi3HABAaHA.
KoncTpykitiss obBanmnacst B pyiHH, 3aUIIMIKCS Juile (parMeHTH HIKHIX CTiH,
130JIbOBaHi CTPYKTYpHi 3amumiku abo ¢ynmameHT. O0’€KT BBaXKAEThCS MOBHICTIO
3pyHHOBAaHNM 1 OiJIbIIIE HE IPUIATHUM 0 €KCIUTyaTalli.

4.4 Ctparerist MyJbTH300pPaKyBaJbHOT0 IIPOMIITHHTY

Ha BigmiHy Bix 3BHYaiHUX Kiacu(ikaTopiB TJIMOOKOrO HaBUaHHA, SKi
00poOISIOTh OKpeMi 300pakeHHS He3ale:kHo, BMM  103BOJSIFOTE TPOBOIUTH
O/IHOYACHE MipPKYBaHHS HaJl KiIbKOMa 300pa)XCHHSIMH Yy CHIJIBHOMY PO3MOBHOMY
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KOHTEKCTi. Y 3ampomnoHoBaHiii Mmeromonorii Bci Qororpadii, mo BigmoBiTaOTH
OIHOMY 1H(PACTPYKTypHOMY 00’€KTy, MOAAIOTHCS MOJETI B ogHOMY 3amuti. Lle
JI03BOJISIE MOJIETI arperyBaTH Bi3yalibHI JIOKa3M 3 Pi3HUX PaKypciB i BUIATH €AUHY
OILIIHKY Ha piBHI 00’€KTa. 3aIUT IHCTPYKTY€E MOJIENh BUKOHYBAaTH POJIb HE3AJIEKHOTO
eKcrepTa 31 CTPYKTYpPHOI IHCHEKIi Ta OIIHKH IOIIKO/DKEHb Micis KaracTpod i
OLIIHIOBATH JIMIIIE BUIUMI JOKa3H, IPHCYTHI Ha HafaHUX (oTtorpadisx. OuiHka giTko
BHKJIIOYAE MPUITYIIEHHS OO0 IPUXOBAHUX CTPYKTYPHHX €JIeMEHTIB ab0 MpUIHHA
nomkokeHHs. KpiM Toro, Mozeni MOpydeHO CHIIBHO PO3IISAaTH BCi JOCTYIHI
300pakeHHs Ta NPU3HAYNTH OJJMH OCTaTOYHMI KJIaC MOIIKODKEHHS, 1110 BiITOBIIa€e
3araJbHOMY CTaHy 00’€KTa. 3anuT, BUKOPHCTaHUH Y IIbOMY JOCTI/DKeHHI, HaBeIeHO
HIDKYE.

«Bu dieme 5K He3aneHCHUT eKCnepm 3i CIMpPYKMypHOI IHCNeKYii ma OYiHKU NOWKOONHCEeHb
6yoiseny [ yuginohoi ingpacmpykmypu nicis kamacmpog. Bawe 3ae0amms — euxonamu
00 €kmueHy 6I3yanbHy OYIHKY O0O0HO20 IHGPACMPYKMYPHO20 00 °€kma 3 UKOPUCMAHHAM
Hadanux gomoepaii, ompumanux 00 ma nicas NOOI NOWKOONCEHHS, | GUIHAYUMU 11020
3aeanvHull  Knac nowkoodxcents. Koowcen o00°ckm  modxce micmumu 00Hy abo Kinbka
gomoepadpiii, wo idobpadicaromoy sk ymogu 0o nodii, mak i nicas nei. Yci pomoepadii, wo
Hanexcamsb 00 00H020 00 '€kma, NOSUHHI OYMU NPOAHANI306AHI CRINTLHO AK €0UHe 0Xlcepeno
ingpopmayii, i mae 6ymu npusHaueHo auuLe 0OUH OCMAMOYHULL KAAc noukooxcenns. Oyinioime
nuwe ingopmayito, 6esnocepednvo euoumy Ha 306paoicennsx. He pobime npunywens wooo
CMPYKMYPHUX eleMeHmis, AKi He € 6uouMumu, i He poOimbv 6UCHOBKIE NPO HPUYUHY
nouikooxcenns. Oyinioime 6y0igo K iHmezposary KoHcmpykyilo. JKoona okpema 6izyanvha
03HAKA He NOBUHHA BUSHAYAMU KIIAC NOWKOONCEHHS cama no codi. Hanpuknad, po3oumi sikna
abo 3HauHi NOWIKOOJCeHHA ¢hacady cami no cobi He 6Ka3ylomb HA Ceplio3Hi CMPYKMypHI
nouwikooxcenna. OCHOBHUMU KPUMEPIAMU OYIHKU € CMAH HeCyyoi KOHCMPYKYil, 30epedcenHs
2eomempii 6yoieni ma 3azanvra cmpykmypHa yinicnicmos. Knacugikyiime 06’ ekm 6i0nogiono 00
nacmynnoi wxam...» (Jlasmi HaBegeHo omuc Kiacis 0—4).

CTpyKTYpOBaHMM 3alMT CTAaHAAPTU3Y€E MNPOLEC MUCIEHHS MYJIbTUMOAAIBHOL
MOJEJI Ta TapaHTye, IO KOXEH iH(QpacTpyKTypHUil 00’€KT OIIHIOEThCS 3a
IIEHTUYHUMH KpuTepisiMi. UiTKO IHCTPYKTYIOUM MOJETb arperyBaTd JOKa3u 3
0araThbOX paKypciB 1 30Cepe/pKyBaTHUCs Ha CTPYKTYpPHIM LUTICHOCTI, a He Ha
130JIbOBAaHUX Bi3yalbHHX JAedeKTax, 3alpOlOHOBaHA CTPATEris 3alHTIB 3MEHIIYE
HEOHO3HAYHICTh Ta MOKPALIY€E Y3rO/PKEHICTh Kiacu(ikalii MOIMKOIKEeHb Ha PiBHI
o0’exkta. KpiMm TOro, CTpykTypoBaHHH TEKCTOBHH BHBIJ TOJEIUIye MOMANIBILE
MOPIBHSAHHS 3 BpydYHy aHOTOBaHMMH MiTkamMu «ground truth» Ta no3BoNSIE
6e3nocepeIHbO OOUKCITIOBATH METPHUKH OLIiHIOBAHHSI.

5. IIponoHoBaHuii MeTO/ OLIHKH MOIIKOIKeHb HA OCHOBI 0araToBHI0BOr0O
cerMeHTaliifHOro aHaJIi3y Ta MiKceILHUX METPUK

JInst ceMaHTUYHOT CerMEHTAIlil TTOLIKOKEHb Oy1iBelb 32 HA3eMHUMHU 3HIMKaMH
MH BHKOPHCTOBYEMO TJIMOOKY 3TOPTKOBY HEHpOHHY Mepexy, IO MOETHYE
cumerpuunnit mexogep U-Net i3 momepeqnso HaBueHMM eHkogepoM ResNet-34.
IpomnyckHi 38°s13ku (skip connections) Ge3mocepeIHbO MEePEAAIOTh BUCOKOYACTOTHI
MIPOCTOPOBI O3HAKHU — TaKI SIK CTPYKTYPHI TPILIIMHU Ta yIAMKH CKJIa — 3 PaHHIX eTaIliB
€HKoJIepa 10 JIEKOoepa, 3armoliraloun BTpataM MpOCTOPOBOI AUCKpETH3AMIl IMij] 4ac
3MEHIICHHS PO3IUTBHOI 31aTHOCTI. MOIeTTh HaBYeHA Ha CHeliaTbHOMY HabOopi JaHUX
BOEHHUX TOMKOKeHb [13, 15], mo mictute 290 300paskeHh BUCOKOI PO3ALITBHOL
3IaTHOCTI 3 BUAOM 300Ky MOMIKOKeHUX OyaiBenb B YkpaiHi. [likcenpHi aHoTamii
OXOIUTIOIOTH IIiCTh CEMAHTUYHUX KiaciB: [xmre (xmac 0, 66,10 % mikcenis), Byaisms
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(vmac 1, 19,42 %), Jax (xkmac 2), [omkomkenns (kiac 3), Po3bure BikHO (Kiac 4,
2,66 %) Ta Tlomkomkennii nax (kmac 5, 1,92 %). 1lo6 36epertu npibHi TeKCTypH,
300pa’KeHHsI CErMEHTYIOThCA 3a JOHNOMOIOK 3MIHHOrO BikHa Ha matui 640 x 640
mikceniB 13 kpokom 160. Jloritm mardiB, MmO NEPEeKPUBAIOTHCS, YCEPEOHIOIOTHCS
nepen 3acTocyBaHHAM (yHKIIT Softmax s ycyHeHHS KpaloBHX apTe(akxTib.
Kpurimaanm 00MexeHHSIM IIboTro Habopy JaHHUX € Te, 10 aHOoTamii 0OMeXeHi CyBOpo
«IOCT-TIONIKO/DKEHUMI» 300pakeHHsIME. He Marounm omopHOi reoMmeTpii «o
TIOIIKO/KEHHS, CTAHIAPTHI MOZEI IEMOHCTPYIOTh BHCOKE 3MIIEHHS KJIacH(ikarii
(classification bias) i cXuibHi 10 HEIOOIIHKH (aKTHYHOI CTPYKTYPHOI Jerpajaii.
OCHOBHMM  BHECKOM IbOrO JOCHIDKEHHS € (peMBOpDK MaTeMaTHYHOI
iHTeprperanii, po3poOJeHHH A YCYHEHHS LbOIO 3MIIIEHHS. 3acTOCOBYIOUH
ONTHMIi30BaHE MIKpOIOPOroBe 3HAUCHHs Ta 3Ba)KCHY arperarito Oanis 3 6aratbox
paxypciB, (peiiMBOpK IepeTBOPIOE HEOOpOOJIEeHI MackW cerMeHTamii Ha HafilHi,
0e3rmevyHO 0OMEXEHI KIIaCH CTPYKTYPHOI LUTICHOCTI.

[licTp Ga30BHX KJACiB arperyroThes y TpH 4iTki Perionu intepecy (regions of

interest, ROI) juis BumyueHHs ¢biznunux MeTpuk miomti. Ilnoma Oy isi (Pbuilding ):
3arajbHa KiJIbKICTh niKceniB IO MIPEACTABISIOTH aKTUBHI CTPYKTYPH:

= pixels(mask <[1,2,3,4,5]) 3)

Ilnowia crpykTypHux nOmWKOmKeHb (Pgtryctural damage ): KOMOIHOBaHi miKceni

bmldlng

TMOIIKO/KEHHX CTiH Ta JaxiB, 0 3arPOXKYIOTh HECYUill 37]aTHOCTI:

Pstructural_damage = ZplXGlS(maSk € [31 5]) (4)

TT011a MOMKOKEHHS BIKOH (Pwindow_damage ): miKcesi, 10 MPEACTaBISIOTh
IOIIKO/IKEH] €IEMEHTH CKJIIHHSL:

P

window_ damage =Zp|X€|S(maSk - 4) (5)
Lli cermenroBani MacuBM MiKceNiB (OpMyIOTh BXiIHI JaHi Ui KOHBeepa
anﬁHﬂTTﬂ pimens. SlkicHa npoaykTuBHICTH MoaudikoBanoi momem U-Net y

BI/I,I[IJ'ICHHI ].IlJ'IBOBI/IX CprKTypHI/IX Ta HOI.I.IKOI[)KGHI/IX MCECXK IIOKa3aHa Ha puc. 2.

Pucyﬂox 2 B13yam3au1;1 MOJIeJIi CeTMEHTAIlIT: meﬂe 306pa>1ceHH;1 (pacauy B mapi 3
HaKJIaICHUMHU KOJTBOPOBUMH MaCKaMH ROI
{06 ycyHyTH qucmepcito MacTady, CIIpUYnHEHY BiJICTaHIMH 3HOMKH, TUTOLII
MEPETBOPIOIOTEC  Ha HOpMaiizoBaHi KoedimieHntn. KoedillieHT CTpyKTypHHX
nomkokenb (Ry;) Ta xoedinient nomkomkenns ckiinng (Ry,) obuncmorotses
BiZIHOCHO 3araJIbHOr0 BHMMOTO CHIIyeTy Oy IiBiIi:
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Rstr _ Pstructural_damage X].OO% (6)
Pbuilding
P.

Ry =| —5= | x100% 0

building
JIyis mpoTH i 3MIIIEHHIO MOJIEIT Yepe3 OOMEKEHHsI HABYaHHS Ha JIAHHUX «ITiCIIs
TTOIITKOIKEHHS» MU BIPOBAJKY€EMO HEJTiHIWHE JIePEBO PIlllCHb SKCIIepTa:
4, if Ry, >70%

i 0, < 0,
3, if 35%<R 70% )

str —
=12, if 14%<R,, <35%v (R, <6%AR, > 20%)
1, if 6%<R, <14%v (R, <6%AR,<20%A (R, >6%vR,, >2%)

str —
0 else

[oporu xaniOopyrOThCS BiIMOBIIHO JI0 EMITIPUYHHUX {HKCHEPHHUX CTaHIAPTIB Ha
JKOPCTKHUX CTPYKTYPHHUX iHTepBanax (6,0% — 14,0% — 35,0% — 70,0%).

HasemHe OLiHIOBaHHS 3 BUKOPUCTAHHSAM OJJHOTO PaKypCy CXHIIbHE O TIOMHJIOK
OKITIO311 (HampUKIa, iui nepenHii dacan mMackye oOBalieHy 3amHIO CTiHy). Jlis
6araroBunoBux HabopiB (2 < N < 8) mu BIpoBamKyeMo IBO(AKTOPHHUI KOHBEEP
arperaifii. {711 KO)KHOTO OKPEMOT0 paKypcy 00UUCITIOETHCS JTiHIHHII HeoOpoOIeHnit
Oay [UIAXOM MaclTa0yBaHHS CTPYKTYpHHX Ta CKIAHMX KOMIIOHEHTIB 3
JIOKaJIi30BaHUMH 1HKCHEPHUMH BaraMu:

Score” =1.0x RY +0.2x R (9

11106 36anancyBaTy JIOKaJIi30BaHi, CepHO3HI MOLIKOIKEHH i3 3arajlbHIM CTAaHOM

YCBOTO aKTHBY, (OPMYIIOEThCS TobanbHuil 6an (g ) SIK OITyKJIa KOMOIHALList

object
MaKCHMAaJIbHUX Ta CEPeHiX NePCIICKTUBHUX OaiB:
S,y = 0 x Max(Score™) + (1—a) x Mean(Score™) (10)
i=1.N

object

ne o= 0,35 — MaTeMaTHYHO ONTUMI30BaHAa Bara.

Ocrarounuii crpykTypHuit kiac Oymism (C lassfinal) BU3HAYAETBCS 32
JIOTIOMOT'O10 BiJIKaIiOpOBaHUX MeX MpuiHsTTA pimes (T1= 6,0;T2= 17,0; Ts= 25,0):
4, if Sy > 70%

3, i Ty < Sy %o =< 70%
=92, if T, <Sua6%<T;
Lif T, <Spet%o<T,

0 if Sosject® %< T,

(11)
Class

final

IlapameTpQlTa mOpOrM NPHHHATTSA pilIEHb BHU3HAYEHO 3a JIOMOMOTrOIO
MIPOTOKOY eMIIpUYHOI OoNTUMi3alii MeroxoM citkoBoro momyky (Grid Search) y
3amaHoMy mpocropi mapamerpis (o € [0,35; 0,50] i3 kpokom 0,05; T1, Tz, Tz € [1;
100] i3 xkpokamu 1,0 ta 2,0). LlineoBa ¢yHK1isA Oyia cnpsMOBaHa Ha MaKCHUMI3aIiio
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3arajbHOI TOYHOCTI OararokiacoBoi kiacudikarii (Accuracy) ta Mmerpuku Macro-F1
Ha BchOMy Habopi manmx. Llg mpomemypa kamiOpyBaHHS TrapaHTy€ ONTHMATIBHUM
OaJlaHC MiX TPIOPUTE3ALIEI0 JIOKAIPHUX BAKKHUX IMOIIKOKEHb Ta MPUIYIICHHAM
130JIbOBAHOI'0 MIKCENBLHOTO IIyMy cerMeHTaitii. 1{s nBodakTopHa Mojies 3a0e3neuye
JOTpUMaHH: Oe31eKoBoro ooMexxeHHs. Ko cepiio3Ha BiMoBa 3adikcoBaHa HaBiTh
Ha OJHIM NEepCHeKTHBI, MaKCHUMAaJIbHUH WICH 4Yepe3 A BUTATY€E IIIOOanbHUK Oan y
BIINOBIMHKN Kiac HebOesnekn. OJHOYACHO CEpEeHIN WiIEH MNPUTHIYye IIyM BiJl
130JIbOBAaHUX aHOMAJIiii CerMeHTallil, 3a0e3Meuyroul Ha[HICTh Tepe]] eperadcto
naaux 1o ['IC-kapTyBaHHS Ta Mepex MapIpyTH3alii IUPKYISIPHOI eKOHOMIKH IS
OyiBENTBHUX BIJIXOIB.

6. EkcriepMeHTH Ta pe3yJbTaTH

Jns omiHKKM e(eKTHBHOCTI 3alpoIOHOBAaHOTO (pelMBOpKY iHTepIpeTarii Ta
OaraToBHIOBOI arperamii Mu 3i0paji Ta aHOTYBaJM CIICHiaIbHUA perioHaJbHUH
TecToBui HaOlp naHmx. HaOip maHMX CKiIamaerbest 3 MOIIKOJDKEHHMX 00’ €KTIB
LUBIIBHOI 1HPPACTPYKTYPH, IO MOCTPAKAAIM Bif BIHCBKOBHX YJIapiB y pPi3HHX
aZIMiHICTpaTHBHUX perioHax Yxpainu. s koxkHoi disnuHoi OyaiBii Mu po3pobmm
CTPYKTYpOBaHHi1 3amuc y 6a3i qaHux uis Qikcarii sk mpocTOpoBUX aTpuOyTiB, TaK i
Bi3yaJIbHUX map. 3i0paHi CXeMH METaJaHuX CIIPOIIEHI 10 TPhOX (DYHKIIOHAIBHUX
KaTeropii:

— TPOCTOPOBI MeTaaHi Ta MeTaiaHi Kiacudikarii: BKIIIOYaloTh yHiKabHUI [D
00’ekTa, TEONPOCTOPOBI mapameTpH (IIMpPOTa, JIOBroTa), aIMiHICTpaTHBHE
po3ramryBaHHs (agpeca, KoJ perioHy), pyHKLIOHAIbHY KaTeropiro (THI 00’ ekTa);

— THMYacoBi TMapd Bi3yalbHHX IepCreKTHB (0araToBUIOBUII MacuB):
CTPYKTYpPOBaHI /Ul  TO€IHAHHA  ICTOPUYHHUX  Tepelo0’€KTHUX  BHIJIAIIB
(Before Front, Before Back, Before Left, Before Right) 3 nepcrnexruBHuME
BursiAiB mcis notkomkeHnst (After Front, After Back, After Left, After_Right,
After Iso). I3omerpuuna mpoekiis (After Iso) BkirodeHa sSBHO Ajsi HIATPHUMKH
MOJAJBLIO OLIHKY MTHOWHU (i3UYHUX KYII YJIaMKiB;

— anMiHicTpaTuBHI 3amucu Ta 3amucu  «ground truth»: JTOKyMEHTYIOTh
iHAMKaTOpH CTAaTyCy [JaHHX, YMOBH JIIEH3yBaHHs, 30UpadiB JaHuUX Ta
Bepu(iKOBaHUIA LIJIHOBUH KJIac, MpUcBoeHHH excriepTrom (Damage).

JoTtpuMyrounch wi€i cXeMH, MU CKOMIIUIOBaan 3aranoM 108 yHiKanbHHX
TECTOBHX aKTHBIB. PO3MOAT IINIBOBHX MITOK Cepel IMX TECTOBHX 3pa3KiB
MPOLITIOCTPOBAHO Ha puc. 3.

Po3nonin 3mitueHnit y OiK piBHIB MOLIKOKEHD BiJ] TOMIPHHX 10 B&KKHX (Ki1ac 3
CTaHOBUTH 42 ouHML, a60 38,9 % Habopy faHuX), 10 BioOpakae peanbHi (i3ndHi
YMOBH, Ji¢ ydapy CIPUYHMHSIOTH 3HAYHI CTPYKTYypHI KOMIIpoMicu 0e3 MOBHOTO
pyiinyBanHs. Kiacu He3HaUuHHUX MOLIKO/pKEHb Ta MoBHOro oodsaneHHs (Kmac 0 ta
Knac 4) 3ycrpivatorecs pimme (13,9 % Ta 11,1 % BignosigHo). i OLiHKH
e(eKTUBHOCTI 3alpOIOHOBAHOI METOIOJOTIi OMIHKK IOMIKOMKEHh 3 0araTbox
paxypciB Oyiu mpoBe/ieHi eKCIEPUMEHTH 3 BUKOPUCTAHHSM OfIHI€l 3BUUaitHOi Mozeni
ITHOOKOr0 HaBYaHHS T YOTUPHOX CyYaCHUX MYJIbTHMOJAIBHUX BEMUKHMX BMM.

Bubpani mMoneni npeAcTaBIAIOTh Pi3HI apXITEKTYpPHI MapaurMu, M0 J03BOJSIE
MIPOBECTH MOPIBHUTPHUN aHAII3 MIX ITiIX0JJOM KEPOBAHOTO KOMIT IOTEPHOTO 30py Ta
HELIOJaBHIME MyJabTUMOza bHUMH  [III-cucTeMaMu  3arajbHOTO MPH3HAYCHHSL.
KopoTkwuii orssin oniHIOBaHHX MOJETIEH TPeICTaBICHO B Ta0u. 1.
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Koa knacy (CTyning nowkoamenHs / kaTeropia of'exTal
Pucynok 3. IToyatkoBuii po3nozin kiacis ground truth y TectoBomy Habopi
Ta6auus 1
OuintoBani Mojeni 11, 110 BUKOPHCTOBYIOTBCS [UIst KiIacudikarlii HOIKOAKEHb
iH(ppacTpyKTypH

Mopeian

Kareropis

Koporknuii onuc

Unet + ResNet

Deep Learning

CrerianizoBana MoiesIb KOMITTOTEPHOTO 30Dy 3
CHMETPUYHOIO apXiTEKTYPOIO KKOJIEP-IAeKOAeP»

GPT-5.5 (High Vision- MynbpTUMOAIBHA BEJTHKA MOBHA MOJIEITb
Intelligence) Language Model OpenAl
Claude Sonnet Vision- MynstuMozansaa Moaens Anthropic
5 (Medium) Language Model
Gemini 3.1 Pro Vision- MynstumMozansHa 6a3oBa mozenb Google
(High) Language Model
Grok 4 (Fast) Vision- MynsrMOmanbHa MO XAl

Language Model

IponyKTHBHICT KOXKHOT OLIHIOBAHOI MOJEJi aHaji3yBajacsi 3a JOIOMOIOI0
LIECTH JOJAaTKOBUX MeETpHK. Pa3oM Ii MeTpUKM 3a0e3NeuyloTh KOMIUIEKCHE
OLIIHIOBAHHS SIK 3arajbHOl e(eKTUBHOCTI Kiacu(ikaiii, Tak 1 THUIB ITOMUIOK
IIPOTHO3YBaHHs, 3pO0JICHUX MOJCIIMH:

— Accuracy (TOYHICTB) — BHMIpPIOE 3arajbHy 4YacTKy MPaBUIBLHO
KJacu(iKOBaHUX iHPPACTPYKTYPHHUX 00’ €KTIB;

— Weighted Precision (3BaxkeHa MNpeUu3idHICTh) — OIIHIOE HaIHHICTH
MIPOTHO30BaHKX KJIACiB MOIIKOIKEHb 3 YPaXyBaHHSIM PO3IO/LTY KIAaCiB;

— Weighted Recall (3BaxkeHa NOBHOTA) — BHMIPIOE€ 3AATHICTH MOJIEML
MPaBUIBHO ifeHTU(]IKyBaTH OO0 €KTH, IO HAIEXaTh [0 KOXKHOI KaTeropil
TOIIKO/DKEHB;

— Macro Fl-score (makpo F1-moka3nuk) — 3abe3mnedye 36a1aHCOBaHY OLIHKY,
pO3TIIsiIAloYM BCi KJIacH MOMIKODKEHb SIK PIBHOLIHHI, 10 POOUTH i 0COOIHMBO
MPUIATHOIO /TS He30anaHCOBaHUX HAOOPIB aHUX;

— Overestimation ratio (koedilli€eHT NEPEOUiHKNA) — TPEACTABISIE YACTKY
MPOTHO3iB, Jic PUCBOEHMUI KJIaC TIOMIKOKEHHST BHIINI 32 MiTKy ground-truth;

— Underestimation ratio (Koe®ilieHT HEIOOLIHKH) — MpEICTaBIs€ YacTKy
MPOTHO3iB, JIc PUCBOEHMUH KJIac TIOMIKOKEHHS HIDKYHiT 3a MiTKy ground-truth.

JIns BUKOHaHHS CHCTEMAaTHYHOTO KUIBKICHOTO OLJHIOBaHHS IPOTHO30BaHi
BUBO/IM, 3TCHEPOBaHI HAa BCHOMY TECTOBOMY HAOOpi, OyaM CKOMIIILOBaHI B
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LeHTpani3oBaHy 0a3zy maHux. IlopiBHAIBHI MeTpuKH Oynu oOYMCIIeHI A OIHKHU
TOYHOCTI Kiacu(ikari, mperu3iiHocTi, TOBHOTH Ta 30ajaHCOBaHMX 3HaueHb F1-
macro i1 KoxHoI Mozeni. KpiM Toro, Mu BiICTEXyBalIn TEHAEHLI] IH)KEHEPHUX
IIOMWJIOK, 30KpeMa pIBCHb IMepeoliHku (TimepOomizamii) Ta HEIOOIHKH
(TIOM’sSIKINIeHHST) JUTS OIIHKH O€3TIEKH Ta HAIMHOCTI KOXKHOTO Tiaxoxy. IlopiBHUTBHI
pe3yIbTaTH IPOTYKTUBHOCTI OLIHFOBAHUX MOJIENICH y3arabHEHO B Ta0l. 2. 3 METOIO
EMITIPUYHOI TIEPEBIPKMA CTATHCTUYHOI HAIIHHOCTI 3aiKCOBaHMX IMOKA3HHKIB
3arajbHOI TOYHOCTI Oyno moOynoBaHo 95 %-Bi IOBipYi IHTEpBaIM 3a KpHTEpieM
Bincona: s ¢gnarmancekux cucreM Claude Ta Gemini po3paxyHKOBHH Jiarma3oH
ckias [0,545; 0,723], ans koudirypamnii Grok — [0,452; 0,637], nust mozmeni ChatGPT
—[0,443; 0,628], a st pedpepenrHoro cermentariiinoro kouseepa U-Net — [0,319;
0,501]. 3icraBneHHs MeX OTPUMAHUX IHTEPBANIB CBIIYUTH TpPO HASBHICTH
CTaTUCTHYHO JocTOBipHOI TepeBaru mnpoBigHHX VLM (Claude ta Gemini) Hang
0a3oBuM naimiaiiHom U-Net, ockiIbKM MiHIMaJIbHA TPaHHUIISA JOBIPYOTO iHTEpBATY
nigepiB (0,545) crporo Bumia 3a MakCUMallbHE 3HAYCHHS JUISI MOJENI cerMeHTamil

(0,501).

Ta6amus 2
3BejieHa OLliHKa e(heKTHBHOCTI Moieeit
F1- Over-est. | Under-

Moneis Acc Prec (W) Rec (W) Macro Ratio est.
Ratio
Claude 0,639 0,674 0,639 0,639 0,176 0,185
Gemini 0,639 0,691 0,639 0,570 0,231 0,130
Grok 0,546 0,563 0,546 0,527 0,343 0,111
ChatGPT 0,537 0,550 0,537 0,515 0,315 0,148
Unet 0,407 0,424 0,407 0,348 0,398 0,194

Haromicte y cermenri pimens npomikuoro piBasi (Grok i ChatGPT)
CIOCTEPIracThCsl BUPAKCHUI MEPETHH IHTEPBAIBHUX MeX 13 mokasHukamu U-Net.
Take HamapyBaHHs MHOBIpYMX CMYr [Ja€ MiJACTaBU KOHCTAaTyBaTH BiJCYTHICTh
CTAaTUCTUYHO BIJJOKPEMJICHOTO PO3PUBY MDK CEpeIHIMH MYJIbTHMOJATEHUMHI
MepexxaMu  Ta  JiokamizoBanuMm  CV-airopuTMOM 3a  HasBHOTO  0OcCsry
eKcrepuMeHTanbHol BUOIpKH. Po3risiHemo neranbHimie kiacudikaiiiiini 3BiTH Ta
MaTpHLI HeBiANoBiAHOCTEH Knacudikamii koxxHoI 3 Mozeneit. Monens Claude (puc.
4, Tabn. 3) mpomeMOHCTpyBaja Oe3I0raHHy TOYHICTD imeHTHDIKALIT HUIUX CIOpY[
(Precision = 1,000 mns Knacy 0) Ta 36anaHcoBaHy 4yTJIHBICTb 100 30H KPUTHIHUX
pyiiHyBaHb. Ii rONOBHOIO MEPEBArol0 € 3[ATHICTh POMIIATH MEXY MiX BaKKHMH
MOIIKO/KEHHSIMA Ta TOBHUM Komamcom: i Kmacy 3 Ta Kmacy 4 moxasHukmn
Precision mocsiriu 0,740 ta 0,750 BignosigHo. OCHOBHI MOXUOKH 30CepeKeHI B 30Hi
nomipaux nomkomkeHb (Kimac 11 Kinac 2), ne nonan 58 % 006'exTiB i3 He3HAYHUMHU
nedexramMu Oyino KiIacH(iKOBaHO SIK TOMIPHI TOLIKO/KEHHS dYepe3 YyTJIHBICTh
MOJIEeT JI0 JIOKaJIbHUX PO3OUTTIB BIKOH 1 CII/IIB YIaMKiB.

ChatGPT xapakTepmsyeThcsi CyTTEBOIO acUMeTpieto (puc. 5, Tabi. 4): cucrema
edexTUBHO po3mi3Hae Heymkomkeni Oyaiem (Recall = 0,930), mpore BimuyBae
CHUCTEMHI TPYAHOI y Tpajalii JeCTPYKIIi.

3okpema, moBHoTa st Knacy 1 3um3mnacs mo 0,240 gepe3 MacoBe NOMUIIKOBE
3mimenHs y 0ik Kmacy 2 (58,8 % BumankiB). Hai6inbm mpo6aeMHUM CErMEHTOM
BusiBuBcs Knac 4, ne TounicTh craHoBuTh jumie 0,250: y ABOX TpeTHHAX BUIAJIKIB
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(66,7 %) NOBHICTIO 3HUILEH] 00'€EKTH TPAKTYBAJIHCS MOJIEIUIIO SIK IOIIKOPKEHHS 3-T0
CTYTICHS, 110 CBITYUTH PO PO3MHUBAHHS MEX 1HKCHEPHOI OIIHKHU PYiH.

MaTpius nomincs (ABCoRRTHI 3HAYEHHS| TOMHICTE 3 KNACAN (BryTPIWHE Yy TRBICTS %)
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Pucynok 4. Matpuis HeBinnosigHoctet mozeni Claude

Ta6anus 3
Kuacudikauiiinuii 38it moaeni Claude
Kuac / Merpuka Precision Recall F1-Score Support
Kiac 0 1,000 0,870 0,930 15
Kiac 1 0,500 0,410 0,450 17
Kiac 2 0,410 0,640 0,500 22
Kiac 3 0,740 0,690 0,720 42
Kiac 4 0,750 0,500 0,600 12
Accuracy — — 0,640 108
Macro Average 0,680 0,620 0,640 108
Weighted Average 0,670 0,640 0,650 108
MaTpLR nosMunok (ABCORIOTHI IHaYEHHA] TouHICTE 3a knacaMi (BHYTPIWHA vy TAMBICTE %)
% N [} 1 1] ] 3 0.0% 136%
z‘. - ° 1 5 - a2 = m 0.0% 1.4%
i .
‘ ! Nepeaba-e :-J Mopesno ’ ! ! : Nepent 4‘lr:0 NO&ENND ’ !

PucyHnok 5. Matpuus HeBianosiguoctei mozxeni ChatGPT

Mozenb Gemini (puc. 6, Tabi1. 5) BUSIBIUIA ICKPABO BUPAKSHU I KOHCEPBATUBHUI
npodinp kmacudikarii, COpsIMOBaHHN Ha MOMEPEPKEHHs MPOIYCKY aBapiiHOro
crany. [ToBaota BusiBieHnst Kiacy 3 csarayna pexopanux 0,900 (38 i3 42 o6'exTiB),
10 3 iHKEeHepHO! TOYKH 30Dy 3BOIHTH 0 MiHIMyMy HeOe3reKy HeZOOL[HIOBaHHS
pyitHyBaHb HECHMX KOHCTPYKIIiH, IPOTE 1€ NOCATAETHCS 32 PAXyHOK CTATYBaHHS
cycimHix Kareropiii: Mojens nepenanpasise 10 Kinacy 3 piBHO monoBuHy 00'€KTiB
Knacy 2 (50,0 %) ta mnepeBaxHy OumblIicTh 3pyHHOBaHuX OyniBens Kiacy 4
(83,3 %).
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Ta6auus 4
Knacudikarmiiiamii 38it mozeni ChatGPT

Kuac / Metpuxa Precision Recall F1-Score Support
Kuiac 0 1,000 0,930 0,970 15
Kiac 1 0,500 0,240 0,320 17
Kuiac 2 0,380 0,410 0,390 22
Kuac 3 0,590 0,640 0,610 42
Kuac 4 0,250 0,330 0,290 12
Accuracy - - 0,540 108
Macro Average 0,540 0,510 0,520 108
Weighted Average 0,550 0,540 0,530 108

Sk macminok, Recall mna Kiacy 4 Bmas o 0,170, xova Bci copmoBaHi momo
HBOTO IporHo3u Oyiu abcomoTHO TouHnMH (Precision = 1,000).

MaTpuus noMunok (ABConITH HIHeHHA)

o
[=3

1

PeaneHui KNac ekcnepta
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0 1 ) ,
Nepeataszra NogeanD

Feank A KNac ekcnepTa

1

2

ToHICTS 33 KNACEMK (BHYTPILLHS W TANEICTE %

Q

Mepenayenn MOgET

PucyHnok 6. Matpuis HeBianoigHocrei moaeni Gemini

Amnani3 Matpuni mogeni Grok (puc. 7, Tadi. 6) dikcye CHCTEMHY CXMIBHICTD O
rinepJiarHOCTHKU TMOMIKOKeHb. OKpiM momipHoro posmizHaBaHHs KiaciB 1 1 2,
MOJIeJIb HOMUIIKOBO BifHecsa 54,5 % Oyaisens Kiacy 2 1o 3Ha4HO HeGe3neuHinoro

Knacy 3.
Tabauus 5
Knacudikaniiinuii 38iT Mmogeni Gemini

Kuac / Metpuxa Precision Recall F1-Score Support
Knac 0 1,000 0,800 0,890 15
Kiac | 0,670 0,350 0,460 17
Kiac 2 0,440 0,500 0,470 22
Knac 3 0,630 0,900 0,750 42
Knac 4 1,000 0,170 0,290 12
Accuracy - - 0,640 108
Macro Average 0,750 0,540 0,570 108
Weighted Average 0,690 0,640 0,610 108

OnHoyacHO MOBHICTIO 3pyiHOBaHi OyniBni (Kiac 4) y 66,7 % BumazakiB Oyin
imenTr(iKoBaHi K TMOMIKOMMKEHHS MOMEpeaHboro piBHs. lle 3yMOBHIIO HU3BKY
touHicTb (Precision = 0,270) ta momipuwuii mokasuuk F1-score (0,300) mss kareropii

TOTAJIBHOT'O 3HUIIICHHA CIIOPY .
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MaTpaLs noMunoH (AGconoTHl 3HavenHs) TeMHICTb 23 KAECaMA | BHYTPILLHA 4yTAKBICTL %)
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Pucynok 7. Matpuus HeBianosigHocteit Mozeni Grok
Tab6aums 6
Knacudikauiiiauii 38it Mmogeni Grok
.. F1-
Kaac / MeTtpuka Precision Recall Score Support
Kitac 0 1,000 0,800 0,890 15
Kiac 1 0,550 0,350 0,430 17
Kitac 2 0,470 0,360 0,410 22
Knac 3 0,550 0,690 0,610 42
Knac 4 0,270 0,330 0,300 12
Accuracy — — 0,550 108
Macro Average 0,570 0,510 0,530 108
Weighted Average 0,560 0,550 0,540 108

IoBeninka pedpepenTHoi Mozeni komm'iorepHoro 30py U-Net (puc. 8, Tabn. 7)
BUsBIsiE criel(ivuHy mpolieMy, 110 BUILIMBAE 3 YMOB (OpMyBaHHS HaBYAIBHOL
Bubipku. [ToBHOTa po3nizHaBanHs HeylkopreHoro Kiacy 0 ckmana mumre 0,200: i3
15 abcomoTHO 1IMX OyAiBeNIb MOJEIh IPABIIIBHO KiacH(ikyBaa e 3 00'eKTH,
XHOHO i1eHTU(iKyBaBIIN PEIITY sIK MOMKomKeHi ciopyau Kiacis 1, 2 1 3. Ockinbku
CErMEHTATOp HaBYaBCs BUKIOUHO Ha (parmMeHTax ypaxeHux dacani 0e3 gocTyy
IO TEOMETPUYHHMX CTAIOHIB HOpPMHU, MPUPOJHI TiHI, BigayiieHHs ¢apou umn
HEOJHOPIHI TEKCTYpU CTiH OyIu iHTEpHpeToBaHi MEpeX el K ACCTPYKIIl.
BoxHouac y 30Hi peajbHUX cepenHix Ta Baxkux nectpykiiit (Kmacu 2—4) anropurm
mparoe cTabiipHO: moBHOTA BusiBieHHs Kiacy 3 cranoButh 0,600, a Kimacy 4 —
0,420, o 3a uytnusictio nepeBepurye ChatGPT i Gemini.

ExkcrepumeHTanpHi  pe3yJbTaTd  JEMOHCTPYIOTh  YiTKHMH — pO3pHB Y
MPOAYKTHUBHOCTI MK MOJENSIMA BHCOKOTO PiBHS MipKyBaHHI Ta 0a30BOIO
YCTaHOBKOIO CerMEHTAIIil:

— mnpoayktuBHicTh Buioro piBus: Claude Ta Gemini nocsarin HaiBHIIOL
3aranpHOi ToyHocTi 0,639. Claude mnpoaeMOHCTpYBaB HaiOibII 30anaHCOBaHY
nmoBeAiHKy knacudikaiii 3 F1-Macro 0,639 Ta Hu3bKuUM KOe(il[ieHTOM MepeoIliHKN
0,176. HaBmaku, Gemini pgocsr HaWBHIIOI 3BaxeHoi mpeuwmsiitaocti 0,691,
30epirarouu KpUTHYHI MOMUIKH HEJOOIIHKH (oM’ sikieHHst) Ha piBHi 0,130;

— wMogeni cepennboro piBHs: Grok Ta ChatGPT nokaszanmu momipHy
MPOIYKTUBHICTS 13 TouHicTiO 0,546 Ta 0,537 BigmosigHno, Ta 3HaueHusmu F1-Macro
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tpoxu Bute 0,515. TIpore 00uaBi MOJENI CTpaXKaaiy Bif MiBUIIEHUX KOSPIIli€HTIB
MepeotiHKy, mo rnepesuinysaiu 0,310, o0 MPU3BOIUIO J0 YaCTUX XUOHUX TPUBOT
— obOmexxeHHs 6a30Boi JiHIT Ta mom’sikireHHs: ba3osa ycranoska Unet 3Ha9HO
BiJICTaBaa, 3apeeCTpyBaBIy HU3bKY TOuHICTH 0,407 Ta 36amancoBanuii F1-Macro
0,348. Lla 6a3a Oyna cxwibHa 10 MIEPEOLIHKH PiBHIB MONIKOKEHD 3 KoeilieHTOM
0,398.
Marpuys nomMunok (ABeonioT i BmseHHA] TaNHICTH 38 Knacame (BHYTPILHA Sy TIMBICTS H)
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Pucynok 8. Matpuis HeBinnosinHoctei mozeni Unet Resnet

Tadoauus 7
Knacudikauiiinuii 38iT moseni Unet Resnet

Kuac / Merpuka Precision Recall F1-Score Support
Kiac 0 0,600 0,200 0,300 15
Kac 1 0,230 0,180 0,200 17
Kiac 2 0,300 0,360 0,330 22
Kiac 3 0,540 0,600 0,570 42
Kunac 4 0,290 0,420 0,340 12
Accuracy — — 0,410 108
Macro Average 0,390 0,350 0,350 108
Weighted Average 0,420 0,410 0,400 108

7. BUCHOBKH Ta NepcrneKTHBH

Ie mocmimKeHHs MpeICcTaBIiIo MOPiBHsUIbHE OlliHoBaHHS BMM BucOKOTr0 piBHS
Ta KacromizoBaHoi 0a30BOI JIiHiIi CeMaHTHYHOI cerMeHTaiii s kiacudikamii
MOIIKO/KEHb 1HOPACTPYKTYpH 3a HA3eMHHMHU 3HIMKaMHu. EKCIeprMeHTalbHI
Ppe3ynbTaTH MiATBEPAXKYIOTh, 0 NepPeI0Bi MOJEN MipKyBaHHs TOCSTalOTh CHIBHOT
MPOTHO3HOT IPOLYKTUBHOCTI Y CKJIAJHUX 3aBJIAHHAX CTPYKTYPHOT'O HAPCHHTY.

Claude mponeMoHCTpyBaB HaMOIIbILI HAIHHY Ta MaTeMaTHYHO 30alaHCOBaHY
MoBeAiHKy Kiacubikamii, 3abe3meunBuin HaiBuuly Ttounicts (0,639) Ta
36anancoBanuit F1-Macro (0,639). Kpuruuno BaxumBo, mo Claude BusiBUBCS
3MATHUM YiTKO PO3MEXKOBYBATH CHIBHO PO3MHTY Mexy Mik Krmacom 3 (3nauni
notnkomkeHHs1) Ta Kitacom 4 (3pyiiHOBaHHiA), TOCATHYBIIH BUCOKOI MPEIU3iHHOCTI
0,740 ta moBHoTH 0,690 Ha momiHyrouiit mimmuOXxuHI Knacy 3 (Support = 42).
Gemini 3piBHsBcst 3 mikoBoio TouHicTio Claude 0,639 i mpomeMOHCTpYBaB BHIILY
3BaxeHy mnpermsiiHicTs 0,691. Gemini BHSBUBCS HaMOUIBII KOHCEPBATHBHOIO,
OpIEHTOBAHOIO Ha IHKEHEpHI NOTPeOM Mome/to, 3adiKCyBaBIIM HAWHMKIMI
koedirient Hemoorinku (0,130). Lls moBemiHKa MiATBEPAKYETHCS BHHITKOBO
Brcokoro moBuotoro 0,900 mis Kiacy 3, mo MiHiMi3ye karacTpodiuHi CTpyKTypHi
XHOHOHETATHUBHI Pe3yJIbTaTH, X04a BiH BUSIBUB TEH/CHIIIIO 3ropTatu Bumaxku Kiacy
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4 y mpornosu Kinacy 3 (morora stume 0,170 mst Kinacy 4). Grok ta ChatGPT mocinu
MOMipHHHA piBeHb 3 TouHicTIO 0,546 Ta 0,537 BigmosigHo. OOHUIABI MOETI CTPaXKIATH
Bl MiJBUINCHUX KOeQIllieHTIB mepeolinku, mo mnepeunryBamu 0,310, gacto
KJIacu(iKyIoul He3HAa4YHI €CTETHYHI IOBEPXHEBI aHOMANil SK 3HAa4HI CTPYKTYpHI
oo6Bamm. bazoBa U-Net (ResNet Backbone) nponemMoHcTpyBaia riio0aibHO HUA3BKI
pesynsratu 3 TounicTio 0,407 Ta F1-macro 0,348. 1la 6a3a 3apeecTpyBaia BUCOKHIA
koedirient nepeoninku 0,398. MaTpuIs HEBiMOBITHOCTI TIOKA3Ye€, MO IS TOMUJIKA
(yHZaMEHTAIFHO TIOB’SI3aHA 3 HE3JATHICTIO 1NEHTH(IKYBaTH HEYIIKODKEHI
crpyktypr (npemmsiiiHicts Kiacy 0 — 0,600, moBaora — 0,200), cripnunHeHa
Oe3rnocepeTHEO0 0OMEXEHHIM Ha0Opy JaHWX, Jie HaBYIbHI MAaCKH MICTHIIH JIHIIE
«TIOCT-TIOIIKO/DKEHD» 300pakeHHs. OHaK Koe]ilieHT HEIOOiHKH JIOKAIi30BaHOTO
nikcenpHOTO cermenTtaropa (0,194) 3anumascs mopiBHIHHNM 3 Halkpamumu BMM.
PexoMeHIyeThCsl  PO3ITISIHYTHM  BHKOPHUCTAHHS 0a30Boi  Mozenmi 0Oe3  Kiacy
HEYIIKO[DKCHUX CTPYKTYP JUIS OIUHKH HE3aJeKHOI MOMKIIMBOCTI BH3HAYCHHS
TOIIKO/KEHb.

Po3pobnenuii ppeliMBopk 0OaraToBHIOBOI Kiacu@ikamii CIy)XHTb OCHOBHHM
MEXaHi3MOM NPUIHATTA pillleHb 11 iHTeNeKTyalbHoi OararodyHkuionansHoi IIC.
Jlokasni3oBaHi MPOTHO3HU CTPYKTYPHUX KJIACIB Ta PO3IOIIUTH HEOOPOOICHUX ITIKCENiB,
3rEHEpPOBaHi I[€I0 MOJCIUIIO, OE3M0CepesHbO  CIPHUIMAIOTBCA  HACTYITHUMU
KOMITOHCHTaMH CUCTEMH:

— aBTOMAarH30BaHA OLHKAa MarepiaiiB: cucTeMa 3iCTaBIsi€ IPUCBOEHUH Kiac
nomkomkeHHst (0—4) 3 JOKadi30BaHUMHU apXeTHNaMu OyJiBellb, MEepeTBOPIOIOYN
IUIOLIi TMIKCETiB Ha OLIHKK 00’eMiB OeToHy mis (pakiiif OyAiBeIbHUX BiIXOIiB
(Hanpukian, MoapiOHeHWI OETOH, MU LETJITHOI KJIAAKU Ta OPYXT CTPYKTypHOTO
CKITIHHA);

—  ONTHMI3aLisl JIOTICTUKH: 1Ii OLIHKU 00’eMy ()i3MYHHX BiJXOJiB IEPEXpPECcHO
MOCUJIAIOThCS. HAa MOPOCTOPOBI  KOOpAWHATH (IIMPOTa, JIOBroTa) BCEpEAMHI
reorpadiuHoi 0a3u AaHMX. [HTENEKTyalbHHI MeXaHi3M MiATPUMKH pillleHb
6ararodyHnkuionansroi I'IC moTiM AMHAMIYHO CIPSIMOBY€E aBTONMAPKU 3HECEHHS,
31CTaBJISIFOYM OL[HEeHI 3aMacH BiIXOIB 3 HAMOIMKYMMH LEHTPAMH epepoOIeHHS Ta
PELMKIIIHTY JUIsL 3HIDKEHHS PeriOHAIbHUX TPAHCIIOPTHHX BHTPAT.

TMopansiia pobora Gyze 30cepe/pkeHa Ha po3IUpeHHi 6asu nanux ground-truth
JUISL BKIIIOUCHHSI PIiBHOrO OallaHCy HEYIIKO/DKCHUX TreoMeTpii OynmiBenb 10
karactpo¢. IlepenaBuanns U-Net Ha OCHOBI Mar4iB 3 BHKOPHCTAHHSIM LIUX
STATOHHHUX 3pa3KiB YCyHE MOTOYHE 3MIIICHHs MepeoliiHku moao o3nak Kimacy 0.
BpaxoByroun Manuit o0CAr Ta HH3bKY 3aTPUMKY, L€l JIOKali30BaHWH CErMeHT
NPEJICTABIIAE BapiaHT BHCOKOMACIITA0OBAaHOTO KpaioOBOrO pPO3rOpTaHHA I
MOJIBOBHX OTepalliil y peaqbHOMY Yaci.

Ioasiku

e mocnimkenns Oyno npodinancoBano MiHICTEPCTBOM OCBITH i HAYKH YKpaiHU
B paMKax  HayKOBO-JoCIHiHOi  pobotu  «Po3pobka  iHTeneKTyasbHOT
OararodyHKIiOHaBHOI ~ TeoiHpopMamiiHOI  cHCTeMH Uil IHBEHTapH3aIlii
OyIiBeNbHUX BiIXO/B MPH BiAOYAOBI MOUIKOMKEHUX BIHHOIO 1H()PACTPYKTYypHUX
0o0’exTiB» (HOMep nepkaBHOi peectpamii  0126U001737). ABtopm Takox
BHCJIOBIIIOIOTE TOASKY A. bapanosiii, b. ImaroBy Tta /l. [lamacy 3a ixHIO IiHHY
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noroMory 'y 30opi Habopy 300pakeHb NOIIKOKEHb BIMHOIO Ta IPOBEACHHI
€KCIIEPHMEHTIB 3 TOPIBHUIBHOTO aHalizy BMM.
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COMPARATIVE ANALYSIS OF VLM FOR INFRASTRUCTURE
DAMAGE CLASSIFICATION: A CASE STUDY OF UKRAINE

Ph.D., Ivanov O.}, Bieliaiev K. 2, Oliinyk V. 3, Arsiriy O.*
1230desa Polytechnic National University, Ukraine,
4Odesa State Maritime University, Ukraine

Abstract. The large-scale destruction of civil infrastructure caused by the war in Ukraine
has created an urgent need for automated, reliable, and scalable methods for structural damage
assessment. This study presents a comparative evaluation of Vision-Language Models (VLM)
and a hybrid computer vision approach for multi-view infrastructure damage classification. A
specialized dataset was constructed using ground-level images of war-damaged buildings
collected from multiple regions of Ukraine, where each infrastructure object is represented by
2 to 8 photographs, including pre- and post-damage views when available. Damage severity is
categorized into 5 classes ranging from undamaged to completely destroyed. The proposed
methodology integrates a multi-view reasoning framework with semantic segmentation based
on a U-Net architecture employing a ResNet encoder and a rule-based heuristic model that
estimates structural damage using pixel-level metrics. Multi-view evidence is aggregated to
produce a single object-level assessment, reducing ambiguity caused by occlusions and limited
viewing angles. The proposed approach was experimentally compared with several advanced
multimodal VLMs (GPT-5.5, Claude Sonnet5, Gemini 3.1 Pro, Grok 4), using Accuracy,
Precision, Recall, F1-score, and overestimation-underestimation ratios. Experimental
evaluation conducted on a dedicated dataset of 108 infrastructure objects demonstrates that
advanced VLMs outperform the baseline segmentation model in overall classification accuracy
while providing robust reasoning across complex structural damage scenarios. At the same
time, the proposed hybrid segmentation-based framework offers interpretable pixel-level
damage estimation and remains suitable for resource-constrained deployments. The developed
multi-view assessment methodology constitutes a core analytical component of an intelligent
multifunctional GIS designed to support construction and demolition waste inventory, optimize
recycling logistics, and facilitate sustainable post-war reconstruction based on circular
economy principles.

Keywords. Infrastructure damage assessment, Vision-Language Models, multi-view image
analysis, semantic segmentation, construction and demolition waste, artificial intelligence,
machine learning.
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Annomayia. Y cmammi npedcmaeieHo OOCHONCEHHS Wo00 pO3POONeHHA Memooy
iHMeNeKmMyanbHo20 PU3UK-OPIENMOBAN020 AHANLIZY MYTIbMUMOOANbHUX OA2AMOBUMIPHUX OAHUX
0nsl a0anmueHo20 KepyBamHs pecypcami 0eyeHmpanizoeanux Mepevic i3 GUKOPUCTAHHAM
2IUOUHHO20 HABUAHHS MA MEeXAHI3MI6 a0anmueHo2o 3aumms ingopmayii. Axmyansnicmo
0ocniodHCceHHA O0OIPYHMOBAHA 3POCMAHHAM 00CA2I6 HEOOHOPIOHUX OAHUX Y PO3NOOLNIEHUX
yugposux cepedosuwyax ma HeoOXIOHICMIO 00HOYACHO20 3abe3neyenHsi O0O0CMOBIPHOCMI
PU3UKOBO20 AHANIZY, ONepamusHocmi 0o6pobxu ingpopmayii ma payionanbHo20 GUKOPUCTHAHHSA
oOMedHceHUX  OOYUCTIOBANbHUX, KOMYHIKAYiliHux i eHepeemuyHux pecypcie. YV pobomi
NPOAHANIZ08AHO OOMENCEHHA MPAOUYIIHUX Ccmpameziil MYTbmMUMOOAIbHO20 3IUMMS Md
00IPYHMOBAHO OOYINLHICINb UKOPUCANHS A0ANMUGHOT APXIMEKMYpU, AKA 6PAX0BYE NOMOUHY
AKicmb  IHOpMayitinux MoOanbHOCmell | pi6eHb PUSUKY Ni0 4aAC (OPMYBAHHA Kepy8danbHUX
piweny.  3anponoHosanuil  mMemoo NOEOHYE MOOANbHO-CHeyupiune KOOY6aHHA OAHUX,
adanmughe 36aCy8anHs IHGOpMayilinux NOMOKIE, PopMysants iHMe2posano2o 1amenmHo2o
npeocmaegients, OYinIoBaANHs PUSUKOB020 CIANY MA 3AMKHEHUT KOHMYP KepyB8anHs pecypcamu
Oeyenmpanizoeanoi mepedici. Excnepumenmanshuii cmeno peanizogano i3 GUKOPUCTHAHHAM
Python, Jupyter Notebook, NumPy, Pandas, Scikit-learn, PyTorch ma Matplotlib. [[ns
Qopmysanis excnepumenmansho2o iHopmayiiinozo cepedosuua GUKOPUCIIAHO GIOKpUMI
peanvhi Habopu oanux IEEE-CIS Fraud Detection, Online Retail ma Default of Credit Card
Clients, wo micmsame mpaH3axyitini, 4acosi, N06eOIiHKO8I, KIEHMCbKI ma ioeHmugikayiiHi
xapaxkmepucmuku. IIposedeno nopignanis 3anponoHo8an02o Memooy 3 nioxo0amu paHHbo2o,
Ni3HLO20 Ma CMAMUYHO20 36adceHo20 3aumms 3a nokasHukamu FI1-wipu, ROC-AUC,
3ampumku  006poOKU ma eHepeemuyHux eumpam. [[00amKo80 BUKOHAHO OOCNIONCEHHS
cmitikocmi mMemooie 00 3POCMAHHA PEecYPCHO20 HABAHMANCEHHA Ma aONAYIUHUN aHALi3
OCHOBHUX KOMNOHeHmig apximekmypu. Ompumani pe3yrbmamu O0eMOHCMPYIOMb nepesazu
3anponoHo8an020 nidxo0y Wooo NOEOHAHHS AKOCMI PUUKOBO20 AHANIZY, A0ANMUBHOCMI Ma
eexmugnocmi  GUKOPUCMANHA — Pecypcis, wo NiOmeepolscye NepcneKmueHicms 1020
3aCMOCY8aAHHA Y 0eYeHMPANi308aHUX IHMEIEKNTY AIbHUX MEPEeHCAX.

Kniouosi cnosa: myivmumooansre 00'€OHAHHA OAHUX, THMENEKMYANbHUL AHANI3 OAHUX,
PUBUK-OPIEHMOBAHULL AHANI3, AOANMUEHE YNPABIIHHA PeCcypcamu, OeyeHmpanizo8aHi mepesxci,
2UOOKe HABUAHHS, 2iOPUOHE MOOENIOBANHS, IAMEHMHEe NPeOCMABIeHHs

Beryn

[HTEeHCHBHUI PO3BUTOK HU(PPOBHX TEXHOJIOTIH, pO3MOAITICHUX OOUYHCITIOBATBHUX
CEPENIOBUII Ta iHTENEKTyalbHUX CHCTEM NPUHHATTS PIllICHb 3yMOBIIOE TOCTiiiHE
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YCKIIaJHEeHHs 1H(OPMAIiHHOTO MPOCTOPY, B SKOMY (YHKI[IOHYIOTh CydacHi
ABTOMATHU30BaHI CHCTEMHU. 3POCTAaHHS KUIBKOCTI JpKepen iH(popMarlii, 301UTbIIeHHs
LIBUIKOCTI ()OPMYBaHHSI IAHUX Ta MOSIBA HOBHX CIIOCOOIB X OTPHMAaHHS CTBOPIOIOTh
YMOBH, 3a SIKUX TpajuLiiiHi MeToan 0OpoOIeHHsI OKpeMHX iH(pOpMaLifHNX MOTOKIB
He 3a0e31e4yroTh HeoOX1THOTO PiBHSI ONEPAaTHBHOCTI Ta OOIPYHTOBAHOCTI KEPYIOUHX
piteHb. OcoOIMBOI aKTyabHOCTI I MpoOieMa HaOyBa€e Uil JICIEHTPAi30BaHUX
Mepex, y SKHX 3HauHa 4YacTHHA JaHHX (opMyeTbcs Oe3rocepeHbO Ha
nepudepiiHIX By3/1ax, a IPUHHATTA PillleHb Ma€ BiIOyBaTHCS B yMOBaX OOMEXKEHUX
00UHCIIOBAIbHUX, €HEPreTHYHHX 1 KOMYHIKaI[IHHUX pecypciB.

Crnemudika cydacHUX iH)OpMAIifHO-KEPYIOUNX CHCTEM IOJSTAE y TOMY, IO
JlaHi, sIKi XapaKTepU3ykTh IXHil CTaH, MalOTh HEOTHOPIIHY PUPOAY. BOHH MOXKYTh
OyTH TMpe[CTaBICHI YHCIOBUMH MapaMeTpaMH, YaCOBHMH PsIIAMH, CHUTHAIAMHU
CEHCOpiB, TMPOCTOPOBHMH XapaKTEPUCTHKAMH, CTPYKTYPOBAHHMH 3arlHCaMH,
MOBIZIOMJICHHSIMH ~ MEpeXeBHX  BY3liB Ta  IHIIMMH  iHpOpMaliiHuUMH
npencraBieHHsIME. KOXeH i3 TakuX THIIB JaHUX BiJI0Opakae JUIIEe OKPEMH aCIIeKT
JOCITIDKYBaHOTO TPOLIECy, Horo iHpOpMaTHBHICTh 3aJIe)KUTh BiJl TOTOYHOTO CTaHy
cUCTeMH Ta YMOB (YHKI[OHyBaHHs JUkepena iHpopmauii. ¥ pesysbrari BUHHKae
HEeoOXi/JHICTh HAKONHMYYBaTH pI3HOpiAHI JaHi, 3a0e3nedyBaTH IX Y3rOJDKEHE
MpE/CTABJICHHS, BH3HAYATH CTYIMiHb IXHBOI 1H(OPMATHBHOCTI Ta BPaXOBYBaTH
B33a€MO3B'SI3KH MiXK OKPEMUMH iHPOpMaLiiHUIMHU TOTOKAMHU.

BigmoBiguuit HampsM  nocnikeHb  chopMmyBaBcs y  Mexax —KOHIEMIi
MYJIBTHUMOJAIBHOrO aHai3y ntaHux (MAJ), sika nependayae CrijbHE BUKOPUCTAHHS
iHpopmanii pi3HOI mpupoau Ui (OPMYBaHHS OLbII ITOBHOTO MPEICTABICHHS
JocIimKyBaHoro od'ekra abo mporecy. Ha BiaMiHy BiJ TpaaumiiHOro migxony, 3a
SIKOTO KOYKHE JDKEPEJIo aHali3yeThCs He3anexHo, MAJL nae 3MOry BUKOPUCTOBYBATH
B33a€MOJIOTIOBHIOBAJIbHI ~ BJIACTUBOCTI  iH(opMmaniiinux moroki. [lpu 1mpomy
e(eKTUBHICTh iHTerpaiii BU3HAYAEThCSA KUIBKICTIO JOCTYHHHUX MOJAIIBHOCTEH,
3ATHICTIO MOJIENi BpaxOBYBaTH BIIMIHHOCTI y CTPYKTypi, 4acoBiii opraHizaiiii,
JIOCTOBipHOCTI Ta iHdopMauiiHiii uiHHocTi maHuxX. JlocmipkeHHs y cdepi
rimbuaHoro MAJI miATBepIUKYIOTh, LIO TOEAHAHHS PI3HUX NPEICTABICHb MOXKE
iCTOTHO PO3IIMPIOBATH MOXIJIUBOCTI IHTEIEKTYaJdbHOI CUCTEMH, OIHAK OIHOYACHO
CTBOPIOE T0JATKOBI NpoOieMHu, MOB'sI3aHi 3 y3rOHKEHHSIM O3HAK, CHHXPOHI3AIli€r0
iH(opMmallii, HEOBHOTOO JIAaHUX Ta HasBHiCTIO miyMiB [1, 2, 3, 4].

VYV 1poMy KOHTEKCTi OCOOJIMBOrO 3Ha4yeHHs HaOyBae MOHATTA pU3UKy. Jlms
iH(pOpMaIi HHO-KepyI040i CHCTEMH PH3UK JOLIBHO PO3MISIAaTH MIKPIIS, HDK
TpaiMIiliHy WMOBIpHICTH BHHUKHEHHS (IiHAHCOBMX BTpar. BiH  Moxe
XapaKTepU3yBaTH HMOBIPHICTh TEpeXOAy CHUCTEMH J0 HeOaKaHOTO CTaHy,
MOTIPIIeHHS SIKOCTI (PYHKIIOHYBaHHSI, MIEPEBUIIEHHS JOITYCTUMOIO HaBaHTAKEHHS,
BUHHUKHEHHsI 3aTPUMOK, BTpaTH JOCTYMHOCTI iH(popMaliiiHoro pecypcy abo
Hee(DeKTHUBHOTO BHKOPUCTAHHS HasBHUX MOXmBocTeil. Takuid miaxin 103BOJIsIE
MEPEHECTH METOJIONIOTII0 IHTEIeKTYalbHOTO aHai3y PH3HKIB HA OUIBII MIMPOKUI
KJIaC PO3MOJIICHUX CHUCTEM, Y AKHX HEOOXiJHO MPOTHO3YBaTH MalOyTHI 3HAUEHHS
MIEBHUX MapaMeTPiB Ta MOTEHIIHI HACHTIKH TOTOYHOTO CTaHy CHCTEM.

®dinaHCcOBi iH(pOpPMALiiiHI CHCTEMH € TOKa30BHM IPHKIAJOM CEpEAOBHUINA, B
SIKOMY TIPUIHATTS PillIeHb Oe3M0cepeTHbO 3aJICKUTD BiJI CBOEYACHOI OLIIHKH PHU3HKY.
OiHaHCOBI JaHI XapaKTEPH3YIOTHCS BHCOKOIO JUHAMIYHICTIO, HEINIHIHHICTIO,
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HEOJHOPITHICTIO Ta 3aJIeXHICTIO MDK OKpeMuMH mHapamerpamu. Kpim Toro, ms
OLIHIOBaHHS PU3MKOBUX CTaHiB YaCTO HEOOXiTHO OHOYACHO BPAXOBYBAaTH iCTOPHYHI
YacoBi 3aJIC)KHOCTI, CTPYKTYPOBaHI XapaKTEPHCTHKH 00'€KTIB, MIOBEIIHKOBI 03HAKH
Ta 30BHIIIHI (pakTopu. Came ToMy y (iHAHCOBIH aHANITHII aKTUBHO PO3BHBAIOTHCS
metozau MammaHOTO (MH) Ta rmmbunrHoro HaB4yanus (I'H), 31aTHI BUSBISITH CKJIaTHI
HeJiHIiHI 3aKOHOMIPHOCTI Ta (OpMyBaTH NMPOrHOCTHYHI OIIHKH Ha OCHOBI BEJIMKHUX
MacCHBIB JaHUX [5, 6, 7, 8]. BogHOYAC epeHeCceHHs TAKUX ITiIXO/IiB JI0 PO3IOIICHAX
iHpopManiifHUX cepemoBUIN NOTpedye iX amanTamii 10 yMOB MyJIBTHMOIAIBLHOCTI,
JeTIeHTpati3amii Ta pecypcHUX 00OMeKeHb.

[TpuHIMITOBOIO OCOOJMBICTIO y KOHTEKCTHI JIOCHIDKEHHS € TpPaKTyBaHHS
PH3UKOBOI OI[HKH HE SIK KiHIIEBOTO PE3yNIbTaTy IHTEIEKTYalbHOTO aHaji3y, a sK
iHpopMamiifHOro CHrHaXy IS MONAJbHIOr0 (POPMYBaHHS KEepYyIOUOTO pillleHHS.
SIkmo TpaauIiifHa cucTeMa aHaji3y 3aBeplrye poOOTy Iicisi BU3HAYEHHS Kilacy abo
YHCIIOBOTO MOKA3HUKA PU3KKY, TO B PO3MOJIJICHOMY CEPEIOBHIL OTpUMaHa OIliHKa
MOXe OyTH BHUKOPHCTaHa Ul 3MiHHM PeXnMy (YHKI[OHYBaHHS OKPEMHX BY3IIiB,
Mepepo3oALTy 0OYHCITIOBAIBHOTO HABAHTAXKEHHS, 3MiHU NIPIOPHUTETIB NepeiaBaHHs
iHdopmanii abo anmanranii nmapamerpiB oOpoOneHHs nannx. HeoOXigHicTh Takoro
Maxomy ocoONMBO BUpakeHa Yy JeneHTpaiizoBaHux loT-mepexax Ta edge-
cepenosuiax. Ha BifMiHy BiJl LIeHTpaTi30BaHOI apXiTeKTYpH, Y SIKil 3HaYHA YaCTHHA
iHpopManii Moxke IepejaBaTHCA O  IIOTY)KHOIO  CEPBEPHOrO  ILIGHTDY,
JCLICHTpaJli30BaHa Mepexa Iepeadadae po3noJial 00UUCITIOBATEHUX (QYHKLIH Mix
BEJIMKOIO KIJIBKICTIO By31iB. Ko)keH By30J1 MOKe MaTH BIAacHI OOMEKEHHS 1100
MPOAYKTUBHOCTI Ipoliecopa, 00CATY mam'siTi, eHeproCloXKUBAHHA Ta IMPOIYCKHOT
30AaTHOCTI KaHalmy 3B'A3Ky. JlOJATKOBO BHHUKA€E IpoOieMa HEPiBHOMIPHOrO
HaBaHTA)XECHHs, OCKIJIbKH IHTCHCHBHICTh HaJIXO/PKeHHs iHpOpMaLil Ta CKIaAHICTb i1
00poOJIeHHSI MOXYTh iCTOTHO 3MIHIOBAaTHCS B 4aci. 3a TakuX YMOB CTaTHYHUI
PO3MOILT pecypciB He 3AaTHUIA aleKBaTHO pearyBaTy Ha 3MiHYy iH(opMariiHoro ta
pu3ukoBoro crany cucremu [9, 10, 11, 12].

3acTOCYBaHHA METOJIB IHTEJEKTyaIbHOIO KEPYBaHHA pecypcamH I03BOJIE
nepeity Bix QikcoBaHO! KOHQIryparii 10 alanTUBHOTO PEXXUMY (YHKIIIOHYBaHHS.
[epcrieKTUBHUM IHCTPYMEHTOM Yy [IbOMY HANPsIMi € HABYAHHSI 3 i AKPIIUICHHSM, SIKE
Ja€ MOXJIMBICTh ()OPMYBaTH MOJITHKY HPHUHSATTS PIlICHb HA OCHOBI B3aeMOIIl
areHra 3 JMHaMiYHUM cepenoBuineM. 3okpema, ['H 3  migkpiruieHHsIM
BHUKOPHCTOBYEThCSL Ul 3afad PO3MOALUTY OOYHCIIOBAIBHHUX pecypciB, BUOOPY
croco0y pO3BaHTaXKEHHS OOYMCIEHb, KEpyBaHHA I€pellaBaHHAM JaHMX Ta
onrtuMi3zaiiii podotu edge-Bys3iiB [9,10]. [IpoTe 3acTocyBaHHs TaKUX METOJIB JIHIIIE
IO PpEeCypCHHX MapaMeTpiB He BpPaxXOBYe TMOBHOI Mipow iHdopmariiHy
HEBH3HAUCHICTh, KA BHUHHKAE MiJ 4Yac (GOpMyBaHHs CTaHy ceperoBHIa. SIKIIo
Kepyloua MOJENIb OTPHUMYE HENOBHE, CylepedwnBe ab0 HEIOCTaTHhO IOCTOBIpHE
MPE/ICTABJICHHS CTaHy, HABITh ONTHMAJIbHA 3 TIOTJISIAY PECYPCIB [isi MOXKE PU3BECTH
110 HeOaXKaHOrO Pe3yNIbTATy.

Came Tomy nouinsHO moenHatd MAJI, OINHIOBaHHS PH3MKY Ta aJalTHBHE
KepyBaHHA pecypcaMyd B MEXaxX €IMHOTO 1HTENEKTYalbHOTO MiAXOAY 10 aHaJi3y
nmannx. Taka iHTerpamis mepemdadae, 0 Ha MEPUIOMY €Tali CUCTEMa OTPHMYE
iHQopMali0 3 MAEKITBKOX JDKEPEN, MICHA YOTr0 BUKOHYETHCS ii TOMEpPEIHE
Y3TO/DKEHHS Ta OLIIHIOBAaHHS sIKOCTi. Ha HacTymHOMY eTami 71 KO’KHOT MOJIATBHOCTL
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(hopMy€eTECSL BIAMOBITHE JIATEHTHE IPEJCTABICHHSA, SKE BijoOpakae HaHOLIBII
iH(pOpMAaTHBHI XapaKTEPUCTHKH BHUXIAHOrO IMOTOKy. OTpuMaHi IpesCcTaBiIeHHSI
IHTErPYIOTBCS 3 YpaxXyBaHHSAM iXHbOI IMMOTOYHOI 3HAYYLIOCTi, YHACIIJOK YOro
(bopMmyeThest y3araJbHEHHH BEKTOp cTaHy cucreMu. Ha Horo OCHOBI BU3HAYa€THCS
piBeHb PHU3HKY, SKHH Yy MOJAJBIIOMY BHKOPHUCTOBYETHCS Pa3oM i3 MOTOYHUMHU
XapaKTEePUCTUKAMH JOCTYITHUX PEeCYpCiB mis (OpMyBaHHS aJalITUBHOTO PillICHHS.
Taxa cTpykTypa BH3Ha4ae crienudiky MOHATTS TiOPUAHOCTI, IKe BUKOPUCTOBYETHCS
B poOoti. [OpHaHiCTE HE OOMEKYEThCS MEXAHIYHMM TMOETHAHHSIM JIEKIITBKOX
anroputMiB MH, po3risiiaeTbest K TO€AHAHHS Pi3HUX MEXaHi3MIB MPEACTaBIICHHS,
iHTerparlii, OniHIOBaHHS Ta NPUHHATTS pimieHb. [ pi3HUX THUIIB JaHUX MOXYTbH
BHUKOPHCTOBYBATUCS Pi3HI CIIOCOOM BIJIYYCHHS O3HAK, OCKUIBKH Xapaktep
iHpopManii BU3HaYa€e AOUUIBHICTH BiITOBIJHOIO MaTeMaTHYHOro amapary. Yacosi
TIOCITIZIOBHOCTI TIOTPeOYIOTh ypaxyBaHHS 3aJle)KHOCTEH MiX IONEepeTHiMI Ta
MOTOYHUMH CTaHaMHM, CTPYKTYPOBaHi JaHi MOXyTb e(eKTHBHO 0OpoOmsTHCK
MOJIETISIMU TaOJIMYHOTO TIPEJICTaBIICHHS, a iHpopMallis, 10 XapaKTepH3ye B3aEMOIII0
MK By3Jlamu, MPUPOIHO MOJAEThCsl Y BHIVISLM rpadoBux crpykryp. ITicns mporo
pe3ysbTaTH OKpPEeMHX Mojeliel MOXyTh OyTH IHTEIpOBaHI TakMM YHHOM, 0O
MIOTOYHA SIKICTb Ta iHHOPMATHBHICTh KOXKHOT MOJIIbHOCTI G€310CepeIHbO BIUIUBAIIN
Ha 11 BHECOK Yy 3arajbHe pillleHHs.

BaxmBoro nmpo6ieMoro mpy oMY € 3a0e3MeYeHHs CTIHKOCTI IHTENeKTYaIbHOT
CHCTEMH 10 HENOBHOTH iHMopMmauii. YV pealbHUX PO3MOIIJICHUX CEepelOBHIIAX
okpemuil iHGOpMAIIHHNI KaHAT MOXE THMYacOBO BTPAYaTUCA, MICTUTH HPOITYCKH
a00 xapakTepHu3yBaTHCs ITiABUILCHUM PiBHEM IIyMy. SIKIIO BCI MOJAIbHOCTI MAIOTh
¢ikcoBani Baru, nerpananisi OJHOTO pKepesa Oe3rmocepeiHbO BIUIMBAE HAa KiHLEBY
OLIIHKY. AJZIANITUBHUI MEXaHi3M iHTerpallii J1a€ 3MOry 3MiHIOBaTH BHECOK OKPEMHX
IDKepeIl 3aJIeKHO Bijl IOTOYHOTO CTaHy JaHMX. 3a TAaKOro IMiXOIy MYyJIbTUMOAAIILHA
cUCTeMa BHKOPHCTOBYE JOJNATKOBY iH(OpPMALIO, OTPUMYE MOMIIHBICTh YaCTKOBO
KOMIICHCYBaTH HEHaAIHHICTh OKpeMHX 1H(OpPMALIMHUX KaHANIB 32 paXyHOK iHIIUX
mkepen. Ille ofHMM BaXKIMBUM acleKTOM € BpaxyBaHHS HEBH3HAYEHOCTI IIpU
(hopMyBaHHI pU3HKOBOI OLIIHKH. Y TPaKTHYHUX 3a/a4ax OJHA i Ta cama CYKYIHICTb
03HAaK MOXKE Bi[IIOBiJaTH IEKIIbKOM MOJMIIUBHM CLEHApisiM PO3BUTKY CHCTEMH, a
MEXI MiJK HOPMaJIbHUM Ta PH3UKOBHAM CTAHOM HE 3aBXKIHM MAIOTh YiTKHH XapakTep.
Tomy BUKOpHCTAHHSI JIMILE AeTepMiHOBaHOI Kiacudikaiii Moxe OyTH HEeIOCTaTHIM
JUISL TIPUHAHATTSL KEPYIOUUX pillleHb. Bimbll MOMiIbHAM € GOpMYBaHHSI PU3UKOBOIO
MMOKA3HKKA, SIKKH BiIOOpaXkae CTYMiHb HAOIIKEHHsSI CUCTEMH 10 HeOa)KaHOro CTaHy
Ta MOXE BHKOPHCTOBYBATHCS pPa30M i3 OI[HKOIO OCTOBIPHOCTI OTPUMaHOT
indopmarii. Takuii miaxig BiAMOBIAAE CydacHii TEHACHINT pO3BUTKY «trustworthy Ta
explainable artificial intelligence,» e mopsia i3 MPOrHO3HOIO SKICTIO PO3TIIAAIOTHCS
HaiHICTh, IHTEPIPETOBAHICTh 1 BiAMOBIJANBHICTh ANTOPUTMIYHHUX pilieHs [6].
Hoennanus MAJ] 3 pU3HK-OpIEHTOBaHMM KEPYBAHHSM A€ MOXIMBICTb 3MiHUTH
caMmy JIOTIKy pO3MOIiIy pecypciB. Y TpaaumiiHOMy MiIXOMi pecypcHUil craH
BH3HAYAETHCS TIEPEBAKHO HA OCHOBI IIOTOYHOTO HABAHTAXKEHHS, KUTBKOCTI 3aBJaHb
Ta JAOCTYIHOI MPOYKTUBHOCTI BY3TiB. Y KOHTEKCTI JOCITIHKEHHS O IILOT0 HAbopy
MOKe OyTH noImaHo iH}opmaliro mpo PH3HKOBHI cTaH. SIKIIO iHTENEKTyalbHHA
aHal3 BWABIAE WiABUINEHHA pHU3UKY U1 T[EBHOTO TIPOIECy, By3mIa ado
iH(pOpMALITHOro MOTOKY, CHCTEMa MO 30LTBIINTU MPIOPHUTET HOro 0OpPOOICHHS,
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BUAIIMTH JIOJATKOBUHM OOYMCIIOBANBHHKA pecypc abo 3MIHHTH MapumpyT
nepeaBaHHs BiANOBIJHUX JAHUX. 32 HU3BKOIO PiBHS PHU3HKY, HABIAKH, YaCTHHA
pecypciB Moxke OyTH IepeHanpaBlieHa JI0 IHIIUX 3aBIaHb. Y pe3ylbTaTi pecypcHa
TOJIITHKA CTa€ 3aJICKHOK0 HE JIMIIE BiJl KIJTbKICHUX XapaKTePUCTHK HAaBAHTAKCHHS, a
¥ BiJl HOTCHIIIHHAX HACHIJIKIB HEBYACHOTO a00 HEJOCTaTHBO SKICHOrO OOpPOOJICHHS
inpopmanii. Okpemoi yBarm mnorpedye mpodlieMa pPO3MOAICHOTO HaBYaHHS
Mmozeneil. TlepeqaBaHHsl BCiX MEPBHHHUX JaHUX [0 IIEHTPATi30BaHOIO BYy3Ja HE
3aBKAM € JIOLIbHUM uepe3 OOMEKEHHS MpPOIYCKHOI 3/aTHOCTI Mepexi,
0o0YnCITIOBAIbHI BUTPaTH Ta BHMOTH 1O 30epe)XeHHs JIOKaJbHOCTI iH(popMariii.
OmHrM 13 MOXIMBHX NUISIXIB BHpIIIEHHS Iii€] mpoOieMrn € BUKOPHUCTaHHS
(benepaTMBHOrO HaBYaHHS, 3a SIKOTO JIOKAJIbHI BY3JIH BHUKOHYIOTh HaBYaHHsS a0o
JIOHABYAHHS MOJIeNIeil Ha BIIaCHHX JaHHX, a IIEHTPANIi30BaHO ab0 ICEHTPalli30BaHO
Y3rODKyHOThCs apamerpu Mozeni [11, 15].

Po3B's3aHHs 3a3HaYeHUX NPoOJeM MNOTpedye Mepexoxy BiA I30JIbOBAHOTO
BHUKOPHCTAHHS MOJEJNIeH 1HTENeKTYalbHOr0 aHaji3y /0 IHTerpOBaHOTO IMiIXOLY,
3[0aTHOTO OJIHOYaCHO BpaxoOBYBaTH pI3HOpiAHICTh iHQopMauii, il mNOTOUHY
JOCTOBIPHICTB, PiBeHb PU3UKY Ta PECYpCHI OOMEXEHHs cepeloBHINa. Y IbOMY
BUINAJKy PE3YyJIbTaTOM pPOOOTH IHTENCKTYaJbHOI CHCTEMH Mae OyTH HE TiJIbKU
nporHo3 abo kiacudikauis, a oOIpyHTOBaHa ajanTWBHA i, BHOIp sKOI
BU3HAYA€ETHCS TIOTOYHUM CTAaHOM iH()OPMALIHHOIO Ta PECypcHOro CepeoBHIIIA.

3 orysy Ha 3a3HayYeHe, y poOOTI IPOIIOHYETHC METO/] IHTENIEKTYaIbHOTO PU3HK-
opieHTOBaHOTO aHanisy MAJ] 1 ajanTUBHOrO KEepPyBaHHS — pecypcamu
JELEHTPANII30BaHUX Mepex. Meron 0a3yerbcs Ha IOCHIZIOBHOMY IO€JHAHHI
MpoLeAyp MiArOTOBICHHS pi3HOpiAHOI iH(opMaLii, (opMyBaHHS MOIATBHHX
Mpe/ICTaBlIeHb, aJalTHBHOI iHTEerpalii O3HaK, OLIHIOBAHHS PHU3UKOBOTO CTaHy Ta
BUOOpY pecypcHol nonituky. Ha BiMiHYy BiJ MiIXOMiB, y SKUX MYJIBTUMOJAJIbHE
o0'eqHaHHS JaHUX | KEpyBaHHs pecypcamMH PO3IIBIAAIOThCS SIK He3aJexkHi 3aiadi,
3aIpOIOHOBaHA KOHIICTILisl BCTAHOBIIIOE MiXK HUMH Oe3rnocepeiHiil (yHKI[OHaNbHUI
3B'130K. Lle 1a€ MOXIIMBICTB PO3IIIAAATH PU3MK SK IPOMIXKHY XapaKTEPUCTHUKY CTaHy
CHUCTeMH, sIKa BH3HA4Ya€ HEOOXiTHHUI pIBEHb BUKOPUCTAHHS OOYHCIIIOBAJIBHUX,
KOMYHIKaI[iiHUX Ta HIIHUX PECypCiB.

Meror [OCHIIKEHH € pO3pOoOJICHHSI METOJy IHTEIEKTYaJbHOI'O PH3HK-
OpIEHTOBAHOTO aHAJI3y MYJIBTUMOAAIBHNX 0araTOBUMIPHHX JAHHUX, 110 3a0e3mnedye
(dbopMyBaHHST IHTETPOBAHOI OILIHKK CTaHy MACLCHTPATi30BaHOI CHCTEMH Ta
BUKOPHCTAaHHS OTPUMAHOrO pIiBHA pU3MKY MU QJalTUBHOIO pO3MOALTy ii
0oOMeXeHUX pecypciB. JIOCATHEHHS MOCTaBIEHOI MeTH mepenbayae po3poOIeHHS
crnoco0y y3ro/DKEHOTO TIPEJCTaBICHHS pI3HOPIAHUX iHQOpPMAIIWHUX TOTOKIB,
BU3HAYCHHS MEXaHi3My aJanTHBHOI iHTerpamii MOJaJbHHUX O3HAK, (HOPMYBaHHI
PHU3HMKOBOI OLIIHKHM Ta BCTAHOBIICHHS il B3a€EMO3B'3KY 3 IMPOLEAYPOI0 PECYpCHOTO
KepyBaHHA. EQeKTHBHICT  3ampOMOHOBAHOTO  MIJXOLY BHU3HAYAETHCS 32
MOKAa3HUKAMH SIKOCTi IHTENEKTYaJbHOrO aHamidy, CTIHKOCTI 10 HEMOBHOTH
iH(hopMarii Ta eEeKTUBHOCTI BUKOPHCTAHHS PECYPCIB.

1 ITocraHoBKa MPoGJIeMH Ta aHAJI3 iICHYIOUHX MiAX0AIB Ta myopikauii

[Ipobnema iHTENEKTyalnbHOrO aHAJi3y OaraTOBHMIPHMX IaHHUX Yy Cy4YacHHX
po3mnoAiicHnX cucreMax HaOyBa€ HOBOTO 3MICTy BHACIHIZIOK OJHOYACHOI 3MiHHU
xapakTepy iHdopmarii, criocoOiB ii OTpUMaHHS Ta yMOB MPUAHSTTS PillieHb. SIKIIo y
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KJIacH4HHX 3ana4ax MH mpuiyckaerscsi HasBHICTH BIZIHOCHO OZHOPIZHOIO HaGopy
O3HaK, c()OPMOBAHOTO B €AMHOMY iH(OpPMAIIIfHOMY CepelOBHINi, TO B CY4acHHX
JCEHTPANII30BaHNAX CHCTeMax JaHi (JOPMYIOThCS Ha Pi3HUX By3JaxX, HaIXOIATH i3
JDKepeNn  Pi3HOT TIPUPOAM Ta XapakTepU3yOThCS HEOJHAKOBOKO  YacOBOIO,
MPOCTOPOBOIO 1 CTAaTHCTHYHOK CTPYKTYyporo. lle 3MiHIOE BUMOTH 10 NOOYIOBU
IHTENICKTyalIbHUX ~MoJiesicli. BuHHMKae HEOOXiqHICTh HE TUIBKH BCTAHOBUTH
3aKOHOMIPHOCTI B JaHWX, & U BU3HAYWTH, HACKUIBKH 1H(OpMAIliS 3 OKPEMOro
JDKepenia € pelieBaHTHO0 IIOTOYHOMY CTaHy CHCTEMH, SIKOIO € il JOCTOBIPHICTh Ta K
1 BUKOPHUCTAHHS Ma€ BIUTHBATH HA MOJANIbIIE PIILICHHS.

OpHuM 13 HaWOUTBII PO3BHHEHMX HANpsIMIB PO3B'S3aHHA 1€l TPoOIeMH €
MyapTHMonanbHe MH, y Mekax sikoro nekinpka iHGopMariiHUX MOJaIbHOCTEH
BHKOPHCTOBYIOTBCS JUIsI (OPMYBaHHS CIIUJIBHOTO TIpEACTaBIEHHS o00'ekta abo
nporecy. Y paHHIX po0oTax OCHOBHA yBara NpHIisIIacs BU3HAYEHHIO MICILT 37HTTS
JaHUX y CTPYKTYypi Mozei. BiAmoBiaHO po3risaanvcs paHHs iHTerpallis IepBUHHIX
03HaK, MPOMiXKHE 00'€/JHAHHS JTATCHTHUX MPE/ICTABIICHB Ta Mi3HE 3IUTTS Pe3yJIbTaTIB
okpemux Mozened. Taka kiacugikaliis 3alHIIAETbCS KOPHCHOK JUIS aHall3y
apXiTEeKTypH, OJHAK Cy4YacHHil PO3BHTOK HEHPOMEPEKEBUX MOJIENeH iCTOTHO
YCKJIQJHUB MEXi MK eranmamMu BHWIYYeHHs O3HaK, iX iHrerpauii Ta (opMyBaHHSI
KIiHIIEBOTO pillleHHs. Y CyYacHHX CHCTeMaxX IIi oreparil MOXyThb BHKOHYBATHCS
CIJIBHO B MEKaX €JIMHOT IapaMeTpru30BaHoi apxirekrypu [16, 17].

I'muboke MynbTUMOAANbHE 3IMTTS JAHUX IPOJEMOHCTPYBAIO 3JaTHICTh
BpaxOBYBaTH HE TiUIbKH IHIWBIAyajbHI BIACTUBOCTI MOJAJBHOCTEH, ane W
B3a€MO3B'I3KH MK HUMHU. AHaii3 psay poOit [15, 16, 17] noka3sye, mo TpamumiitHi
MeToqM 00'eHaHHS HE 3aBKAM 34aTHI BIATBOPIOBATH CKJAIHI MiIXMOJAQIIbHI
3aJICXKHOCTI, TO/Ii SIK HeHPOMEPEKeBi MPEICTABICHHS JO3BOJISIOTH (POPMYBATH OLITBII
iH(pOpMaTHBHUIA CHUIBHUIA IPOCTip 03HAK. BoHOYAC aBTOpH Bi3HAYAIOTH HAsIBHICTH
rpo0OJieM, MOB'SI3aHUX 13 HEOAHOPIJHICTIO MOJAIBHOCTEH, CKJIAJHICTIO HABYAHHS Ta
HEOOXIIHICTIO BpaxyBaHHs B3aeMoOfii MiK JDkepenamu iHdopmarii [16].
JleMOHCTpY€eThCSl Tepexill 10 apXiTeKTyp, 3aCHOBAaHMX HAa MeXaHi3Max yBaru,
rpadoBux Mojelsx, encoder-decoder CTpyKTypax Ta BETMKHX ITONEPEIHHO HABYSHUX
mopensx. e cBiquuts npo Te, mo caMa 3agaya fusion yxe He Moxe OyTH 3Be/ieHa
JI0 KOHKaTeHallii 03Hak a0 MPOCTOro ycepeAHeHHs pe3ynbratis [17].

Oco0:11BOi yBaru 3aciyroBy€ MUTAHHS HEPIBHOLIIHHOCTI Pi3HUX MOAAIBLHOCTEIL.
V mpakTuyHiii cuctemi iHdoOpMaLiiiHi JKepena He € CTabLIbHO eKBiBaJCHTHUMU.
OpuH KaHAIl MOYKE MaTH BUCOKY TOYHICTD y IIEBHOMY [Tialia30Hi CTaHiB, ajie BTpayatu
iH(OPMATHBHICTh 3a IHIIMX yMOB. I[HIIMHA MOXXEe MICTHTH 3HA4YHY KUIbKIiCTh
MPOMYCKIB, IIyMiB ab0 3aMi3HiINX MOBiAOMIEHb. TOMY BHUKOPHUCTAHHS MOCTIHHHX
Koe(iI[ieHTiB 3MUTTSI € OOMexeHHM pimieHHsM. HaBiTh SKIIO ONTUMAJbHI Baru
BHU3HAYCHO [MiJ{ YaC HaBYaHHSI, BOHU MOXYThb IEPECTaTH BiAMOBIJATH PEATbHOMY
posnoiny iHdopmMariHOT IIHHOCTI MM/ Yac eKcruTyaraii cucremu [18].

JlopaTkoBe yCKIJIQJHEHHSI CTBOPIOE HEMOBHOTA MYJIBTUMOAANBHOT iHQopMartii. Y
peaIbHIX YMOBaX BiJICYTHICTh MIEBHOI MOAAIBHOCTI MOXE OYTH HACIiIKOM BiIMOBH
CEHCOpa, TMOPYIICHHA KaHaly 3B'A3Ky, OOMEXEHHS CHEProCIOXXUBAaHHA abo
BIJICYTHOCTI BiTIOBiTHOTO JKEpENa Ha KOHKPETHOMY BY3Ji. Y pe3ylbTari MOJENb,
sIKa HaByajacs Ha MOBHOMY Ha0Opi MOJAJIbHOCTEH, MOXKE IEMOHCTPYBATH CYTTEBE
MOTIPIIEHHsI IKOCTI MiJ] Yac poOOTH 3 HEMMOBHUM 1H()OPMAIIHHIM MPEICTaBICHHSIIM.
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Cy4acHi TOCJIiDKeHHS TTOKa3yIOTh, 10 JaHa HpobiieMa OXOIUIIOE MPOIYCKH, LIyM,
JucOanaHe Ta JUHAMIYHY 3MiHY SIKOCTI OKpeMux mkepen. OTxe, HaaidHICTh CHCTEMHU
MYJIBTHUMOJAIGHOIO —aHaNi3y HE MOXE BH3HAYAaTHCS JIMIIE [IOKa3HHKAMH,
OTPUMaHUMH Ha TIOBHOMY Ta MOTIEPETHRO OYHIIICHOMY Habopi nanux [19].

BaxJMBUM ~ HampssMOM  pO3BHTKY MYJIBTUMOJAIBHAX  MOJENICH  crain
apxitextypu I'H Ha 6a3i TpanchopmepiB. IX 3acTocyBaHHS 103BONMIO HEPEHTH Bif
JIOKaJIBHOT'O aHaJIi3y OKPEMHX O3HAK JI0 MOJCIIOBAHHS CKJIAJHHX 3aJICKHOCTEH MiXK
eJeMeHTaMH pi3HHUX iHQopManiiiHux mocmigoBHocTeil [19]. IlepeBaroro Taxoro
MAXOMy € 3/MaTHICTh MOJETi aJanTHBHO BH3HA4YaTH iH(OpMamiiHO 3HAYYIi
KOMITOHEHTH BXIJHHX TIOCITiJOBHOCTeH. Pa3oMm i3 THM BHCOKa 0OYHCITIOBaJbHA
CKJIQIHICTb TAKHX MOJieJIel 0OMeXye MOXKIIHBICTB 1X O€3110CepeJTHROTO IEpEHECEHHS
Ha mnepudepiiHi By3nMH 3 OOMEKEHHMH pecypcaMH. Y JeIeHTpalTi30BaHOMY
Cepe/IOBHUIL[ BUHHUKAE KOMIIPOMIC MiXk SIKICTIO TPECTABICHHS JAHHX Ta BHUTpaTaMu
Ha OOYHCIICHHS, TIaM'sTh 1 TIepelaBaHHsI TapaMeTpiB.

[HmMH nepcneKkTHBHMI HampsAM MOB'S3aHMI 13 BHKOPUCTaHHAM rpadOBUX
HEUpOHHUX Mepex. JIIs PpO3MOIiIeHOT Mepexi MPUPOJHUM TMPEACTABICHHAM
cUCTeMH € Tpad), BEPIIMHH SKOIO MOXYThb BIiJINOBIJATH OOYMCIIOBAILHUM 200
CEHCOPHHUM BYy3J1aM, a pedpa XapakTepH3yBaTH KOMYHIKaI[iiHI 3B'I3KH, 3aJI€)KHOCTI
MK pKepenamu abo B3aemopito iHpopMmaniiHnx mnotokiB. GNN-Mmozenmi JaroTh
MOXIMBICT BPAaxOBYBaTH XapaKTEPUCTHKH OKPEMOIO By3Jla Ta KOHTEKCT HOro
B3a€MO/II1 3 IHIIUMH eJIEMEHTaMHU MEPEKi, 1110 BiJpi3Hsie rpadoBe NpeCTaBICHHS BiJl
TpagMLiiHOro Tabiu4Horo onmcy crany [20, 21]. Jns 3agad, y sSIKMX HE0OXiTHO
NpUHMATH PIIICHHS B PEXHUMi, OJU3BKOMY 0 PEaJbHOr0 Yacy, BUHHUKA€ IUTaHHS
JOLIIBHOCTI BUKOPUCTaHHA MaKCHMAJIBHO CKJIAAHOI apXiTeKTypHu. SIKIO mpupict
TOYHOCTI CYHPOBOKYETHCS 3HAYHHM 301JIbILICHHSM Yacy oOpoOJieHHs, mam'aTi abo
MEPEKEBOro 0OMiHY, MOJIENIb MOXKE BHUSBHTHUCS HEMPHIATHOIO s nepudepiitHoro
BHUKOPHCTaHHs. TakuM YHHOM, y 3ajadi ICLEHTPAIi30BaHOr0 aHaiizy HeoOXiJHO
OLIIHIOBATH HE TLIBKH SKICTh MOJEINI, aie i LiHy OTPHUMaHHs BiJIOBiJHOI OLIHKH.
Oxpemuii KJlac METOJIB YTBOPIOIOTh MOJIEINi HPOTHO3yBaHHS (PiHAHCOBUX PH3HKIB.
®dinaHCOBI JaHi € 0COOIMBO CKIaJHUM O0'€KTOM IHTENIEKTYaJbHOIrO aHali3y 4yepes
HeIiHIHHICTh, YaCOBY 3aJICXKHICTh, 3MiHY CTATHCTUYHHX BIACTUBOCTEH Ta B3a€MHUIA
BIUIUB (akTOpiB. Y MOCHIDKEHHSIX (PIHAHCOBOIO PHU3UKY BHKOPHCTOBYIOTHCS
KJIACUYHI METOJIU CTATUCTUYHOrO aHali3y, JiepeBa pillleHb, aHCAaMOJIEB] alrOpUTMH,
HelpoHHi Mepexi Ta ribpuani moneni. CydacHi OMJIAAM MOKAa3yIOTh MOILIMPEHHS
koMmOinarii mozeneit Ha 6azi CNN, LSTM ta MexaHi3MiB yBaru Ijs aHaiizy
¢dinancoBux uacoBux psgiB [22]. IlepeBaroro Takux Mojeneil € MOMKIHUBICTH
OJITHOYACHOTO BHIIYYEHHS JIOKaJbHUX 3aKOHOMIPHOCTEH Ta 4acOBUX 3aJICKHOCTEH.
[Ipore OiNBIICTh POOIT KOHIEHTPYETHCS HA MiJBHIIEHHI SKOCTI MPOrHO3YBaHHS
KOHKpEeTHOro ()iHAHCOBOTO TOKa3HUKAa ab0 PU3UKOBOro Kiacy. MeTojonoriuyHa
mpobyieMa MONsIra€ B TOMY, L0 PU3MKOBA OIiHKAa y (iHAHCOBIM 3amadi 9acto
po3TIsiiaeThesl K KIiHIEBHHA pesynbraT Mopmenm. JlomatkoBum (akTtopoM €
HEOOXITHICTh iHTepmperalii PU3MKOBHX pimenb. [Iust (iHAHCOBHX cHCTEM 1ie
MOB'SI3aHO 3 BUMOTaMH 10 JOBipH, KOHTPOIO Ta MOXJIMBOCTI MOSCHEHHS MPUYUH
OTpUMaHOTO pe3ynsTaty [23]. 17 3anponoHoBaHOI IPOOIEMATHKH 1Ie 03HAYAE, IO
PHU3UK-OPIEHTOBAaHWI MEXaHi3M HE IMMOBHHEH OYTH MOBHICTIO BiIOKpEMIICHHH Bijg
iH(opMaliHHIX XapaKTEPHUCTHK, Ha SIKUX BiH 0a3yeThes.
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[HIy Trpyly CTaHOBJSTH METOAM pO3HOAiICHOro HapyaHHs. OpHiewo 3
NPUHIMIIOBUX TMPOOJEM [ELEHTPalli30BaHUX MEpeX € Te, IO LEHTPaIi30BaHe
30MpaHHs BCIX MEPBUHHHMX [JaHUX HE 3aBXIu MoxiuBe. DejepajbHe HaBYAHHSI
3aIIPOIIOHYBAJIO MOJEIb, Y Kl JaHi 3aIUIIAOTECS JIOKAIBHO, a INI00aIbHa MOJEIb
(bOpMy€THCsI IUISIXOM arperyBaHHsI JIOKAJIBHUX OHOBIICHb, SIK 1€ [TOKa3aHO aBTOpaMHt
Ha TIPHKJIa]{i MOYKJIUBICTI CYTTEBOTO CKOPOUYEHHS KOMYHIKAIIHHIX BUTPAT MOPiBHIHO
3 CHHXPOHHHM IIEHTpaTi30BaHNM HaB4aHHsM [24]. [IpoTe dheneparnBHe HaBIaHHS HE
PO3B'S3y€ aBTOMATHYHO MPOOJIEMy reTepOreHHOCT JaHuX. JIOKAIbHI BY3IIH MOKYTh
MaTH pi3HUHA o0csT iH(popMamnii, HEOAHAKOBI PO3MOIIIN KJaciB Ta pi3HI Habopm
MoJanbHOCTEH. Y Takii cuTyamii OJHaKOBa yd4acTh KOXKHOIO By3Ja B arperyBaHHI
MOe OyTH HeIocTaTHhO OOIpyHTOBaHOW. OIHMH BY30J MOXE MAaTH JOCTYI [0
YacOBHX PSIIIB i CeHCOpHOI iH(opMaItii, iHIIN MOKe MICTHTH TUTBKH CTPYKTYPOBaHi
XapaKTePUCTHKH, a TPETIl MOYKe XapaKTepH3yBaTHCsl OOMEKEHOIO SIKICTHO TaHuX. Lle
CTBOpIOE TIEpeIyMOBH JUISl TIOEAHAHHS ajanTWBHOro fusion i3 MexaHi3MaMu
PO3IOIIJICHOr O HAaBYaHHSL.

IMapanenbHO PO3BHBAIOTHCS METO/IH IHTEIEKTYaIbHOIO KEPYBaHHS PeCypcaMH B
edge ta loT-cepemoBmmax. 3okpema y [25] posrisHyro BukopuctanHs [H 3
MAKPIIUIEHHSAM U1 3afa4 OoOYMCIIOBANTBFHOTO Xapaktepy y edge cekropi [25].
ABTOpU BUXOMATH 13 TOTO, IO CKJIAAHUH i THHAMIYHUHA CTaH Mepexi YCKIIaIHIOE
3aCTOCYBaHHA TPAJMIIHHUX METOHIB  ONTHMi3amii. AHAJOriYHI  MiAX0AU
BHUKOPHCTOBYIOTBCS Ul CHUIbHOTO BupileHHs 3amad offloading Ta posmoginy
pecypciB y crienianizoBanux edge-cepenosumiax [26]. I[lepeBaroto Takoro maxony €
3[aTHICT aJaNTyBATH IOJITUKY 10 AWHAMIYHOI 3MiHH cTaHy cucTeMu. OHaK cTaH
CepeloBUILlA 3a3BUYAl 33/a€ThCSl IapaMeTpaMH HABAHTAXKCHHA, JOCTYIHOCTI
KaHaJiB, OOYMCIIOBAJIBbHOI IOTYXKHOCTi, EHEPreTHYHOro 3amacy Ta IHIINX
MEpPEeXEeBUX XapakTepucTHK. [HdopMmaniiiHuii pU3UK sSK OKpeMa CKJaZoBa CTaHy
HalyacTile HE PO3IJIANAETHCA, YHACHIOK L(bOTO AITOPUTM MOXE ONTHMAaJbHO
PO3HOIUIATH PECYPCH 3 TOYKH 30py 3aTPUMKU ab0 €HEpProCIOXUBAHHS, ajle He
BpPaxOBYBaTU KPUTHYHICTh 3aBaaHHs. llle omHMM OOMEKEHHSIM TpaguLiiHHIX
MOJIeJIell pECypCHOTO KepyBaHHs € TXHsl Opi€HTAlisl HAa TOTOYHUIA CTaH Mepexi. Y
TaKoMy pa3i pitieHHs pOpMy€eThCsi Ha OCHOBI JOCTYMHHX y LI MOMEHT PecypciB, a
HE [POrHO30BaHOI0 PO3BUTKY cTaHy. [loeqHaHHs pi3HUX MiAXOAIB 10 aHAJI3Y JaHUX
JO3BOJISIE  YaCTKOBO YCYHYTH I[f0 MpOOJIeMy, OCKUIBKH TPOTHO3  MOXKe
BUKOPHCTOBYBATUCS Ul NONEPEIHBOr0 BU3HAYEHHS Mail0yTHHOIO HaBAHTA)KEHHS
abo BHOOpY ONTHMaJIbHOrO Micusl BUKOHAaHHA 3aBmanHs [27]. OmHak i TyT
MPOTHO3HUI MOJTYJIb T4 MOZYJIb KEPYBaHHs 3a3BHYail 3aIMIIAIOThCA yHKIIOHATIBHO
posninennmu. HeoOXiaHiCTh iHTErpyBaTH MPOTHO30BaHU# PU3UK, IKICTh iHpOpMaIIii
Ta PECYPCHHUIT CTaH y €IMHY MOZEIb IPUIHATTS PillIeHHS 3aIMILIAETHCS aKTYaIbHOIO.

3HavHUI IHTEpeC CTAHOBJITH TAKOXK OAaraTOareHTHI Ta PO3MOMALICHI ITiIXO/H.
BoHu 103BONSIIOTH  JEKITBKOM By3JlaM CaMOCTIHHO MOpPUIMATH  PillleHH,
KOOpJMHYIOUM CBOI fii uepe3 oOMiH iHpopmariero. Takuii MexaHi3M Kparie
BIJIMIOBIZIa€ CTPYKTYPI ACHEHTPATi30BAHOT MEPEXKi, HiXK IIEHTPaJII30BaHUI KOHTPOJIEP,
OCKUTBKH 3MEHIIYE 3aJIe)KHICTh CHCTEMH BiJl €JHHOTO BYy3Ja MPUHHATTA PIIICHb.
Pa3om 13 THM 3pocTaHHA KiJIBKOCTI areHTiB 301JIbIIy€ MPOCTIp MOXKIUBUX CTaHIB i
I, a OTKe, YCKJIaJHIOE Tpolec HaB4YaHHA. KpiM TOro, KOXKEH areHT MOXe MaTH
JIMIIE YaCTKOBE CIIOCTEPEKEHHS 3a INIOOATbHUM CTaHOM MEpeKi. Y TakuX yMOBax
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SIKICTB JIOKQJIBHOTO PIillIEHHS 3aJIEKHUTH Bil TOT0, HACKUIBKH NPABIJIGHO iHTETPOBAHO
JIoKaneHy iHpopMmamito 3 iHQopMmali€o, OTPUMAHOK BiJ IHIIMX BY3IB.
VY3aranpHEeHHS pPe3yJbTATIB aHANI3y JO3BOJIIE BHIUTUTH JIEKiJIbKa HPUHIIUIIOBUX
oOMekeHb iCHyroUHX miaxoaiB. [lo-miepiie, OUTBIIICTE MYJIBTHMOJAILHIX MOJIENCH
ONTHMI3Y€ThCS 33 KIHLEBOK SKICTIO IPOTHO3YBAaHHS 1 HEOCTATHRO BPAaXOBYE
BapTicTh 00poOneHHs. [lo-apyre, (QiHAHCOBI PHU3HMKOBI MOJENi  3a3BUYAil
3aBEPINYIOTECSI ()OPMYBAHHSIM MPOTHO3HOI OIIHKM T4 HE BUKOPHCTOBYIOTH 1i SIK
OesrnocepenHili mapamMeTp KepyBaHHS pecypcamu. llo-Tpere, METOIM pecypcHOro
KEpyBaHHS MEPeBaXHO MPALIOIOTH i3 TEXHIYHMMH IapaMeTpaMH MeEpexi Ta He
BPaxoBYIOTh iH(OpMaIliiiHy KpPUTHYHICTH 3aBraHb. [lo-uerBepre, ¢eneparnBHe
HaBuaHHS 3a0e3medye JIOKaJbHICTh [JaHUX, aje He TapaHTye aJeKBaTHOTO
BpaxyBaHHS HEOJHAKOBOI iH(opMariiHOI IiHHOCTI By3MiB i MonaibHOcTei. [lo-
m'ste, CKIajHI HEWPOMEPEKEeBI apXiTEKTYpH MOXYTh OyTH HENPUAATHUMH IS
nepudepiiiHoi pearizanii 6e3 creniaTbHOro MexaHi3My alanTarii 004HUCIFOBAIBHOTO
HaBaHTAXXCHHS. AHANITHYHE MOPIBHSIHHS ICHYIOYHX MiIXO/IiB HaBe/IeHO B Talui 1.
IMopiBHAHHS NOKAa3ye, 0 HAKOUIBII NEPCIIEKTUBHUM HANpsMOM € (YHKI[IOHAJIbHE
TOEHAHHS TlepeBar pi3HUX AJTOPUTMIB. MyIbTUMOIANBHI MOJENi JOULTEHO
BUKOPHCTOBYBaTH i1 (hOpMyBaHHSA iH()OPMAIIHO HACHYEHOTrO IPEACTaBICHH,
4acoBi MoJemi Uil BpaxyBaHHS JWHAMIKHM, TpagoBi MoOIeNi i1 OIUCy
B33a€EMO3aJIGKHOCTEH MiXK By3nam, a riopuani monenmi 'H 3 migkpiruieHHIM s
aZanTUBHOrO BHOOpPY niil. [Ipy boMy HEOOXiIHO 3aMIPOBaANUTH IIPOMIXKHY PH3HKOBY
XapaKTEPHUCTHKY, KA MOB'A3y€e Pe3yJIbTaTH IHTENEKTYaIbHOTO aHaJli3y 3 PECYPCHOIO
TOJIITUKOIO. 3 ypaxyBaHHAM NPOBEICHOI0 aHAJII3Y MPOMOHYETHCS PO3IILIATH PH3UK
SIK IHTErpajibHUI CTaH, M0 (OPMYETHCS Ha OCHOBI IEKLTBKOX iH(pOpMamidHKUX
MOJaJIbHOCTEH 1 BU3HAYA€ MPIOPUTETHICTH MOAAIBIIOI0 BUKOPHCTAHHS PECypCiB.
BigmoigHo, HaykoBa mpoOiema MoJsirae y HEOOXiJHOCTI PO3pOOJICHHS TaKoro
cnocoOy ixterpanii MAJ], 3a sikoro pi3Hi mxepena iHpopMmanii BpaXoBYIOTBCS 3
ypaxyBaHHsM iX MOTOYHOI iH(OPMATHBHOCTI Ta HEBH3HAYCHOCTi, a cHhopMoBaHa
PHU3MKOBA OL[HKA BHUKOPHCTOBYETHCS HE JIMIIE JUI1 HPOTHO3YBAaHHS HeOaaHHX
CTaHiB, a ¥ /U1 aJanTHBHOTO KEPyBaHHA OOMEKEHHMH pecypcamu
JeueHrpaizoBaHol Mepexi. OTxe, aHadi3 HAYKOBHX MyOJikauiii miaTBepmIKye
HasBHICTb JOCTATHBOI TEOPETHYHOI OCHOBHM JUII OKPEMOr0 BHUKOPHCTAHHS
MyabTuMoanbHoro 'H, ¢iHaHcOBOro pusuk-aHamily, rpagoBOro MOJACITIOBAHHS,
(benepaTUBHOr0 HaBYaHHA Ta IHTEJEKTYaJIbHOIO KepyBaHHsA pecypcamu. BoaHouac
X po3aiiibHE 3aCTOCYBaHHS He 3a0e3leuye MOBHOTO PO3B'I3aHHs 3amadi, y sKii
iH(popMariiiiHa HeOTHOPIAHICTh, PU3KK Ta PECYPCHI 0OMEKEHHS B3aEMHO BILTUBAIOTh
omuH Ha onHoro. Came I HEBiJMOBIJHICTh BU3HAYA€E AOULIBHICTH PO3POOICHHS
iHTErPOBAaHOTO  PU3HMK-OPIEHTOBAHOTO  METONY, 11O TIO€AHYE  aJaNTHBHY
MYJIBTUMO/IANIbHY 1HTETPALlifo JaHUX i3 MeXaHi3MOM (JOPMyBaHHS Ta BUKOPUCTAHHS
PHU3HMKOBOI OIIHKK Mg KepyBaHHS pecypcaMu [eLeHTPaTi30BaHOI Mepexi.
[Momanpimit pO3BUTOK HOCTIIKSHHS MOB's13aHuUil 13 opMati3alliero Takol MoJesi Ta
BU3HAYCHHSM MATEMAaTHYHUX 3aJEKHOCTeH MiX iH(GOpMAIIHHMM CTaHOM, PIBHEM
PH3HUKY Ta PECYPCHOIO MOJITHKOIO.
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Taoauus 1.
AHaniTHYHe NOPIBHSAHHS iICHYIOYHX MiJAXO/iB
TTinxin OcHOBHHI CuiabHa KiouoBe IlepcnexkTuB
TPHHIMIT CTOpPOHA 00MeKeHHS a inTerpamii
MyunbTi- CrinbHe BpaxyBanns YyTauBicTh 10 AnanTuBHE
MOJaJIbHE MIPe/ICTaBICHHS B32€MOJIO- HPOIIYCKIB, 3Ba)KYBaHHS
rIIHOHHHE PI3HHX MOJAIIb- HOBHIOBAJIBHOT mymy 3a SKICTIO Ta
3IUTTS HoCTel indopmanii PHU3UKOM
T'i6punHe Tloennanus BusiBnenns OpienTanis IlepenaBanus
MPOTHO- CNN, LSTM, HPOCTOPOBHX 1 MEPEBAXKHO HA MPOTHO-
3yBaHHS Transformer ta YaCOBUX TOYHICTB 30BaHOTO
YaCOBHX yBaru 3aeXHOCTEeH HPOTHO3Y PH3HKY B
psiniB KOHTYP
KepyBaHHs
I'pacose IIpencraBnenus VYpaxyBaHHs Bucoka [Moennanns
iHTeTeK- BY3JIiB Ta 1X CTPYKTYPHHX CKJIAJTHICTh Ta GNN 3
TyallbHe B3aeMOiH 3aIIeKHOCTEH CKIIaJIHE multimodal
MO/IeNI0- rpadom Mepexi BpaxXyBaHHs fusion Ta risk
BaHHSI SIKOCTI JaHUX assessment
DRL nns HaBuanus AlanTHBHICTH Pusuk yacto DopmyBaHHS
KepyBaHHs HOJITHKY Ha 0a3i JI0 AUHAMIKH HE BXOJMUTH 10 risk-aware
pecypcamu CTaHy, Mepexi CTaHy Ta MOJIITHKH
BHUHAropoau byHKuii poznoiny
BHUHAropoJiu pecypcis

2 ®opmadtizamisi Ta po3podKa 3aPONOHOBAHOT0 METOAY

3anpornoHoBaHMH y poOOTI MeroJ CcHpAMOBaHMH Ha MOOYJOBY €IMHOIO
AHAJITUKO-KEPYIOYOTo IMiAX0IY, Y SIKOMY MYJIBTHMOIANIBHI JIaHi, 0 HaAXOAATh BiJ|
JNCLEHTPAII30BAaHUX  BY3JiB, IHTErPyIOThCS 3 ypaxyBaHHAM IX MOTOYHOI
iH(popMaLiitHOl WIHHOCTI, MICJs YOro Ha OCHOBI C(HOPMOBAHOIO IMPECTABICHHS
BU3HAYAETBCA PHU3UKOBHI CTaH Ta IPUHAMAETHCS PIMIEHHS LIOA0 PO3MOIITY
JOCTymHHX pecypciB. Taka mocTaHOBKa BiIpI3HAETBHCS BiJl HOCIIIOBHOTO
3aCTOCYBAHHS HE3aJIC)KHUX MOJENEH THM, 110 PE3yJIbTaT IHTENEKTYaIbHOTO aHali3y
0e3nocepeIHFO BILUTUBAE HA MOJANBLINE pexuM (yHKUiOHYBaHHs cucTeMu. [Ipu
LBOMY PECYpCHI OOMEXEHHsS TaKOX PpO3IJIIAIOThCS SK (haKToOp, L0 BH3HAYAE
MOXITUBOCTI 00poOieHHs iHpopManil Ta, BiIMOBIAHO, MOBHOTY AaHAITHYHOIO
MpeACTaBlCHHsA. Y  3ampOIOHOBAaHi  MOJENi JeleHTpali3oBaHa  Mepexa
PO3TIISAAETHCS SIK MHOXKKHA B3a€MO/IIFOUHMX BY3JIiB, KOXKEH 13 SIKMX Y IEBHUA MOMEHT
4yacy MOXKe OTPUMYBaTH [ekiibka TumiB iHdopmarii. Taka iHpopmaiiss Moxe
XapakTepu3yBaTd (piHAHCOBI  omeparii, PUHKOBI TOKA3HUKU, MOBEIiHKOBI
XapaKTepUCTHKH, YacOBi MOCIIJOBHOCTI, TeXHIYHMU CTaH By3na ab0 mapameTpu
MepekeBol B3aeMOJii. 3aleKHO Bif TPEIMETHOI O0NIAaCTi KOHKPETHUH CKIan
MOJANbHOCTEH MOXe 3MIHIOBATUCS, OMHAK TMPHHIMO iX CIUIBHOTO aHaji3y
3aJIMIIAETHCS HE3MIHHUM.

2.1.1 Mopeab MyJIbTHUMOJAJIBHOIO CHOCTEPEKEHHsI TAa OLiHIOBAHHS SIKOCTI
JaHUX

Hexaii meneHTtpanizoBana mepeka MicTHTh N By3IiB, a Ha KOXXHOMY BY3Ji
noctynHi M indopmaniiinux MopansHOCTeH. CYKYIHICTB CLIOCTEPEKEHb, OCTYITHUX
Ha By3J1i | Y MOMEHT Yacy t, 1oJ[amMo y BUIJIsI
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t t t t
Xi() :{Xi(,l)’ Xi(,2)7"" Xi(,l\)ll ' @

t -
Jc XI( )— ITOBHA MHOKHHA MYJIETUMOJAIBHUX CIIOCTCPEKCHb HA BY3J11 | Yy MOMCHT

t S . -
qacy t, Xi(,\),l — JaHi M -{ MOJJAJIBHOCTI Ha By3J1l | y MOMEHT 4acy t.

[TpuHIMIIOBHM 11 TTOaBII0] OOPOOKH € Te, IO HasIBHICTH JaHHX HE 03HAYAE
OJTHAKOBY 1H(OPMAaTHBHICTh KOXXHOTO hkepena. Ha mpakTumi sIKicTE OKpemoi
MOJaJIBHOCTI MOXK€ 3MIHIOBaTHCS 4Yepe3 IIyM, MPOIYCKH, 3aTPUMKH IepeIaBaHHs,
HecTaOUTBPHICTh CEHCOpHOro oOnamHaHHA abo 3MiHy XapakTepy MpoIecy, IIIo
criocrepiraetecs. ToMy Tepes iHTerpamieo JaHuX HEeOoOXiJTHO BH3HAYHTH MOTOYHY
SKICTh KOXKHOTO iH(opMmariifHoro moroky. s HbOro KOXHIH MOJAIBHOCTI

. P o . t
CTaBUTBHCA Yy BIATIOBIIHICTE HOPMOBAHHHU ITOKa3HUK SIKOCT1 ql(Tzl’ 3HAYCHHA SKOIr'o

HanexuTh iHTepBany Big 0 no 1. HysipoBe 3Ha4yeHHs BiANOBimae curyarii, KOJIU
iHpopMalist MPaKTHYHO HENpUAaTHA JUISl IMOTOYHOTO aHaNi3y, TOAI SIK 3HAYCHHS,
Onu3bKe 10 OJJUHMII, XapaKTepH3y€e BUCOKUH piBeHb il IOCTOBIPHOCTI Ta MOBHOTH.
Ha ocHOBI 11b0ro noka3Huka opMyeThcs alalTHBHA Bara MOJAIBHOCTI

W exp(aq®) 2
ﬁeXp(aq{‘J)
=1
(t)

(t) .. . .
ne W; © — HOpMOBaHa Bara M-i MOJanbHOCTI Ha By3ui | y MomenT wacy t, O, —

im

OLIIHKa SIKOCTI M-i MOZAaIbHOCTI, OL- MapamMeTp YyTIMBOCTI MEXaHi3My 3Ba)KyBaHHS
10 3MiHH siKocTi iHQopmanii, K - iHIEKC MOJAIBHOCTI, 32 SKOK BHKOHYETBCS
HOpPMYBaHHS. BHKOpPHCTaHHS SKCIOHEHI[ITHOr0 HOPMYBAaHHS I03BOJISIE YHHKHYTH
JKOPCTKOTrO BificikaHHs iHQopMaliiHuX JDkepen. HaBiTh MOJANbHICTh i3 BiZHOCHO
HM3BKOIO SIKICTIO HE BHIIYYAa€ThCSl ABTOMATHYHO, a 3MEHILYE CBiff BIUIMB Ha
iHTerpoBaHe npenacraBieHHs. Lle BaxuinBo [yisl AELeHTPani30BaHOT MePEexkKi, OCKIIIbKU
THMYacOBE MOTIPIICHHS OJHOr0 KaHaIy He MOBUHHO IPU3BOJUTH 10 MOBHOI BTPATH
Bi/IOBIqHOrO iHpOpMaLiiiHoro Hampsimy. [lapameTp o BU3HAYAE, HACKITIBKU LIBUIKO
3MIHIOETHCSI CITiBBiIHOIICHHS MI)K BaraMu IpH 3MiHi SIKOCTi. 32 HEBEIUKUX 3HAYCHb
LBOTr0 MapamMerpa CHCTeMa MOBOAUTHCS OLIBII TOJEPAHTHO 0 BiAMIHHOCTEH MiXk
MOJaJIbHOCTSIMH, HOro 30UIbIICHHS MOCHIIOE BIUIMB HAHOLIBII SIKICHOTO [DKepena.

t . .
BusHaueHHs mOKa3HUKA ql(% MOX€ BHKOHYBAaTHCSI HAa OCHOBI CYKYyIHOCTI

XapaKTePUCTHK, cepell SIKUX JOLIBHO BPaxOBYBaTH YacTKy HPOIYIICHUX 3HAYEHb,
piBeHB IIyMy, YacOBY aKTyalbHICTh, CTAOINBHICTh MEpefaBaHHs Ta Y3rOKSHICTh
inpopManii 3 IHIIUMH JOCTYIHHMH JDKepeilamMu. BakinBo, 10 caM MexaHi3Mm
OILIIHIOBAHHS SIKOCTI HE TMOBHHEH OYTH »OPCTKO MpPHUB'I3aHUA 10 KOHKPETHOT
npeaMeTHOi obnacti. Lle 3a0e3neuye MOMIMBICTh BUKOPHCTAHHS METOIY SIK IS
(hiHaHCOBHX MOTOKIB, TaK 1 IJIsl CEHCOPHOI 200 MepekeBoi iHpopMartii.

2.2 AnanTuBHE 3JIMTTS MOJAJIbHOCTel Ta (opMyBaHHsI iHTErpoBaHOro
npeACTaBJIEHHS

[Ticns omiHIOBaHHS SIKOCTI KOYKEH iHGOpPMAIiITHAI TIOTIK 00pOOIISETHCS OKPEMIM
MOJQJIBHUM €HKOJICPOM, Yepe3 Te, L0 CTPYKTYpa PI3HUX THIIB JaHUX MOXKE CYTTEBO
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Bimpi3HATHCA. [IJI1 YacoBHX TMOCHIJOBHOCTEH JOUUIBHUMH € MOJEN, 3JaTHi
BpPaxoOByBaTH 3aJ€KHOCTI MDK TIONEpeNHIMH Ta IOTOYHMMH cTaHamu. Jlis
CTPYKTYPOBAHHX IaHUX MOXKYTh BHKOPHCTOBYBAaTHCS 0OararToIiapoBi MEpHENTPOHU
abo iHmi Mozeni TaOIMYHOTrO NpeNCTaBICHHA. Y BHUIAAKY T'padoBOi CTPYKTYpH
MepexXi JOIJIBHUM € BHUKOPUCTaHHA TpadoBOrO €HKOAepa, SKHH BpaxoBye
B3a€EMOJIIF0 By3iB. [1OpHIHICTH 3alPOIIOHOBAHOTO METOJNY peali3yeThcs depes
(YHKITIOHATEHHI PO3IIOIII poseii MK Pi3HUMH MOAeIsIME 00po6ieHHs. st KosKHOT
MOJaJIBHOCTI (POPMYETHCSI JIATEHTHE NPEICTaBICHHS

Zin = Tu(§:0n), 29, ©

i,m?
(t) . . ..
ne Z; ; — TaTeHTHe NPeCTaBJICHHs M-i MOATbHOCTI Ha By3JTi | y MOMEHT Jacy t, fm
— (YHKIIisl €HKO/Iepa Bi/ITOBIJHOT MOJaIbHOCTI, Xi(‘% — BUXIIHI JaHi MOJAILHOCTI, em

— IapaMeTpy eHKozepa, d — pO3MIPHICTE CIIIIBHOIO JIATEHTHOTO IIPOCTOPY.
[puBeneHHs MOIANIBHUX IMPEACTaBIEHb IO €JUHOTO JATEHTHOTO IPOCTOPY €
HEOOXiIHOI0 YMOBOK iX TMOJAIBIIOrO TOpPiBHSAHHA Ta iHrterpauii. Ilpu mbomy
KOHKPETHA apXiTeKTypa MOXKe BiZpi3HATHCS TSl Pi3HUX MoJanbHOCTel. Hanpukian,
yacoBHil MOTIK Moxke oOpoOmstucs LSTM a6o Transformer, nokanbHI 4HCIOBI
xapakrepuctTuku - MLP, a crpyktypHi 3anexsocti Mk Bysmamu — GNN.
BaxxiMBHUM € He BUKOPHCTAHHS MEBHOI MOJENI SIK TaKoi, a 3a0e3MeUeHHs CHiJIbHOT
PO3MIPHOCTI MPeICTaBIEHb, IO I03BOJISIE BUKOHATH iX aJlalITUBHE 3JIUTTA.
InTerpoBane mnpencraBieHHA Bysna (GopMyeTbcs SK 3BakeHa KOMOiHamis

JIATCHTHUX HpeL[CTaBJ'IeHL
(t) _ (t) 5 (1)
Zi = iwi,mzi,m ’ 4
m=1

t . .
ne Zi( )_ IHTErpoBaHe JIATEHTHE TPEACTABIEHHS CTaHy By3Jla | Yy MOMEHT uacy t,

t . .ot
Wi(n)ﬁ aJanTHBHA Bara M-i MOJAJILHOCTI, Zi(% — JIaTeHTHE TPEICTaBICHHS

BIiJINOBITHOT MOJAIBHOCTI.

Ha Biaminy Big mpocroro 00'eqHaHHSI 03HAK KOHKATCHAIII€I0, 3aIPOIMIOHOBAHUI
MeXaHi3M ZI03BOJISIE BPaxyBaTH MMOTOYHY iHQOPMALiiiHy LIHHICTh HKepel. Y HboMy
BUIIA/IKy IHTErPOBAaHE NPEICTABICHHA € JMHAMIYHOI XapaKTepPHCTHKOIO, SKa
3MIHIOETBCS HE TUIBKM IIiJ BIUIMBOM CaMHX JAHMX, aj€ M 3ale€KHO Bij IX SIKOCTI.
SIKiio, HATPHKIAL, OJUH i3 TOTOKIB XapaKTepH3yeThCs 3HAYHOIO KINBKICTIO
NPOMNYCKIiB 200 BTPAaTOK AaKTYalbHOCTi, HOro Bara aBTOMAaTHYHO 3MEHIIYETHCS.
BoxHouac iHI MOJaNbHOCTI OTPUMYIOTH OUIBIIHNA BiJJHOCHHUI BIUIMB Ha CIiJIbHE
nmpeAcTaBieHHs. Takuii MexaHi3M OCOONMBO BaXIIMBHHA y JEIEHTPaTi30BaHUX
Mepekax, OCKLIbKH SKIiCTh iHGOpMAIli Ha Pi3HUX By3nax Moxke Biapi3HsaTucsa. Onun
BY30J1 MOKE MaTH TOBHHUI Ha0ip MaHUX i JOCTATHIO OOYMCIIOBAIBLHY MOTYXKHICTB,
TOJI SIK 1HIIWI TpamoBaTHME 3 0OMEKEHOIO KUIBKICTIO MOJAIBHOCTEH. MeTo He
BHMarae, mo6 iHpopMaliifHa CTpyKTypa BCiX By3IiB Oylia TIOBHICTIO 1I€HTUYHOIO.
3MiHa CKJIaay HOCTYITHUX JAaHHUX BiOOpakaeThCs Yepe3 3HAUCHHS TOKA3HHKIB SKOCTL
Ta BiJMOBiAHE mepepo3noiieHHs Bar. CHiJl MIKPECIUTH, 0 aJalTUBHE 3IIUTTS HE
BHUKIIIOYAa€ MOXKIMBOCTI BHUKOPHCTAaHHS MEXaHI3MIB YBarW, SKi MOXYTb OYyTH
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peayizoBaHi BcepeAnHI €HKOJepiB ab0 SK JOJATKOBUI MEXaHi3M BH3HAYCHHS
iHdopmaniiiHoi 3HaYymOCTi. Y 3apONOHOBaHIHM KOHLEMNI]i ITOKa3HUK ql(gl BUKOHY€E
(DYHKIIiFO 30BHIIIHBOTO [IIO/I0 JJATEHTHOT'O IPOCTOPY 1HIMKATOPA SIKOCTI, @ BHYTPIIIHI
MeXaHi3MH yBaru MOXyTh BU3HAYaTH BaXXJIMBICTb OKPEMHX O3HAK abo ()parMeHTiB
TIOCJTiIOBHOCTI.

OuiHIOBaHHS PU3HKOBOTO CTAHY

CoopmoBaHe iHTErpoBaHEe NPECTABICHHS BUKOPHCTOBYETHCS I BU3HAUCHHS
PH3HMKOBOIO CTaHy. Y Mekax 3alpONOHOBAHOTO METOJY PH3HMK TPAKTYETHCS SIK
y3araJibHeHa XapaKTEePHUCTHKa HMOBIPHOCTI He0GaXXaHOTO PO3BHTKY IpoIecy abo
Mepexojly CUCTEMH JI0 CTaHy, 110 NOTpedye MiIBHIIEHOI yBaru 3 OOKy MeXaHi3My
KepyBaHHs. PH3MKOBMI MOKa3HWK BH3HAYAETHCS 3a JOTIOMOTOI0 OKPEMOTO MO
OLIIHIOBaHHS

RY =q(z";0,), RV €[0,1], ©)

ne Ri(t)f HOPMOBaHHi1 OKAa3HHK PHU3MKY Ha By3ni | y MomeHT 4acy t, (] - dpyHkuis

: . . t .
OLIHIOBAHHA DPH3WKY, 0,- TapamMeTpu pH3HKOBOi MOZeNdi, Z; - iHTerposane

JIATEHTHE NPE/ICTABIICHHS By3JIa.
Koukperna peanizamis ¢yskuii (] 3amexurs BiJj MOCTaHOBKM CKCHEPUMEHTY.

s 3anay kiacudikaiii BoHa Moxe OyTH peaii3oBaHa sIK BUXiJ HEHPOMEPEKEBOro
kJacu(ikaTopa, s NPOrHO3yBaHHS - SIK IIEPETBOPEHHS POrHO30BaHOT IIMOBIPHOCTI
HeOaxaHoi mopil, a s Oararo)akTOpHOro aHalilzy — sK perpeciiiHa Mozenb
PHU3UKOBOrO iHJACKCY. Pe3ysnbTar NMOBHHEH MaTH Y3ro[pKEeHY IIKaly, siIKa JO3BOJISIE
HepeiaBaTH Horo B MOy b KEPYBaHHs HE3AJIEXHO BiJl KOHKPETHOTO THILy BUXiJAHHUX
JaHux. Pu3nMkoBa OLiHKa B 3alpoONOHOBaHId CHCTEMI HE € CaMOIOCTaTHIM
pe3ynbTaToM. Ii OCHOBHE MNpPU3HAYEHHS IOJIATAE Yy BU3HAYEHHI MpPiOPHTETHOCTI
MOJAJIBLIOT0 BUKOPHUCTaHHs pecypciB. Lle o3Ha4ae, 1m0 OHAKOBI TEXHIYHI yMOBHU
MOXYTh MPUBOAUTH JO PI3HUX KEepPYUHMX MAild 3aJeKHO BiJf KPUTUYHOCTI
iHpopMauiiiHoro mpouecy. Taka BIAcTHBICTH H03BOJsiE copMmyBatu risk-aware
MiAX11 J0 KepyBaHHsI, 3a SIKOr0 PECYPCH PO3MOALIAIOTHCS HE TLIBKH BiINOBIIHO 10
HABaHTAXXEHHs, a W BIANOBIIHO [0 MOTEHIIWHUX HACIIIKIB HEIOCTATHBOTO PiBHS
00pobneHHs.

Pu3uk-opieHTOBaHe KEpyBaHHS pecypcaMu

Ha 3akmroynoMy erami iHTErpoBaHEe TMIPEICTABICHHS Ta OIHKA PH3UKY
MOEJHYIOTHCS 3 IOTOYHUM PECYPCHUM CTAHOM By3ia. Iliz pecypcaMu po3yMitoThCs
00YKCITIOBANIbHA TOTY)KHICTh, OTIEpaTHBHA IIaM'sITh, eHEPreTUYHNUH 3arac, MPOITyCKHa
3MATHICTh KAaHAIB 3B'I3KYy Ta iHIII XapaKTEPUCTHKH, 1[0 BU3HAYAIOTH MOXIIUBICTH
BUKOHAHHSI aHATITHYHUX 1 MEPEKEBUX OTepalliii.

Kepyroue pitieHnst GopMy€eThesi mapaMeTpr30BaHOO MO THKOIO

() _ ® RpM M

A _n&)(si ’Ri lzi )’ (6)
ne A(t)- Kepyroua Jis [I0J0 pecypciB Ha By3ii | y MOMEHT dYacy f, Ty"
napaMeTpu3oBaHa TMOJNITHKA KEpyBaHHS, Si(‘)- HNOTOYHUH BEKTOpP JIOCTYITHHX

pecypciB By3na.
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OyHKLIsSL 7 MOXKE Peali30BYBATUCS PI3HUMH CIOCOOAMU 3aJIeXKHO Bijl BUMOT 110

cucteMu. J[msi BITHOCHO TPOCTHX 3aJad MOXKIMBE BUKOPHCTaHHSA IIPaBHI abo
ONTHUMI3aIlifHOTO MeXaHi3My. JId JUHAMIYHOTO CepelloBHING, Y  SKOMY
MOCTIIOBHICTh PINICHb BIUIMBA€ HAa MaHOYTHIH CTaH Mepexi, NOIUIEHUM €
BHKOpHCTaHHS reinforcement learning. ¥ TakoMy pasi HOTOYHHI PH3HK BXOAUTH 10
CTaHy areHra, a SIKICTb PECYpCHOTO DIllleHHs BU3HAYAETHCS HE TUIBKH ITOTOYHOIO
3aTPUMKOI0O  a00 EHEProcHOXKMBAHHAM, a W HACHiAKaMH HEIOCTaTHHOTO
00CITyroBYBaHHS KPUTHIHOTO iHPOPMALIIHOTO ITOTOKY.

[TpuHIMITOBOIO OCOOIUBICTIO MOZEINI € HasBHICTH 3BOPOTHOTO 3B'SI3KY. 3MiHa
PECypCHOro cTaHy BIUIMBA€ Ha JOCTYIHICTP Ta SKIiCTh iHPOPMAaIiHUX TTOTOKIB, III0

. . t . o .
B IOAAJIBIIOMY 3MIHIO€ OLIIHKH ql(rz‘l , aJalITUBH1 Baru MOJAJIbHOCTEU Ta IHTErpOBaHE

Mpe/ICTABJICHHS. 3a HOPMAIBLHOTO CTaHy MEpPExki Ta HU3bKOI'O PU3HKY CHCTEMa MOXKE
i ATPUMYBATH CTaHAAPTHUH piBeHb 00poOnenHs indopmauii. [Tpu 3pocTanHi pu3nky
MpIOPUTET KPHUTUYHOrO MOTOKY Mi/ABHILY€ETHCS, IO MOXE CYINPOBOKYBATHCS
30UIBIICHHSIM YaCTOTH aHaJIi3y, BUIAUJICHHSM J0JaTKOBUX OOUHCITIOBAIBHUX PECYpPCiB
abo 3MiHOI MaplIpyTy MepeaaBaHHs. SIKIIO OJHOYACHO MOTIPIIYETHCS SKICTh
OJIHOTO 3 JpKeped, ioro BHECOK 0 IHTErpOBaHOIO NPEACTABICHH 3MEHIIYETECS, a
PpillICHHS PUIAMAETHCA Ha OCHOBI JOCTYITHHX alIbTEPHATUBHUX MozaibHocTel. Came
Taka B3aeMOis 3abe3medye CTIHKICTh MeToAy IO 3MiHM iHQopMaliiiHoro Ta
pecypcHoro crany. OTxe, 3aIpOIIOHOBAHUI METO 00'eIHy€e YOTUPH (DyHKIIOHAIBHI
piBHi. [lepmmii 3a6e3neuye GpopMyBaHHS MyJIBTUMOJAIBHOIO CHOCTEPEXCHHS Ta
OLIIHIOBAHHS SIKOCTI iH(popMauii. JIpyruii nepeTBoproe pi3HOPIIHI JaHi B y3roHKeHUI
JIATEHTHHUHU MPOCTIP 1 BUKOHYE aJaNTUBHE 3MUTTS. TpeTiit opMye pU3UKOBY OLIHKY
Ha OCHOBI IHTETpOBAHOro craHy. UeTBepTHil BUKOPUCTOBYE L0 OLIHKY Pa3oM i3
IIOTOYHUM PECYPCHHM CTaHOM Uit (popMyBaHHs Kepyrouoi aii. 3arajibHa cxema

peadizawii maxony HaBegeHa Ha puc. .
1. fxepena MmynsTUuMoOAanbLHUX OaHnux

Byzon 1 Byson i Byaon N
=7 Sl (=2

@iancont @inancont D o
ToanIA KU TRanIaRLI TpauasKun

+
2. OiHIOBAHHA AKOCTI AAaHMX Ta aQanTHUBHE INUMTTA
Ouinka sikocTi
+
Navesrai
Enxkonepwn /() NpeacTaBneHHn =,

. - = 3

[ BBarkeHe anurTa

(?)1(4)
3. Ou.h-nosa'uun puaImky

IuTerposane 2 ;
NPeAcTaBAeHHS — PuAuKnua(s t;)yul(lpu % pM?nK
“Za LA : ry
-
4. KepysaHHs pecypcamm
Crawm pecypcia | MoniTuka Kepyaanust Aisy
SO 7o () 1 AL
Dinaucowi Puukosi HoBmuni ToxXHiuHi
rpansaxkuiv inaukaropn norokn napamerpm

s, 3‘0"01’“"“ IB'ASOK T OHOBNCHHA CcCTaHny cucrTeMmm

PucyHok 1. 3aranpHa cxema peaizailii 3aIponoHOBaHOTO MiIXO0Ly
Cxema BioOpakae MOCIiIOBHICTh (YHKI[IOHYBaHHS METOJy BiJl HaJIXOJUKCHHS
PI3HOPIZHUX JaHUX Ha JCIEHTPATi30BaHi By3au 10 GopMyBaHHs kepyrouoi ail. Ha
MepIIoMy piBHI TMOKAa3aHO JpKepena MyJIbTUMOanbHOI iH(opmarii, (iHaHCOBI,
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TIOBE/IiHKOBI, 9acOBi Ta TeXHIuHI JaHi. Jlaii koxeH iHpopMaifHNI MOTIK MPOXOIUTH
OLIHIOBAHHS SIKOCTI Ta MOJQJIBHE KOJYBAHHS, IICIIS YOTO JIATEHTHI IPeICTaBICHHS
o0'eqHyroThCS 3a amanTHBHUMH Baramu. C¢opMOBaHMI IHTEIPOBaHUH CTaH
HEePENaecTbCsl 10 MOXYNS OLIHIOBAaHHS PHU3MKY, a Pe3ylbTaT pa3oM i3 MOTOYHUM
pPECYpPCHHM CTaHOM HAIXOAWTBH /IO MONITHKH KepyBaHHA. HIDkHS yacTWHA cxemu
MICTUTDh 3BOPOTHHH 3B'S30K, SKHH II0OKa3ye BIUIMB IPHHAHATOTO pIIICHHS Ha
MOJAJBITY JOCTYIHICTE PecypciB, sKicTh iHopMarii Ta cran cuctemu. ['iOpuaHwMii
fusion-momyns  (puc.2) peamidye TOCTHIJOBHE IEPETBOPEHHS  Pi3HOPIJHUX
iH(popMaLiifHUX OTOKIB Yy €IMHE JTaTEHTHE IPECTaBICHHS cTaHy By3na. Criouarky
JUTSL KOYKHOT MOJTaJIbHOCTI BU3HAYAETHCS TIOKA3HHK SKOCTI, TMICJISl YOTO Ha HOTr0 OCHOBI
BCTaHOBIIIOETHCS aJanTUBHAa  Bara iHdopmariitHoro MOTOKY. Jani
BHUKOPHCTOBYIOTBCS ~ CIEialli30BaHi €HKOAEpH, sKi BPAaXOBYIOTb IPUPOIY
Bi/IITOBIJHUX JTaHUX, 8 OTPUMaHI JIATEeHTHI TIPeJCTaBICHHs 00'€ THYIOTHCS 32 CXEMOIO
fusion-sBaxxyBanus. Ha Buxomi (GOpPMYyeThCsl Y3rO/KEHE TPE/ICTaBICHHS Ta
MIePENAETHCS 10 MOJLYJIsl OL[IHIOBAHHS PU3HKY.

1. Bxiani 2. Oulmonanms 3. Barm moganemoced | 4. Mogamesi eogepe | 5. MGpnane | 6. Intarposane
MYNBTUMOBANBHE | oocri mopanewocrei | (WAANTRENE Seaxyuaas) | (piswl apivextype) anwTTR npeacTasnenus
nani Bysna
Divancosi MeTpricn Exronep |
nani ™ moci " N ™ P o o) ¥ 21
Punxoni Merpm Exxonep 2
inawaropn P mocri P G2 P =+ smmscau (M Z2 | 3samewe
MTTR
Wim = PATONTHAE z
Nowsepinkosi Me- Enxogop 3 NpEACTARNEAN - i
tormuen [ oyl _exp(aqum) |l STRPE S 2
X Z= R4
> explaqu) A4 €
k=1
Texwivmi R ‘ Exmonen 4 2. WimEim
napamerpw (=B T - g, =B > o oo [ Za || M1
Mepemensa
iHdopmauin Metpuin
- ¢ - - Enxogep M
i T (omn / Groprsacay ™| M
1 Hoparkosi komnouenTu fusion-moayns
O6pobka Hopmanizauia Mp N i Pery i
nponycki é AD eAMHOTO ysaru Ta KOHTPONL
Ta wymy npocropy ( U ) " Ti

Pucynok 2. I'i6puaunii fusion-momyns

Cxema (yHKIIOHATBHOTO 3B'SI3KY MiXK Pe3yJIbTaTOM MYJIBTHMOAIBHOTO aHAI3Y
Ta KepyBaHHSAM pecypcaMH Mepexi HaBeleHa Ha puc.3. Bona mnokasye
(GYHKIOHANBHUN 3B'S30K MK pPe3yJbTaTOM MYyJBTUMOJAIBHOIO aHali3y Ta
MOJAJIBIIIMM  KEPYBaHHAM pecypcaMd Mepexi. [HTerpoBaHe NpeCTaBICHHS
BUKOPHCTOBY€ETHCS JULsl BUSHAYCHHS PIBHS PU3HUKY, KUl pa30M i3 IOTOYHHM CTAaHOM
pecypciB Bu3Hauae Kepyrody miro. Pearizaris i€l ail 3MiHIOE OOYHCITIOBATBHUIA,
CHEePreTUYHNN Ta KOMYHIKAIIHUI CTaH By3Ja, a TAKOK MOXKE BIUIMBATH Ha SKIiCTh
iHopMalii, M0 HaAXOJUTh y HACTYIHOMY YacOBOMY IMKIIi. 3BOPOTHHII 3B'SI30K
3a0e3neduye aganTalio CUCTEMH 10 3MiHH YMOB (DYHKIIIOHYBaHHS Ta MEPETBOPIOE
OKpeMe pillleHHS OO0 pecypciB Ha Oe3lepepBHUI IPOLEC iHTEICKTYalbHOro
KEpyBaHHS.
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1. Cran cuclrm 2. Fusion-moayns || 3. Ouinxa pusuxy || 4. nonn-uxewuo-i 5. BUKOHaNHA ik
Ta pani Ta i

ing "> ™ pecypcia
ToToummit |
cran mepewi AganTunme 3T Moayns ouinxmu NipsaMasakmR pecypcin:
MY NLTHMORAN MU X PHINKY OBMMCIIONMA, NAMATS,
Rocrynmi Raunx enopria, Kanan 3n'RIKy
pecypen Z. || R;el0,1] oroBnerwR cTan
i pecypcin
7. Haeuanns 1a aganvauis wopenei | | 6. 380POTHAA 38'A30K "
= OnomneHmn enxonepis £, - [

= OHOBNEHHA AKOCTI [ANMX Gy 4y
* 3mina cramy mepexi
= DaKTHIHWIA PRIYNBTAT T2 HArOPORA

PucyHnok 3. Cxema (yHKIIIOHAJIBHOTO 3B'SI3KY MK Pe3yJIbTaTOM MYJIETUMOJAIBHOTO aHATi3y
Ta KepyBaHHSIM pecypcaMi Mepexi

3 JocaixzkeHHs po6OTH Ta 00YNCIIOBATBbHI eKCTIEPUMEHTH

ExcrnepuMeHTanbHi TOCHIDKEHHsT Oy/M CHpsIMOBaHI Ha TEpeBipKY 3IaTHOCTI
3alpOIIOHOBAHOrO MeTOHNy 3ale3nedyBaTH OJHOYACHE IiABHINEHHS SIKOCTI
PHM3MKOBOTO aHali3y Ta e(eKTHBHOCTI BHMKOPUCTAHHA OOMEKEHHX pecypciB
JelleHTpalti3oBaHoi Mepexi. OCHOBHA yBara mpuaisiacs abCONIOTHOMY 3HaYSHHIO
MOKa3HUKIB Kiacu(ikaiii Ta Xapakrepy 3MiHM pe3ysbTaTiB 32 YMOB IIOTipIICHHS
iH(opManiifHOT SKOCTi Ta 3pOCTaHHA PECYPCHOTO HaBaHTAXKEHHsA. Taka MOCTAHOBKA
Jla€ 3MOTy TEpEeBIPUTH OCHOBHY TiIOTE3y pOOOTH, BiJIOBITHO JO SKOI TO€IHAHHSI
aJIlaNTUBHOTO MYJIBTUMOJAIBHOIO 3JIUTTS 3 PH3MK-OPIEHTOBAHMM KEpyBaHHAM Ta
MOBUHHO 3a0e31e4yBaTH OUTBII CTIHKY NOBEJIHKY CHCTEMH MOPIBHSIHO 3 MOJCISMH,
y SIKHX aHaJl3 JaHuX Ta PeCypcHe KepyBaHHsA BUKOHYIOThCS HE3AJIEXKHO.

ExcniepumeHTanbHUil CTEHA peanizoBaHO HA OCHOBI IPOrPaMHOI apXiTEKTYpH
Python i3 Buxopucranusm cepenoBumia Jupyter Notebook, 6i0miorek NumPy Ta
Pandas st miaroroBku i Tpancdopmanii qanux, Scikit-learn st no0yjoBu 6a30BuX
MoJesiell Ta OOYMCIICHHS CTaTUCTHYHUX XapakrepucTuk, PyTorch mms peanmizamii
IMOMHHUX KOMIIOHEHTIB 3allpOlOHOBAHOIO MiAXoay, a Takok Matplotlib st
¢dopmyBaHHsT TpadiuHOrO IMpPEACTABICHHS Pe3yNbTATiB. ApXITEKTypa BiAIOBigae
CTPYKTYpi PO3poOJICHOr0 METOAY Ta BKIIIOYAE PiBHI 3aBAHTa)XXKEHHS 1 MOIEPeAHbOT
00poOKM MYJIBTUMOJANBHHUX JaHHUX, (OPMYBaHHS MOIAJIBHUX MPEICTABIICHb,
Q/IATITUBHOTO 3JIUTTSI, OLIHIOBAHHS PU3HKY Ta NPUIHATTS BiAMOBIAHUX aHATI THYHHX
piess. O04KCTIOBaTIbHA pealtisalis nepeadadac MOXKIUBICTh HE3aJICIKHOT 00pOOKH
OKpPEMHX MOJIAJIbHOCTEH 13 MOAANBIINM NEePEeaBaHHIM IX JIATCHTHUX HPEICTaBICHb
10 crinbHOro fusion-piBHs, 110 A€ 3MOTy MOJCIIOBATH CUTYAllil HETIOBHOTH, Pi3HOT
SIKOCTI Ta HEOAHOpiAHOCTI BXigHoi iHdopmauil. [nst QopmyBaHHS BXiJHOTO
iHpOpMAaIliHHOrO  CepeoBUIllA BHUKOPUCTAHO BIAKPUTI HAO0OpH JaHHX, sIKi
XapaKTEPU3YIOThCS PI3HOIO MPUPOJIOI0 O3HAK Ta YaCOBOIO CTPYKTYporo. OCHOBHUM
JDKEpesioM Jyis ekcriepuMenTiB 06pano Biakputuit Hadip IEEE-CIS Fraud Detection
[26]. Moro crpykTypa 6Ge3mocepeHbO BiAMOBIAA€ KOHIEMI] MYTbTHMOTATEHOTO
(iHaHCOBOTO aHami3y, OCKUIbKM JaHi pO3/iJeHI Ha TpaH3aKIiiHy TaOIUIO Ta
TabNuIiO0 imeHTUDIKAIWHUX 1 TPUCTPOEBHX XapPAKTEPUCTHK, SKI MOB'SI3YIOTHCS 3a
ineatudikaropom TransactionID. HapuwampHa wactmHa wmictute 590 540
TpaH3akuiiinux 3amuciB i3 394 momsmu ta 144 233 3amucu imeHTHIKAIIAHOT
indopmarii 3 41 mosem, npuYOMy I0JaTKOBI identity-03HaKy JOCTYIHI JTUIIE IS
YaCTHHU TpaH3akiiil. TpaH3akiiiHa MOJANBHICTh MICTHUTH IH(QOPMAIIO PO CyMy
omepaiii, 4acoBy XapaKTEpHCTUKY, THI IPOAYKTY, IUIATDKHI Ta arperosai
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CTaTHUCTHYHI O3HaKW, Toxmi sK identity-MOJANBHICTh XapaKTEpH3ye IIPHUCTPIH,
Opay3ep, oOmeparliiiHy cHCTeMy Ta iHII AHOHIMI30BaHI HapaMeTpH ILH(POBOTO
CepeIoBUINA 31 ICHEHHS OTepallii.

3a3HaueHa CTPYKTypa € BaXJIMBOIO JUI JOCIIIXKYBaHOIO METOMY, OCKUIBKU
JIO3BOJISIE PO3TISLIATH OKPEMI TPYITH O3HAK K HE3aJIeKHI 1HPOpMAITiifHi MOJATEHOCTI
Ta JIOCII/PKYBAaTH BIUIMB iX IOCTYHHOCTI # SKOCTi Ha OLIHKY pu3uKy. IIpu 1pomy
nipuom3HO 24,4 % HaBUATBHUX TPaH3aKIii MaroTh BiNOBIHKI identity-3amuc, Toai
SIK JUISL PeliTH Omepamii Taka iHpopMamis BiICYTHsA, IO CTBOPIOE IIPHPOIHE
CepeIOBHILE /IS IEPEBIPKH MEXaHi3My aJIalITHBHOTO 3Ba)KyBaHHs MOJAIBHOCTEH Ta
Horo moBeniHkH 3a HenoBHOI iHopmarii. Came 151 BnacTuBicts Habopy IEEE-CIS
poOuUTH #ioro GUIBII MPUIATHUM JUIS NEPEBIPKH 3aNpOITOHOBAHOI apXiTEKTYpH, HiXK
HabopH, y SIKMX YCl1 03HAKH MPECTaBIeHI OAHOPIJHOO TabHIeto. J{Jst 101aTKoBOTO
MPECTaBJICHHS YacOBOI Ta MOBEIIHKOBOI cKJ1a1oBo1 Bukopuctano Hadip UCI Online
Retail [27], sxuit micture 541 909 TpaH3akuiii oHnaiiH-po3apiOHOTO Oi3Hecy 3a
nepiox Big 1 rpymasa 2010 poxy no 9 rpymus 2011 poky. Kokumii 3ammc
XapaKTepU3y€eThCs 1ACHTH(PIKATOPOM PaxyHKY, KOJOM TOBapy, OMHCOM TPOIYKIIil,
KIUIBKICTIO, IaTOO 1 YacoM orepaiii, IHO OJMHHII NMPOIYKIi, ifeHTH(IKaTOpOoM
KJlieHTa Ta KpaiHoro. HalGip mictute 4 372 ineHTH(IKOBaHMX KIIEHTH, a HOro
TIOCITiIOBHUH XapaKTep J03BOJI€ OLIIHIOBATH HE TIIBKU OKpPEMy OIlepallito, a i 3MiHy
MOBE/IiHKOBOTO MPOQLIT0 B Yaci.

OxpeMy He3aleKHYy BHOIpKY MU MEPEeBIPKH y3aralbHIOBAIBHOI 3IaTHOCTI
PH3UKOBOro KoMroHeHTa copmoBano Ha ocHoi Habopy UCI Default of Credit Card
Clients [28]. Ilepex mogaBaHHSAM JaHMX IO Mojeled BUKOHAHO YHidikamito
¢dopmaTiB, OYMIIEHHS  IPOMYCKiB, KOIYBaHHSI  KaTeropialbHUX  O3HAK,
MacmraOyBaHHS YUCIOBUX XapaKTEPUCTUK Ta GOpMyBaHHS YaCOBHUX i MOBEAIHKOBUX
arperariB. Tpan3akuiitni nani oO'exnyBamucst 3a TransactionID, BincyTHiCTh
BigmoBigHoi identity-iHpopmanii He po3risAanacs SK NPUYMHA ABTOMaTHYHOIO
BUITyUYCHHsI TPaH3aKIil, OCKIJIbKH caMe HEeIIOBHOTA OJHI€l 3 MOJAIBHOCTEH € OJTHUM
i3 mocnimkyBaHux QaktopiB. Takoxk Ha piBHI Kii€HTa GOPMYBAJIKCS TOCIiJOBHOCTI
omepaliii Ta arperoBaHi XapaKTEPUCTUKH AKTHBHOCTI Ta 30epirazacs Mmo4aTKoBa
KJIIEHTCbKa CTPYKTYpa 3 MOJAJIbLIUM HOPMYBaHHAM YHMCIIOBUX O3HAK 1 KOJYBaHHAM
JUCKPETHUX 3MiHHUX. Y pe3ynpTaTi BXigHe iHdopMalliiiHe cepemoBulle
€KCIIEPUMEHTAIILHOTO CTEH/A OXOIUTIOE TpPAH3aKI[iiiHi, MOBEJiHKOBi, YacoBi,
KIIEHTChKI Ta HudpoBi ineHTHdIKALIRHI XapaKTePUCTHKY, 10 BiANOBIAa€ BUMOraM
JI0 MYJbTUMO/IAIBHOTO PU3HK-OPIEHTOBAHOIO aHANIi3Yy.

Jlnst IpoBe/ieHHs MOPIBHJIBHOIO EKCIIEPUMEHTY c()OPMOBAHO CEpPEOBHILE, Y
SKOMY 1H(OpMaLiiHUI CTaH By3Ja ONUCY€EThCSA YOTHPMA B3a€MOIONOBHIOBAIbHUMHU
MOAQIBHOCTSIMH. J[0 TepIoT rpyNH BiJJHECEHO YacOBI XapaKTEPHCTHKHU MPOLECY, 10
JPYrol CTPYKTYPOBaHi YHCIIOBI MapaMeTpH, 0 TPEThOI XapaKTEPHCTHKU B3a€MOIIT
BY3JIiB MEpEexki, O YETBEPTOI arperoBaHi MOKa3HUKH MOTOYHOIO PECYPCHOr0 Ta
iHpopMmariiitnoro crany. Takuii ckiaz J03BOIISIE OTHOYACHO MEPEBIPUTH MOKIIUBICTh
00pOONeHHST PI3HOPIMHUX MaHWUX 1 BpaxyBaHHS MEPEKEBOr0 KOHTEKCTY IIiJ] Jac
(hopMyBaHHSI PU3UKOBOT OIIIHKH.

Y 6a30BOMy EKCHEPHMEHTAIBHOMY CIIEHApii PO3Tisiianacs CHTYalld, y sKid
yacTrHA iH)OpMAaLiHHIX MOTOKIB XapaKTEPU3Y€EThCS 3MIHHOIO AKICTIO. J{J1st oOkpemMux
(parMeHTIiB JaHUX MOJICIIOBANIUCS TPOIMYCKH, IIyMOBI CIIOTBOPEHHS Ta 3HM)KCHHA
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aKTyagbHOCTI  iHpopMmamii. OnxHOYacCHO 3MIHIOBAaBCS pIBEHb 3aBaHTAKCHHS
0o0YNCITIOBANBHUX 1  KOMYHIKaiHHUX  pecypciB. Jint  mopiBHSAHHA
BHKOPHCTOBYBAJIMCSI UYOTHPH BapiaHTH moOynoBM cucremu. [lepmmid BapiaHT
nependavyaB paHHE 3JIMUTTSA, 3a SKOTO IEPBHHHI O3HAKH PI3HUX MOJAIBHOCTEH
o0'eqHyBanmCs 10 INepenadi B €QuHYy MoOJenb. Jpyrui BapiaHT peanizyBaB Hi3HE
3IMTTS, KOJIM KOXKHA MOJAIBHICTH aHaJli3yBalacs OKPEMO, a KiHLIEBI pe3ysbTraTu
00'eqHyBanmCst Ha BUXOAL. Tperiii BapiaHT BUKOPHUCTOBYBAB CTATUYHE 3Ba’KyBaHHS
MOJaJIbHOCTEH, KoeimieHTH 1X BHECKY HE 3MiHIOBAJIHCS IPOTATOM EKCIIEpHMEHTY.
UerBepTuil BapiaHT BiJNIOBIZaB 3alpOIIOHOBAHOMY METOIy, y SKOMY Bara
iHpopMamiifHOro TMOTOKY BH3HAYalacs aJaNTHBHO, a CPOPMOBAHMH PH3UKOBHIT
MOKa3HHUK J0JJaTKOBO BUKOPHCTOBYBABCS IJIsl KEPYBaHHS PECYPCaMH.

J11s1 OLiHIOBaHHSI SIKOCTI PU3UKOBOTO aHai3y 3actocoByBaiucs F1-mipata ROC-
AUC [29]. Hnst omiHIOBaHHA NPAaKTUYHO! e(EeKTHBHOCTI BHKOPHCTOBYBAJIHCS
cepelHs 3aTpuMKa OOpOOJICHHS OJIHOrO 3alMTy Ta EHEProBUTpaTH Ha Horo
BUKOHaHH. OTpHMaHi pe3yJibTaTH HaBeJEeHO B Ta0II. 2.

Tadamus 2
[TopiBHsIbHI PE3yJIbTATH EKCIIEPUMEHTAIBHOTO JOCIIPKSHHS
Mertoxa F1 ROC-AUC Cepenns Eneprosutparu,
3aTPHMKa, MC JUx/3amaay
Panne 3auTTsa 0,861 0,913 42,6 1,84
TTi3He 3nuTTS 0,874 0,926 46,8 2,02
Cratuyne 0,891 0,944 44,1 1,91
3Ba)KCHE 3JUTTS
3anponoHOBaHHUH 0,927 0,968 39,2 1,63
METOJ

HaBeneni pesynbTaTté cBig4yaTh, LIO0 3alpoNOHOBaHUII MeTox 3abe3medye
HaKpallli 3HaYeHHs 3a BciMa yoTupMa kpurepismu. F1-mipa nocsirae 0,927, Tozi sik
JUISL pPAaHHBOTO 3NMUTTsI BoHA cTaHoBUTH 0,861, muist mizHboro 0,874, a aj1st cTaTUYHOTO
3BaxkeHoro 31Ut 0,891. OTke, HOPIBHAHO 31 CTATHYHUM 3Ba)XKyBaHHM mpupict F1
cranoButh 0,036 abconoTHOrO 3Ha4YeHHs1, ab0 6iu3bko 4,0 %. BinHocHO paHHBOrO
3JMTTS MOKPAILEHHS CTaHOBUTH ONu3bKO 7,7 %, a MOPIBHAHO 3 Mi3HIM 3JIUTTAM
6mu3bko 6,1 %. 3pocranns F1 He € HacmiKOM NPOCTOTO 30UIBIIEHHS CKJIAJHOCTI
Mojeni. Baxxnusinmm (pakTopoM € afanTUBHUE XapakTep 3anpornonoBaHoro fusion-
MexaHi3My. Y paHHi#l cxeMi 3IHTTs IIyMOBa ab0 HEMOBHA MOJAJIBHICTh MOTPAILISIE
6e3mocepeIHBO B 3aralIbHUI MPOCTIp 03HAK 1 MOJKE BILTMBATH HA BCI [O/IAJIBIII €TallH.
[pu mi3HBOMY 3ITUTTI MPOOJIeMa YaCTKOBO IMOCTA0IIOETHCS 3aBISKHA HE3AJIKHOMY
aHaii3y MOJATbHOCTEH, KiHIIEBUII MeXaHi3M He Ma€ JOCTaTHBOI iHpopMaLIil TIpo Te,
HACKUIBKH JJOCTOBIPHUM OyJI0 KOXKHE [DKepeno B KOHKpeTHuil mMoMeHT. CTaThdHe
3Ba)KyBaHHS YCYBa€ YaCTHHY IIbOTO HEJOJIKY, HE BPaXOBYIOYM JMHAMIYHOI 3MiHH
SIKOCTI JJaHHX. 3alpOMOHOBAHUI METO/I 3MiHIOE Bary MOJAIBHOCTI BiJIOBIHO 1O 11
MOTOYHOI0 CTaHy, TOMY JErpa/loBaHUi KaHaJl HE Mae TaKOro Camoro BIUIMBY, K
nmoBHoOIiHHe iH(popMartiiiHe mkepeno. ROC-AUC  3ampormoHOBaHOTO METOLY
craHoBUTh 0,968. Jlns cTaTUYHOTO 3BakeHOro 3IHUTTS oTpuMmano 0,944, Tob6To
mpupicT JopiBHIOE Hpubmm3HO 2,5 %. IlopiBHAHO 3 paHHIM 3IUTTAM MpPUPICT
CTaHOBUTH Onu3bK0 6,0 %. Lle marBepaKye, MO0 aJanTHBHE 3BaXKyBaHHS BIUINBAE HE
TiJIBKH Ha OKPEMi IMOPOTOBI pillleHHs, a i Ha 3arajibHy 3aTHICTh CUCTEMH PO3IUISATH
HOpMaJIbHI Ta PU3MKOBI CTaHU. BaXIHMBOIO XapaKTEPHUCTHKOKO € TAKOXK 3HMKCHHS
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0o0YnCITIOBAIBHOI 3aTPUMKH. [T 3ampoOIIOHOBAHOTO METOIY CepelHs 3aTpUMKa
CTaHOBUTH 39,2 MC, TOJI SIK JUIsl CTATHYHOTO 3BYKCHOT'O 3JTUTTS BOHA JIOPiBHIOE 44,1
Mc. TakuM 9nHOM, 9ac 06poOIIeH s ckopodyeThest npubiu3Ho Ha 11,1 %. [TopiBHSIHO
3 Mi3HIM 3JHUTTSAM 3MEHIICHHS CTaHOBHUTH Onm3bko 16,2 %, a MOpPIBHAHO 3 paHHIM
3nuTTsIM Onu3bko 8,0 %. 3a 3HIKEHHS SKOCTI 00 HU3BKOI KPUTHYHOCTI OKPEMOTO
JDKepena Horo BHECOK 3MEHILYEThCS, 10 CKOPOUy€e HEeNoTpiOHe 00unCIIoBaIbHE Ta
KOMyHIKaIliifHe HaBaHTaxeHHS. [lofiOHa TEHJCHIS CHOCTEPIraeThCs  JUIS
€HeproBUTpar. 3arporoHoBaHUN MeTo] oTpedye B cepennbomy 1,63 JIx Ha onHy
00po0iieHy 3amady, TOl SIK cTaTWYHE 3BakeHe 31HTTs nmotpedye 1,91 k. Orxe,
€KOHOMIsI CTaHOBHTH Onu3bKO 14,7 %. TlopiBHAHO 3 paHHIM 3IHUTTSAM 3MEHIICHHS
€HEeproBUTPaT CTAaHOBHUTH NpHOIU3HO 11,4 %, a TOpiBHSAHO 3 Mi3HIM 3muTTsM 19,3 %.
PimmreHHst momo BWALIEHHS pecypcy IOB'S3YETHCS 3 ONIHEHUM PH3UKOM, TOMY
JIOZIATKOBI OOYHCITIOBAIbHI BUTPATH KOHIEHTPYIOTHCS Ha THX IPONECax, IS SIKUX
nommika abo 3aTpuMKa MOXYTb MaTH Oijiblui Hacumiaku. Pe3yibraTé HOpiBHSAHHA

SKOCT1 PH3HKOBOI Kiacuikarii rpadigyHo mogaHo Ha puc. 4.
100.0
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Pucynok 4. TlopiBHSHHS SKOCTI pu3nKOBOi Kinacuikamii

HNana Bi3yamizallis MOKa3ye, II0 3alpOIOHOBAHHUN METOJ Mae mepeBary
onHodacuo 3a F1 ta ROC-AUC, T00TO mOKpaiieHHs He OOMEKYETHCS OJHHM
kpurepieM. Hait6inbimii edekT crnoctepiraeTbCsi MOPIBHIHO 3 PAHHIM 3JIUTTSIM, SIKE
BUSIBIISIETHCSL HAWOLIBII Yy TIIMBUM IO HEOJHOPiMHOCTI MepBUHHUX 03HaK. [lepeBara
HaJ| CTaTUYHUM 3Ba)KyBaHHSIM € MEHIIOI, e CaMe BOHA JEMOHCTPYE BHECOK
aJanTUBHOI CKJIAJIOBOI 3alpONOHOBAHOI apxiTekTypu. HacTymuum eramom Oyio
MOCHI/DKeHHsT TOBEAIHKM MoJeield 3a 3MIHM PECypCHOrO HaBaHTAXKCHHS.
HaBanraxeHHs 3MiHtoBanocs Big 30 10 95 %, 110 103BOIMIO MEPEBIPUTH CTIHKICTh
CHCTeMH B YMOBaxX HAOMIDKEHHs 10 Je(illUTy 00UNCITIOBAIBHAX PeCypCiB. Y 1bOMY
€KCIIEPUMEHTI OCOOJIHMBO BaXKIMBHM € IIBHIKICTH il 3pPOCTAaHHS TPU MEPEXOi 10
MIEPEBAHTAKCHOr0 CTaHy. 3a HaBaHTakeHHA 30 % pI3HULIA MK METOaMH €
He3HayHo10. CepeHs 3aTpHMKa 3alIPOIIOHOBAHOTO METOIY CTAaHOBUTH 31,4 Mc poTH
33,2 MC A7 CTATUYHOTO 3BaXKEHOTO 31MUTTs. [Ipu 30inbineHHi HaBaHTaxeHHs 10 70
% pi3HMI 3pocTaE 10 7,8 MC, OCKUIbKH 3aIPONIOHOBaHA MOJIENb IIOYNHAE AKTHBHILIIE
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BHKOPHCTOBYBATH iH(OpMAII0 NpO PH3MK IiJ dYac po3moniry pecypciB. Ilpm
HaBaHTaXeHHI 95 % 3aTprMKa 3alpOIIOHOBAHOIO METOJy CTaHOBHUTH 49,6 Mc, Tomi
SIK JIJISI CTATHYHOTO TT1IX0Ty BOHA 30UIBITY€ThCs 10 69,4 Mc. OcoOiinBe 3HAYSHHS Ma€e
(hopMa KpUBHUX 3POCTAHHS PECYPCHOTO HABAaHTA)KSHHS, 1[0 HABE/IEH] Ha pHC. 5.

T0{ —8— CTEATHNHE 3BAMEHE LNHTTH
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PucyHok 5. CriiikicTh 3pOCTaHHS pECYpCHOTO HABAHTAXKEHHS

Jns  crarmuHoro migxoxy micis mepeBumieHHs 70 %  HaBaHTaXKEHHS
CIIOCTEpIraeThesl NMPUCKOpEHe 30iiblueHHs 3aTpuMKH. lLle o3Hawae, mo crarhu4yHa
cXeMa He BCTUTae aJantyBatucs 10 AediluTy pecypciB, a 3alpornoHOBaHUI METO[
JEMOHCTPY€E OUIbII IUIABHE 3POCTaHHS 3aTPHUMKH, OCKUIBKH PH3UKOBHH KOHTYP
J03BOJISIE TMHAMIYHO 3MiHIOBATH NPIOPUTETH Ta HE BUTpAyaTH OJHAKOBHM 0OCsT
pecypciB Ha Bci iHopmaniiiHi mnotoku. s BHU3HAYEHHS BHECKY OKPEMHX
KOMIIOHEHTIB 3alPONIOHOBAHOI apXITEKTYPHU MPOBEJCHO aOJSLIHHNA eKCIIePUMEHT.
VY noBHiil Mozeni 0IHOYaCHO BHKOPUCTOBYBAJIMCS aJaNTHBHE 3Ba)KYBaHHS, PU3HK-
OpiEHTOBaHMUIT KOHTYp Ta rpad)oBUil KOHTEKCT. Jlami KoXkeH i3 [MX KOMIIOHEHTIB 110
4ep3i BUIIy4aBcsl IPH 30epeKeHHI 1HIKX napaMerpis 6e3 3MiH. Pe3ynbratu HaBeieHO
Ha puc. 6. [ToBHa Mozens 3a0e3neuye F1 na piui 0,927. BuyueHHs afanTHBHOIO
MeXaHi3My 3Ba)KyBaHHS 3HIKYE Liei mokasHuk 10 0,901, rooro npubinzHo Ha 2,8 %.
BigmoBa Bii pH3HMK-OPIEHTOBAHOIO KOHTYPY MPHU3BOAMTH JO HaWOLIBIIOro
noripienssa - F1 3menmyerscs no 0,884, mo Bignosinae Brpati Onusbko 4,6 %
BiJTHOCHO TOBHOI mMozeini. Bunydenns rpadosoro konrekcry 3umkye F1 g0 0,909,
T00TO mpubIM3HO Ha 1,9 %. OtpuMaHe CIIBBIAHOIIGHHS € BaXJIMBUM I
iHTepIpeTalii pe3ysbTaTiB, OCKIIBKY MOKA3ye, 110 HAHOLIbIINI BHECOK Y 3arajibHy
SIKICTh Ma€ 3B'SI30K MiXK PHU3HKOBOIO OIHKOIO Ta MEXaHI3MOM aJalTHBHOIO
KepyBaHHs. SIKI0 mpuOpaTH aJanTUBHI Bard, sIKICTh MOJeNi 3MeHuryeTbes 3 0,927
10 0,901. Omxe, mpuOIKM3HO TPETUHA Bij Pi3HUILI MK 3a[POMOHOBAHMM METOJIOM 1
MPOCTIIIUMH CXEMaMH 3JIUTTA MOB'I3aHa 3 MOXJIMBICTIO BPaxOBYBaTH IIOTOYHY
SKICTh MOZJaNbHOCTEH. BoaHouac OinbIl CyTT€BE MAaIiHHS TPU BIIYYCHHL
PH3UKOBOTO KOHTYPY CBiJUHTh, LIO IEpeBara METOJY BH3HAYAETHCS HE TIIBKH
SIKICTIO 1H(QOPMAIIITHOTO TMpEeACTaBICHHS. BaXKIuMBY poib BiJirpac BHKOPUCTAHHS
OTPUMAaHOI aHATITUYHOI iHPOPMAIIi /IS TTOJANBIIOTO KEPYBaHHSI CUCTEMOIO.
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PucyHok 6. AGAIiiHMIA aHAITI3 KOMIIOHEHTIB 3aIIPOIIOHOBAHOTO METOJTY

V3aranpHIOIOUH Pe3yJIbTaTH, MOYKHA CTBEPUKYBATH, 1110 3aIIPOIIOHOBAHA MOJIENb
JIEMOHCTPY€E IIepeBary 3a JBOMa B3a€MOIIOB'SI3aHMMHM rpynamu kpurepiis. [lepira
rpyna XapaKTepHu3ye sIKiCTb IHTEJIEKTYaIbHOTrO aHali3y, a Ipyra rpyrna XapakTepusye
eKcIutyaraniiiny eekTuBHicTh. OCHOBHA NPHYMHA OTPUMAHOI NIEPeBaru MOJSArae y
(YHKIIOHAIFHOMY TIO€IHAHHI TPHOX MEXaHi3MiB: ajanTHBHUK fusion 3MeHIIye
BIUIMB HEHANIHHMX MOJAJIBHOCTEH, IHTErpanbHa OLIHKA pU3MKY BH3HAUYa€
MPiOPUTETHICTH iHOPMALIHHUX MIPOLIECiB, @ 3aMKHEHUH PECYpCHHI KOHTYD a/IalTye
004HCITIOBAIbHI Ta KOMYHIKAIiHHI pecypcH 10 TIOTOYHOI KPUTHYHOCTI 3a1a4. Takuit
pE3yJbTaT Y3TOMXKYETHCS i3 CYYacHOIO TEHJICHIIEI0 MNEepexoay BiJl CTaTUYHUX
ITOPUTMIB PO3MOAITY PECYpCiB 10 aJIaliTUBHUX METOMIB, Y SKHUX CTaH MEpexi Ta
XapaKTEePUCTUKH 3a/ladi BUKOPUCTOBYIOTHCS Ul (JOPMYBaHHS MOTOYHOI HMOJITHKH
KepyBaHHs. 30kpema, cydacHi podoru 3 DRL st edge/loT-cepenoBuil nokasyorb
nepeBary aJanTUBHOTO BPAaXyBaHHA 3aTPUMKH, EHEPrOCHOXKMBAHHA Ta CTaHy
pecypciB. IlpoBeneHe HOCTIKEHHS MiATBEPIKYE JOUUIBHICTH BHUKOPHCTAHHS
riOpuaHOl apXiTeKTypu Ul 3a1ad, y SKHX OJHOYACHO HEOOXiNHO aHaji3yBaTu
Ppi3HOpiHI GaraToBUMIpHI aHi Ta KepyBaTH 0OOMeXeHUMHU pecypcamu. ExcrniepumenT
MOKa3aB, IO MPOCTe 30UIBbLICHHS KiMTBKOCTI MOJANbHOCTEHl a00 BUKOPHUCTAHHS
CKJIJIHIIIOI HepoMepexeBol MoJieNi He 3a0e3meuye Takoro eekry 6e3 MexaHizmy
aJanTUBHOTO BU3HAYEHHS 1XHBOI iH(opMmariiHoi winHocti. Haiibinbina nepeBara
BUHHMKAE TOMAI, KOJIU pE3yJbTaTH IHTEJICKTYaIbHOTO AaHAI3y BKJIIOYAIOTHCS
0e31ocepeIHbO B KOHTYp KepyBaHHSL.

Otrxe, pe3ysnbTaTd  eKCIePUMEHTAIBHUX  JIOCHIDKeHb  IiATBEPIKYIOTh
chopMyIBOBaHy B pOOOTI TiMoTe3y Npo AOUTBHICTh IHTErpallil MyTbTHMO/IaTbHOTO
aHami3y, OIHIOBAHHS pH3MKYy Ta aJalTHBHOTO PECYpPCHOTO  KepyBaHHSI.
3anpornoHoBaHUH MeTo] 3abe3nedye MmiJBUILEHHS KOCTI pU3UKOBOI Kiacudikamii Ha
4,0 % mOpIBHAHO 3i CTaTMYHMM 3BAKECHUM 3JIUTTSAM, 3MEHIICHHS CEpeIHbOI
3arpuMku Ha 11,1 % Ta ckopoueHHs eHeproBuTpaT mpubmusHo Ha 14,7 %. 3a
BHCOKOTO PECYpCHOT0 HaBaHTaKEHHs IepeBara 3a 3aTpHUMKOIO 3pocTae 10 28,5 %,
110 CBi/TYUTH PO e()EKTHBHICTH 3aIPOINOHOBAHOrO MiX0y caMe B yMOBaX AehiluTy
pecypciB. Ile nae miAcTaBM pO3MIAAATH PO3POOICHUH METOJ SIK OCHOBY JUIS
oOyI0BM aJalTUBHHUX IHTENEKTYaJbHUX CHCTEM, Y SKHX SIKICTh aHajli3y JAaHHX Ta

Flomiga
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e eKTHBHICTh BUKOPUCTAHHS PECYPCIB BU3HAYAIOTHCS B MEKAX €IMHOTO 3aMKHEHOT'O
KOHTYDY.

BucHoBku

V pe3ynbTaTi NIpOBEIEHOTr0 AOCIIJDKEHHS PO3POOICHO METO IHTEIEKTYaIIbHOTO
PH3UK-OPIEHTOBAHOI'0 aHAJ3y MyJBTHMOJAJIBHUX OaraTOBUMIPHHX [aHHX JUIS
aJlANTHBHOTO KEPYBAaHHS PECYpCamMy JCLCHTPATI30BAHUX MEPEK, SIKHil MOEHYE
3aco0M TJIMOMHHOTO TIPEJCTAaBIECHHS HEOMHOPITHOI iH(pOpMamii, aXanTHBHOTO
MYJIBTUMOJAJIBHOTO 3JIMTTS, OLHIOBAHHS pH3MKOBOrO CTaHy Ta (OpMyBaHHS
KepyBaIbHUX  pIlIEHb MO0  PO3NOAUTY OOMEXKEHHX  OOYHCIIOBAJIbHUX,
KOMYHIKaI[ifHAX Ta eHepTeTHIHUX pecypciB. Ha BiaMiHy B iIXOMIB, y SKHUX aHANI3
iHpopMamii Ta KepyBaHHS pecypcaMH pO3IIBIAIOThCS SIK BiJOKPEMIICHI eTamd,
3aIPOIOHOBAHUI MeTO (POPMY€ 3aMKHEHY (yHKI[IOHATBbHY B3a€EMOJIIIO MiXk SKICTIO
BXiJJHUX JaHUX, PIBHEM OIIHEHOrO pHU3HKY, MOTOYHHM CTaHOM pECypCiB Ta
HACTYIIHOIO  CTpaTeriero  iX BHKOpUCTaHHsi. lle  mO3BONSE  PO3MNIAAATH
MYJIBTUMOJAIBHICTD SIK MEXaHi3M (OpMyBaHHS aJaNTHBHOro iH(opMaliiiHoro
Cepe/IoBHUINA, 3JATHOTO 3MIHIOBATH BJIACHY CTPYKTYPY BiIOBIAHO IO MOTOYHHX
yMOB (pyHKIIIOHYBaHHS MEpEXi.

OCHOBHOIO METOJIOJIOTIYHO0 OCOOJIMBICTIO 3alpPONIOHOBAHOTO pILlIEHHS €
PO3IOII NpOoLECy iHTENEeKTYaIbHOTO aHaJi3y Ha B3a€MOIIOB'3aHi PiBHI, KOXKHHUH 3
SKUX BUKOHYE OKpeMy (YHKIOHaNbHy ponb. [lepBuHHI iH(pOpMaliliHi MOTOKU
MPOXOIATh MOJAANBHO-cHelu(diuHe KOIYBaHHS, YHACHIZOK 4YOro pi3HOPiIHI
TpaH3aKIilHi, YacoBi, MOBEAIHKOBI, KIIE€HTChKI Ta IHU(POBI XapaKTECPUCTHKU
NepeBOJATBCA Yy 3iCTaBHMH JsaTeHTHUH mnpoctip. Ilomasnplue ajganTHBHE 3IMTTS
30IMCHIOETHCS 3 ypaxyBaHHSAM IIOTOYHOI $IKOCTI KOXHOI MOJAQJIBHOCTI, IO
MIPUHLIUIIOBO BiJPi3Hs€ 3alPONOHOBAHMIA MiAXi/] BiJ] CTATHYHUX CXEM KOMOIHYBaHHS
o3HaK. Y cuTyaulil, KOJW OKpeMHuil iHpOpMAUiiHUA KaHAN XapaKTepPHU3yeThCs
MPOIYCKaMH, IIyMOM, 3aTPUMKOIO a00 3HM)KCHHSIM JOCTOBIPHOCTI, HOrO BHECOK Y
chopMoBaHe Mpe/ICTAaBICHHS MOXKe OyTH aBTOMAaTUYHO 3MEHIICHHIT, TO/l SIK OUIBLI
iH(pOpMaTHBHI MOJAJILHOCTI OTPUMYIOTh BHUILY Bary. 3aBISKH LIbOMY IHTErpOBaHE
MPE/CTABJICHHS PU3UKOBOTO CTaHy CTa€ MEHIII 3aJIS)KHHUM BiJI CTa0IJIBHOCTI OKPEMOT0
Jokepena iHdopmarllii. BakIuBuM pe3ynbTaTOM € BCTAHOBICHA B3a€MO3AIICHKHICTD
MIX SIKICTIO IIPOTHO3YBaHHS Ta PECYPCHOIO e()eKTUBHICTIO. 3aMpONOHOBaHUIT METOL
MPOJIEMOHCTPYBAB HaliMEHIITy cepe/l OCIiPKSHHX i IXO/IiB 3aTPUMKY 00pOOKH, siKa
y MOJIeNIbHOMY eKcrepuMeHTi ctanoBmia 39,2 mc npotu 44,1 Mc Ui CTaTHYHOTO
3B)XCHOT'O 3JIUTTS. 3HWKEHHS 3aTPUMKHU CTaHOBUTH On3bko 11,1 %. IMopiBHsHO 3
PaHHIM 3JIUTTAM CKOPOUYEHHS CTaHOBUTH OJIN3bKO 8,0 %, a BITHOCHO Mi3HBOTO 3JIUTTS
nocsirae 16,2 %. BaxknuBoro 0COOIMBICTIO 3alpONOHOBAHOIO METOIy € HOro
opi€HTallist Ha PYHKIIOHYBaHH B ICIIEHTPAIi30BaHIX Mepexkax, Jie [IeHTPasTi30BaHa
nepeziaya BChOro 0OCATY NMEPBUHHHUX JaHMX /0 €JUHOTO OOYMCIIOBAJIBHOTO By3na
Moxe OyTH HeeeKTHBHOIO ab0 HEeJOIUIbHOW. MoayTbHA OpraHi3ailis apxXiTeKTypu
CTBOPIOE MOKITUBICTb JIOKAJTBHOT'O OIPALFOBAHHS OKPEMHX TIOTOKIB i3 TTepeilaBaHHsIM
Y CHiJIBHUH MPOCTIp JIUIIIE KOMIIAKTHUX JIATEHTHUX MPEICTABIICHb, OIIIHOK IX SKOCTI
a00 PpU3MKOBHX XapaKTepHUCTHK. Lle MOTeHHmiWHO 3MeHIIye OOCSIT MEpEeKeBOro
00MiHy Ta [103BONIsi€ MacITaOyBaTH 3alpOTNOHOBaHY KOHIICTIII0 HA CHUCTEMH 3
HEOJTHOPITHAMH BYy3JIlaMH T4 PI3HHUMHU DPIBHAMH OOUYHCIIOBAIBGHOI CHPOMOKHOCTI.
[TpakTHYHE 3HAUYCHHSI OTPUMAHHUX PE3YJIBTATIB HOJIATA€ Y MOKIIMBOCTI 3aCTOCYBaHHS
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3aIPONOHOBAHOIO TMiJXOAy B CHCTEMax, A€ OAHOYACHO ICHYIOTH HEOHOPITHI
iH(popManiiHi mKepena, obMexeHi pecypcu 00poOkH Ta HE0OXiAHICTH OIIEPAaTHBHOTO
pearyBaHHs Ha 3MiHy PH3HKOBOTO CTaHy. BaykJInBo, 1110 3a1ipOonIOHOBaHa apXiTeKTypa
HE TpHB'sS3aHA 0 KOHKPETHOI MpeaMeTHOI oOnacTi Ha piBHI 0a30BHX MeXaHi3MiB.
3MiHa MOJQJILHUX EHKOJEPIB 1 crienm(pidYHAX O3HAK JO3BOJISAE AJaNTyBaTH ii JIO
IHIIOrO THIy iH(pOpPMamiiHUX IOTOKIB 0€3 NPHHIMIIOBOI NepedyloBH MeXaHi3MY
PHU3HK-OPIEHTOBAaHOTO KepyBaHHA. BopHowac oTpuMaHi pe3ynbTaTH  CIIJ
IHTEpIIPETyBaTH 3 ypaxyBaHHAM OOMEKEHb NPOBEIEHOTro JociimpkeHHs. OKpeMuM
3aBJaHHAM € OI[IHIOBaHHS CTa0IJILHOCTI MOJEN NMpH MEepEeHEeCeHHI MK pPi3HUMH
TIpeAMETHIMH O00JIACTSIMH Ta YaCOBHMH IIePioIaMH, OCKUTBKY caMe 3MiHa pO3MOAiTy
JaHUX MOXK€ ICTOTHO BIUIMBaTH Ha JIOCTOBIPHICTh PH3WMKOBUX  OIIHOK.
[lepcrieKTHBHUM HAIPSIMOM TIOJAIBIIIOTO PO3BUTKY € TOTIIMONEHHS aIalTHBHOCTI
3aIPOITIOHOBAHOI0 METOAY MUIIXOM MEpeXoay BiJ OIHOPIBHEBOTO 3BayKyBaHHSI
MOJQJIBHOCTEH /10 0araTopiBHEBOro MeXaHi3My, SKHH OJJHOYaCHO BPaxOBYBaTHMeE
SKICTh JDKEpella, 4acoBY aKTyaIbHICTh iH(pOpMalli, MepexeBy IOCTYIHICTh Ta
MIPOTHO30BaHMI BIUTMB KOHKPETHOrO TIOTOKY Ha KiHIEBe pilieHHs. J(ominbHuM €
MOETHAHHS 3alpPOTIOHOBAHOI apXiTeKTypu 3 (elepaTUBHAM HaBYAaHHAM, IO
JO3BOJINTH AaNTyBaTH MOJENI Ha JIOKAIBHUX By3Jax 0e3 LEHTPali30BaHOTO
HaKOIIMYEHHS IEPBUHHUX JaHUX. [loable BIOCKOHAJICHHS PECYPCHOTO KOHTYPY
Moke OyTm TmoOB'i3aHe i3 3aCTOCYBaHHAM 0araToareHTHOrO HaBYaHHA 3
MAKPIIUICHHSAM, KOIM OKpeMi BY3JIH MEpeXi HaBYaTHUMYTbCS Y3TOIXKEHO
PO3MOIIISTH 00YHCITIOBAJIBHI, EHEPreTHYHI Ta KOMYHIKaiiHI PecCypcH 3aJIe)KHO BiJl
JIOKaJIbHOT'O ¥ TI100aNbHOrO PiBHA PU3MKY. Y CYKYIHOCTI Lii HalpsiMH CTBOPIOIOTH
OCHOBY JUIsl IIEpexo]y BiJl aJanTHBHOIO aHAJi3y MYJIbTUMOAQIBHHX NaHUX [0
CaMOKEPOBAHMX  JELCHTPAII30BaHMX  IHTEJICKTYaJbHMX  MeEpex, y  SAKUX
iHpopMaliiiHa SKiCTb, PHU3UK 1 JOCTYIIHICTb pECYpCiB PO3IJILIAIOTHCS  SIK
B33€MOIIOB's13aHi KOMIIOHEHTH €WHOTO X0y NPUHHSITTS PillleHb.
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INTELLIGENT RISK-ORIENTED MULTIMODAL DATA ANALYSIS FOR
ADAPTIVE RESOURCE CONTROL IN DECENTRALIZED NETWORKS
Ph.D., Rudnichenko M.}, Ph.D., Shibaeva N.}, Shumeiko K., Shvedov D.},
Zlenskiy AL, Dr.Sci.,Petrov 1.2
10dessa Polytechnic National University, Ukraine,
2National University "Odessa Maritime Academy", Ukraine

This paper presents a studyon the development of an intelligent risk-informed multimodal
multidimensional data analysis method for adaptive resource management in decentralized
networks, utilizing deep learning and adaptive information fusion mechanisms. The relevance
of the study is driven by the growing volume of heterogeneous data in distributed digital
environments, which demands the simultaneous assurance of risk analysis validity, processing
speed, and the rational utilization of limited computational, communication, and energy
resources.The limitations of traditional multimodal fusion strategies are analyzed, justifying the
adoption of an adaptive architecture that accounts for the real-time quality of information
modalities and risk levels when formulating control decisions. The proposed method integrates
modality-specific data encoding, adaptive weighting of information streams, integrated latent
representation formation, risk state estimation, and a closed-loop resource management
framework for decentralized networks.An experimental testbed was implemented using Python,
Jupyter Notebook, NumPy, Pandas, Scikit-learn, PyTorch, and Matplotlib. To construct an
experimental data environment, open real-world datasets—specifically IEEE-CIS Fraud
Detection, Online Retail, and Default of Credit Card Clients—containing transactional,
temporal, behavioral, customer, and identification features were utilized. The proposed method
was evaluated against early, late, and static weighted fusion approaches in terms of F1-score,
ROC-AUC, processing latency, and energy consumption. Furthermore, the robustness of these
methods under increasing resource workloads was assessed alongside an ablation study of the
core architectural components. The experimental results demonstrate the superiority of the
proposed approach in balancing risk analysis quality, adaptivity, and resource efficiency,
confirming its promise for deployment in decentralized intelligent networks.

Keywords: multimodal data fusion, data mining, risk-informed analysis, adaptive resource
management, decentralized networks, deep learning, hybrid modelling, latent representation
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Anomauin. Y cmammi npedcmasieno écebiune 00CHiONCeHHs W00 pO3poOKU cucmemu
ioenmuixayii 3ax60pi106anb pOCIUH 30 OONOMO20IO0 AIOPUMMIE MAUWUHHO20 HaguanHA. Mema
pobomu nonsieac 6 asmomamusayii npoyecy idenmugikayii 3ax6opioeans poCIuH HO IXHbOMY
306HIWHbOMY 6u2nA0y. 1 onoenum 3aedannam pobomu € po3podKa  IHMENeKmyanrbHo20
npocpamnozo 3abesneyenns, 30amHo20 NPOBOOUMU WMBUOKUL I MOYHUTI AHANI3 CIAHY POCIUHU
no it pomoepaii. Buznaueno ma peanizosano yci acnekmu po3po6Ku cucmemu GU3HAUEHHS.
3axeopiosans pociun no 306pasicennsx. Ilpoananizoéano icuyrouinpozpammui npooykmu, ujo
BUKOPUCIOBYIOMbCA 015 I0eHmu@ikayii cmany pociuH, 6UssieHo iXHi nepeéazu ma HeOOiKuU,
demanvHo c@hopmosano eumo2u 00 PYHKYioHany ma AKICHUX XAPAKMEPUCUK CUCHIEMI.
Ocobaugy ysazy npuoiieHo 320pmKOSUM HeUPOHHUM Mepexncam, IXHIM NpuHyunam oopooKu
300paicent ma 6u000Y6aHHs 03HAK, @ MAKOJIC PisHUM apximekmypam. IIposedeno nasuanus
Odekinbkox modenei pisnux mepedxc na Habopax danux PlantVillage ma PlantWild 3 memoio
nopieusanHa  ixuboi moyHocmi. YV po3pobneniti cucmemi 3acmoco6aHo MooOeib,  AKA
npoOOEeMOHCIMPYBANA HAUOINLUIUTI 8I0COMOK NPABUILHUX NepedbaieHb Ha Mecnmo8omy Habopi
danux, 6 Akocmi akoeo 6Oyno euxopucmano oamacem PlantDoc. I[Ipoepamnuii 3acmocyHok
ioenmuirayii  3ax80p06aHb POCIUH peanizosano Yy uenadi  MOOIIbHOZO  000amKY.
AxmyansHicms 00CHIONCEHHA OOIPYHMOBAHA 8 MOMY, WO YCi Yacu ICHY8AHHA CITbCbKO2O
2ocnodapcmea 1100CME0 CMUKANOCA 3 6a2ambMa SUKIUKAMU Ol YCRIUHO20 306epedicenis
epoorcais. OOHi€ 3 HAUOIMLWUX NPOOIEM € 3AX60PIOBAHHA POCIUH, CAPUYUHEHI PISHUMU
nebesneunumu  yunnuxamu. Cmamom Ha Cb020OHI, cydacHi mexnono2ii donomazaioms
cnpocmumu ma nokpawumu OisIbHICMb t0dell y bazamvox cepax, i cilbcbke 20cn00apcmeo
ne € eunamkom. Cucmema, po3podiena 8 pamkax ybo20 OOCHIONCeHHs, CmAne NeKUM Y
3acmocyeanui IHCMPYMeNmom Ol WBUOKO20 GUABNEHHA CMAHYy POCIUH, WO O00NoModice
NPAYiHUKAM (epMepcbKuUx 20Cno0apcme epekmueHiute 6xcusamu HeoOXiOHUX 3axo0ié O
NOPAMYHKY 8POJCAIO.

Knwouosi cnosa: knacugikayia 306padcens, ioenmugpikayis 3ax60pio8aHb POCIUH,
320pmKosi netiponni mepeoici, enuboke naguanns, PlantVillage, PlantWild, PlantDoc, wmyunuii
inmenexm.

Beryn

CinbChKe TOCTIOAAapCTBO — I O/THA 3 HAWBAKITUBILIHX Cep JIFOICHKOT TisITBHOCTI.
KinbkicTh TTIO/CH, 1110 MPAIOIOTh B arpapHOMY CEKTOpi, CTAHOBHTH MPUOIH3HO 1
MinbsipA ocib, siki ckimamaioTh 28% pobowoi cumm Behoro cBity. Taki maHi He €
IVUBHUMHU, aJK€ POCIHHHI MPOAYKTH Xap4yBaHHS € JDKEPEJIOM BEIUKOi KiTBKOCTI
MMO>KUBHHUX PEUOBHH, CEpel AKUX — BITaMiHU, MiHEPAJIH, BYTJICBOH, )KUPH Ta HABITH
Oinku. PociuHHa ka € He MEHII BaXKJIMBOIO 32 TPOJYKTH TBAPUHHOTO TTOXOPKCHHS,
caMe TOMY METOI0 TpAIliBHUKIB (EpMEPCHKHX TOCIONApCTB B yCi Hach €
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3a0e3MeueHHs] MaKCHMAIBHO BHCOKOTO PiBHS BpoKaiHOCTI. JlocsArTH ycmixy B miit
CIpaBi — HeJierka 3aJa4a, aJke Ha CTaH POCIUH BIUIMBAIOTH 0arato HeOEe3NeYHUX
YMHHUKIB, HANIPUKJIAJ; KIIMaTHYHI MpoOIeMH, TaKi, sIK 3acyxa Ta HaJMipHa CIieKa,
ITOBCHI, @ TAKOXX MOPO3H Ta IPajd; MPOOIEMH 31 CTAHOM POJIIOYOCTI IPYHTIB, cepe]
SIKMX HaJMipHE BHKOPHCTaHHS XIMIYHMX JOOpPHB Ta IEeCTHLHIIB, epo3ii Ta
3aCOJICHHS;  3aJIOKHICTh BiJl 1HHOBAIIWHHX TEXHOJIOTiH, BHUKOPHCTaHHS SKUX
noTpedye I0JATKOBUX 3HAHb I HABMYOK Ta HECE PU3UKH I[O/I0 IXHBOI HAIIHHOCTI;
3aXBOPIOBAHHS POCIUH, 30y THUKaMH SKHX € OaKTepii, FpHOKH, BIpYCH, IIKiTHUKHU Ta
napasutuyHi pociuuu [1, 2, 3]. Pusukn, nepepaxoBaHi BHUIIE, MOKYTh PH3BECTH 10
BTpaTH BaroMoi YacTWHMA BHUPOOJCHOI TMPOMAYKIi, IO HEraTHBHHM YHHOM
BiZIOOpa3uThCS HAa OTPHMAHUX J0XOJax BHPOOHMITBA. IIpaliBHHKH arpapHoro
CEKTOpY pPOOIATH yce MOXIIMBE JUISI TOTO, IMOOW 3amo0irTH TOsiBi HEraTUBHUX
HACJIZKIB 200 MaKCHUMAaIbHO 3MEHIIUTH I1XHIH BIUTUB, 3JIHCHIOIOYH KOHTPOJIb
TOJIUBIB, BUKOPUCTAHHS 100pUB Ta 3aco0iB GOPOTHOM NMPOTH LIKiJHHUKIB Ta XBOPOO.
IMpoGiieMa 3aXBOPIOBaHb POCIMH € JyXKe CepHO3HMM BHUKJIMKOM i cdepu
CLIIBCBKOTO T'OCMO/IAPCTBA, TOK PaHHs JiarHOCTHKA Ta BYAaCHE JIKYBAHHS € JykKe
BaXJIMBUMH 3axojgamu. CydacHi HAyKOBII Ta arpOHOMH MOCTIfHO JOCIiDKYIOTh
LUTAXY BAOCKOHAICHHS 3aX0/1iB 60pOoTHOM MPOTH MOLIMPEHHS XBOPOO Ta MiHIMi3awii
HEeTaTUBHHX HACHiJKiB. Y poboti 3pobieHo (okyc Ha po3poOKy NpOrpamMHOTO
MPOAYKTY, SIKUIl O3BOJATHME LIBUJKO T TOYHO BUABUTH CTaH POCIIMHU Ta HAlaTH
pEeKOMeHAalil MO0 JIKyBaHHS MOCTpaKAaaux pociuH. IIpobiema 3axBOproBaHb
POCIIHMH € 3Ha4YHO OLIBII HeOE3MEeUHOI0, HiJK MOXKE 371aBaTHCs HA TMEpIIHil nori. 3a
indopmariero ITpomoBoIBYOi Ta cibchbKorocnoaapeskoi oprauizaiii OOH (Food and
Agriculture Organization, FAO) xBopoGu pOCIIHH TIPU3BOASTE 10 BTPAT MPUOIH3HO
y 40% ypoxaiB KOKHOTO POKY, L0 B CBOIO Y€pry BeJe /IO BEJMYE3HHX LIOPIYHHUX
30MTKIB, sIKi OLiHIOIOTECS y 220 MminbsipaiB poiapiB CIIA. Tpamnsiorees H Taki
cUTyalil, KoJIi 11 po0eMa cTae NPUYMHOIO JIe/Ib HE TIOBHOT'O 3HUILCHHS BPOXKAIO —
Hanpukiaz, y neskux perionax Kenii 8 2013 — 2014pp. yepe3 XxBopoOy JieTaIbHOTO
Hekpo3y OyJiio BrpaueHo noHazn 90% ypoxaiB kykypyasu. Taki JaHi cBigyaTs po Te,
mo mnpoOieMy 3axXBOPIOBAaHb CUIbCHKOIOCIIOAAPCHKUX —KYJBTYP HEMOXJIHMBO
iCHOpPYBATH, 1 BEJNMKY BaXKIMBICTh MAalOTh 3aXOAW BYACHOTO JiarHOCTYBaHHS Ta
nmikyBaHHs pociud [4, 5]. OcHOBHMMH 30yJIHMKAMH XBOpPOO POCIHH € TPHOKH,
Oakrepii Ta Bipycu. J{Js BAAIOro po3moBCIOMKEHHS 11i MIKPOOPraHi3MU MOTPeOyIOTh
creuiagbHUX KIIMAaTHYHHX YMOB, Cepell SIKHX — PIBeHb BOJIOTOCTi, TEMIEpaTypH,
OCBITJICHHSI, SIKOCTI IpyHTY Towio. Ille omHuM Hebe3neyHuM (HakToOpoOM € AisSUIbHICTD
KOMaX-IIIKiIHUKIB Ta Mapa3uTHYHUX POCIIKH.

3 PO3BUTKOM arpapHUX HayK JIIOJCTBO 30aradyBajo CBOI 3HAHHS PO pi3Hi
3aXBOPIOBAHHS POCIUH — TPO iXHI Bi3yallbHi CHUMNTOMH, 30yAHUKIB, IIBUIKICTH
PO3MOBCIO/DKEHHS, METOIHM JIKyBaHHS Ta OpodinakTukd. BisyanbHi cHUMOTOMH,
aBkKeX, BIJIrpaloTh HAHBAXIMBIIIY pPONb Yy MiarHOCTYBaHHI XBOpOOW — st
inenTudikamii cTaHy pOCIUHA HEOOXiHO MePeBipHUTH ii JUCTS, IIOAH Ta cTeOII0 Ha
HAsIBHICTH TOIIKO/HKEHbB, TUIIM 1 THIUT. [IpoBeaeHHs 30BHIIIHBOTO aHAI3y POCIHH
0COOHCTO arpoOHOMOM € Hee(EeKTHBHUM DIIICHHAM, aJpKe TaKWil MAXiA CHIBHO
3aNeXKUTh BiJ KBasidikamii (axiBid, II0 MPOBOIUTH OIS, Ta MOXE MOTpPeOyBaTH
BEJIMKOI KimbKocTi wacy. OnHi€I0 31 CKIAJHOCTEH € TaKOX 1 Bi3yaldbHa CXOXICTh
CHUMITOMIB DPi3HHX 3aXBOPIOBaHb HAa MOYATKOBHX €Tamax PO3BUTKY XxBopoOm. llle
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OJITHUM BHCOKOTOYHHM MiJIXO/IOM € JabOpaTOpHi JOCIIIKEHHs YpaKEHUX POCIHUH 3
METOI0 OTPUMAaHHA JeTabHOI iHdopMmarii mpo ii cran. Llei meTox, y cBoro gepry, €
JOPOTUM Ta HEAOCTYIHHUM JUIS MaluX Ta BiJIajeHuX (epMEepChbKUX TOCIOIapCTB.
Otmxe, BUHHKaE 10Tpeba Yy HASBHOCTI JIETKOAOCTYITHOI'O iHCTPYMEHTY, SKHi
MIPOBOANTHME J[Iar HOCTHKY IIBHAKO 1 TOYHO Ta He IOTpeOyBaTHMe BEINKOI KiJIbKOCTL
pecypciB [t cBoei pobotu. Ha gomomory nmpuxoIsTh CydacHi METOIU Ta TEXHOIOTI T
3i chep LITYYHOrO iHTENEKTY, MAIIMHHOTO HaBYaHHS Ta PO3POOKH IPOrpaMHOrO
3a0e3IeUeHHs, SKi BXKE AKTUBHO BHKOPHUCTOBYIOThCS U TOJOJAHHS ICHYHOUHX
po0sIeM y HaNpsMKY TEMH POOOTH.

AHaii3 HayKOBHX 1 TEXHIYHHX JDKEpeN, NPHCBIYEHHX PO3Ii3HaBaHHIO
300paxkeHb UL ieHTHQIKamil Ta Kiacudikamii pOCIWH, Ja€ 3MOTY BH3HAYHUTH
OCHOBHI TCOPETUYHI TIIOJIOKCHHS, KOHIICMII Ta TEXHOJOTIYHI MiIXOIH, IO
GbopMyrOTh CydacHHMi CTaH JOCHIDKeHb y Iii ramysi. PesymbraTé nomepenHix
JOCTI/UKCHb ~ CTBOPIOKOTH  MIAIPYHTS JUIS  PO3POOJICHHS BHUCOKOC()EKTHBHUX
ABTOMATH30BaHUX CHCTEM, NPH3HAYCHHUX JUISI BUKOPHCTAHHS B arpOHOMIl,
€KOJIOTIYHOMY MOHITOPHMHTY Ta OCBITHIX 3acTocyBaHHAX. OJHHMM i3 KIIFOUOBHX
HANpsAMIB Cy4aCHHX JIOCII/DKCHb € 3aCTOCYBAHHS METOJIB ITMOOKOrO HaBUYaHH,
30KpeMa 3ropTKoBUX HeiipoHHuX Mepex (Convolutional Neural Networks, CNN), siki
JEMOHCTPYIOTh BUCOKY €()eKTHBHICTH MiJl Yac aHali3y Ta Kiacudikamii Bi3yaabHOI
inpopmanii. Cepen mNOMMPEHHX apXITEKTYp, IO BHKOPHCTOBYIOTHCS IS
po3mizHaBaHHs pociuH, MoxHa Buaimutu AlexNet, VGGNet i ResNet. 3okpema,
apxitektypa ResNet, BUKOPUCTOBYE pe3u/yanbHi 3B I3KH, 110 A€ 3MOT'Y 3MEHIIUTH
HEraTUBHUI BIUIMB NPOOJEMM 3racaHHs TpajlieHTa TiJ 4ac HaBYAaHHSA TIIMOOKUX
HEHPOHHUX MepeiK. 3aBISIKH [IbOMY 3a0e311euy€eThCsl BUCOKA TOYHICTD 1 CTabiIbHICTh
kiacudikarii pociiuH, 30KpeMa 3a YMOB 3HA4YHOI BapiaTUBHOCTI (POPMH, CTPYKTYPH
Ta 30BHIIIHBOrO BHUIIBSILY JHCTA [6]. BaXkimuBuM JONOBHEHHSM [0 METO[IB
kiacuQikalii € TeXHOJOrii cerMeHTallii 300paxeHb, siki 3a0e3edy0Th BUIIICHHS
LiBOBOT0 00’€KTA 3 HABKOJIUILIHBOTO CEPEAOBHUILA. Y JNOCIIHKSHHSX, PUCBIYCHHIX
3acrocyBanHio Mask R-CNN (He et al., 2017), cermeHTallisi BAKOPHCTOBYETHCS LIS
TOYHOTO BiJJOKpEeMIICHHs pociuH B (ony. Takuil miaxia € ocoOIMBO aKTyaIbHUM
U1t 300paXkeHb, OTPUMAHKUX y NPHPOJHUX ab0 IMOJBOBHX YMOBAaX, Jie Ha SKiCTb
pO3Mi3HABaHHS MOXYThb BIUIMBAaTH IPYHT, iHIII POCIWHH, TiHI Ta HEPiBHOMipHE
ociTienns. Bomaowac 3actocyBands Mask R-CNN  xapakrepusyersbcs
MiJBUIICHAMH BHUMOTaMH 70 OOYHCIIOBATLHHX PECYpCIB, IO MOXE OOMEKyBaTH
HOro BUKOPUCTAHHSI B CUCTEMaX 13 )KOPCTKUMHU BUMOTraMu JI0 BHAKOIIT [6]. Oxpeme
MICIle B PO3BUTKY CHCTEM aBTOMATH30BAHOTO PO3Mi3HABAHHSI POCIHH MOCIIAI0Th
BeJIUKI crierianizoBani Habopu nanux. Jocumimkenns npoekty PlantNet (Joly et al.,
2016) nemoHCTpYE eeKTUBHICTH KpayACOPCHHIOBOTO MiIX0y 10 (popMyBaHHs 6a3
300paxkeHb. 3aayueHHs] KOPHCTYBaYiB 10 300py Ta 3aBaHTaxkeHHs poTorpadiit nae
3MOTY CTBOPIOBAaTH MAcCIUTaOHI U pi3HOMaHITHI HAOOpH MaHUX, IO CHPHSE
MiBUIIEHHIO 3aTHOCTI MoOJeNiell pO3Mi3HaBaTH IIHPOKUI CHEKTP BUIB, 30KpeMa
pinkicaux. BomHouac Takuii MiAXiA CTBOPIOE JIOJATKOBI MpOOJIEeMH, TOB’s3aHI 3
KOHTPOJIEM SIKOCT1, KOPEKTHICTIO MapKyBaHHS Ta MOXKJIMBAMH ITOMUIJIKAMH IIiJ] 9ac
ineHTudiKamii pociuH KOpUCTyBadyaMH. BakiauBy pojb y MiABHINEHHI CTIMKOCTI
MoJeNeld 10 Pi3HOMAHITHHX yMOB OTPUMAaHHS 300pak€Hb BiIrpaioTh METOIH
ayrMeHTanii gaHux. Jlo HaWOImbII MOIIMPEHHWX OTEpaliii HanekxaTb OOepTaHHS,
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MacmraOyBaHHS, 3MiHa SCKPaBOCTi, KOHTPACTHOCTI Ta IHIIMX XapaKTEPUCTHK
300pakeHHs. 3aCTOCYBaHHsS ayrMEHTalil Ja€ 3MOry PO3IIMPUTH BapiaTHBHICTh
HaBYaJIBHOI BHOiIpkM 0e3 HeoOXimHOCTI mporopuiifHoro 30iNbIIEHHS 00CATIB
TIEPBUHHOTO 300py AaHMX. Y pe3yNbTaTi IIOKPaNly€eThCs y3aralbHIOBaIbHA 31aTHICTh
MoJeni Ta i1 CTIHKICTh 10 3MiH yMOB 3ifoMkH [7]. Takum 4MHOM, aHaJ3 HAYKOBUX
JDKEpeN CBIMYUTh, IO IMOEJHAHHS METOJIB IIIMOOKOro HaBYaHHS, CErMEHTalil Ta
ayrMeHTallili JaHuX CTBOPIOE e(pEKTHBHY OCHOBY [UIS PO3POOJICHHS CHCTEM
aBTOMATH30BaHOr0 PO3Mi3HABAHHS POCIUH. BoJHOYAC aKTyalbHUMH 3QJTHIIAOTHCS
MMUTaHHS 3a0e3MeYeHHsT BUCOKOI NPOJYKTHUBHOCTI TaKMX CHUCTEM Ha MOOUIBHUX 1
nepuepiiHIX TPUCTPOAX, a TAKOXK ITJIBUINCHHSA TOYHOCTI PO3Mi3HABaHHS BUIIB,
JUISL SKUX Yy JOCTYITHHX Ha0opax IaHHX NpeJcTaBlieHa OOMeXeHa KiJIbKiCTbh
300pakeHb. OTXKe, cydacHi MeToau 3a0e3NedyoTh HafliiiHy T€XHOJIOTIUYHYy OCHOBY
JUTsL TIOAANBIINX JIOCIT[UKeHb, OIHAK MOTPeOYIOTh ajanTaiii 10 KOHKPETHHX YMOB
eKCIuTyaTallii Ta BUMOT KiHIIEBUX KOPHCTYBauiB.

AKTyaJbHICTh QBTOMATH30BAHOTO PO3Mi3HABAHHS POCIIHH JIOJATKOBO 3yMOBJICHA
CYYaCHHUMH TEHJCHIIIMUA PO3BHTKY arpapHOTO CEKTOPY. 3pOCTaHHS YHCEBHOCTI
HaCeJIeHHs ITTaHETH, IiJBHIIEHHS ITONUTY Ha INPOJOBOIBCTBO Ta iHTEHCHU]IKaIis
CLIBCBKOTOCTIOAPCHKOT0  BUPOOHHMIITBA (POPMYIOTH MOTpedy B e(eKTHBHILIOMY
YIIpaBJIiHHI MOCIBHUMH IIomamMu. BopHouac HecTaOllbHICTh KIIIMATHYHHUX YMOB,
MOIMPEHHS XBOPOO 1 IIKiTHUKIB MOXYTh CIPUYUHATH 3HA4HI eKOHOMiYHI BTPaTH Ta
CTBOPIOBaTH PH3UKM JUIS TIPOJOBONIBYOT Oe3nekn. 3a TakMX YMOB CBOE€YacHE
BUSIBIICHHSI TIATOJIOTIYHMX 3MiH Y CTaHI POCIUH, TOYHA ieHTUdiKamis IXHIX BUAIB i
BU3HAUCHHS CTaJiii pO3BUTKY HaOyBalOTh OCOOJIMBOTO 3HAYEHHS i1 CY4acHOTO
arpoOMOHITOPUHTY Ta IUIAHYBaHHA CLIBCHKOIOCHOJAPCHKOrO0 BHpPOOHMITBA [8].
Tpaauuilini MeTOoqM HOJBOBOIO MOHITOPHHITY, IO IPYHTYIOThCS NEPEBAXKHO Ha
Bi3yaJIbHIM OIIHII CTaHy pPOCIMH arpoHOMaMH Ta BHUKOPHCTaHHI CTalliOHApHUX
JaTYMKiB, HE 3aBXKIH 320e3Meuy0Th HEe0OXiJHy ONepaTHBHICTh i MacIITabOBaHICT.
Cy0’ eKTHBHICTb JIFOACHKOT OL[IHKH, 3HA4HI 4aCOBi BUTPATH Ta OOMEKEHA MOXKIIUBICTh
OJJHOYACHOTO KOHTPOJIIO BEIMKUX TEPUTOPIH MOXKYTh NPU3BOJIHUTH /IO 3aTPUMKH Y
BUSIBIICHHI TpoOieM 1 TPUHAHATTI  BIiJNOBIJHUX  YNPAaBIIHCBKUX  PIIICHB.
JonaTkoBMMH OOMEKEHHSMH € BHCOKAa BapTICTh YACTHUHU CIICIiajli30BaHOrO
oOnafHaHHg Ta HEOOXiHICTh ONTHMAIBHOIO BHKOPUCTAHHS TPYIOBHX 1
MatepiaibHuX pecypceiB. Lle 3ymMoBiroe moTpedy B TEXHOJNOTIAXK, 30aTHUX MOEIHATH
TOYHICTh, IIBUJAKICT, MACIITA0OBaHICTh Ta CKOHOMIYHY  e()eKTHBHICTh
MOHITOPHUHTY.

OpHUM i3 TEepPCIeKTHBHHUX TEXHOJOTIYHHUX PpIllleHb CTall0 BUKOPUCTAHHS
6esminotHux mitanbHux amapatiB (BIUIA), ocHalieHHX BHCOKOPO3IUIBHUMH Ta
OararocrekTpalbHUMHA Kamepamu. 3actocyBaHHs BIIJIA nmae 3mory omepaTtuBHO
OTpPHUMYBATH 3Ha4YHI 00CATH Bi3yalbHOI iH(OpMaIlii PO CTaH MOCIBIB i3 PI3HUX BHCOT
i pakypciB. Lle po3mupioe mpocTOpoBe OXOIUICHHS MOHITOPHHTY Ta BOJHOYAC
3MEHIIIY€ 4acoBi i TPyAOBI BUTpaTH. BHKOpHMCTaHHS 0araToCreKTpaJbHUX Kamep
JOJATKOBO 3a0e3ledye MOXKIIMBICTh aHANI3YBaTH CIHEKTPajbHI XapaKTEPUCTUKH
POCIIHH, 30KpeMa BUSIBILSITH 3MiHH, TIOB’13aHi 31 CTAHOM JIUCTS Ta ()OTOCHHTETUYIHOIO
akTuBHICTIO. Taki O3HaKM MOXYTh OYTH KOPHCHHMHU /I PAaHHBOTO BUSBICHHS
CTPECOBHX CTaHIB i MOTEHIIHHUX YPaKEHb POCITUH.
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3pocraHHs 0OCATIB Bi3yalIbHHX aHWX, OTPUMAHHMX Y Pe3yJbTaTi IHOJILOBOTO
MOHITOpHHTY, (opMye NHOTpedy B aBTOMATH30BAHUX AITOPHUTMax 00 €KTHOTO
JIETEKTYBaHHsI, 37aTHUX OOpPOOJIATH BEIMKI MACHBH 300paXEHb 1 BIJCOKAJPIB i3
HEOOXITHOIO MIBHJIKICTIO Ta TOYHICTIO. Y IIbOMY KOHTEKCTI OCOOJIMBHII iHTEpec
craHoBATh Mojeni cimeiictBa YOLO (You Only Look Once), opienroBani Ha
IIBHKE BUSBICHHS 00’€KTiB y 300paxkeHHsAX i BimeomoTtokax. CywdacHi Bepcii,
30kpemMa YOLOVS Ta YOLOII, moemHyloTh BHCOKY IIBHAKICTH OOpOOKH 3
KOHKYPEHTOCIIPOMOKHOIO TOUHICTIO IETEKTYBaHHSI, 1110 POOUTH 1X NEPCHEKTUBHUMHU
JUIsl BUKOPHCTaHHS B CHCTEMaX aBTOMATH30BAaHOTO arpOMOHITOpHHTY. IHTerpariis
MoJieriel 00’ €KTHOTO AETEKTYBaHHS 3 JaHUMH, OTPAMaHUMU 3a JiortoMoroto BITJIA,
BiJIKpHBA€ MOKIIMBOCTI JIUISI aBTOMAaTH30BaHOTO BUSBJICHHS Ta KiIachikamii poCcIuH,
MOHITOPHHTY IXHBOTO CTaHy, BU3HAYCHHS O3HAK ypaXeHHs Ta (hOpMyBaHHS AaHUX
IUISL  TIOJANTBIIIOTO TIPUHHATTS YNPaBTiHCBKHX pillleHb. 3aCTOCYBAaHHSA TaKHX
TEXHOJIOTil MOXKE CIPHSTH MiJBHUIIEHHIO ONEPAaTHBHOCTI MOHITOPHMHIY IIOCIBIB,
PalLliOHAJIBHIIIOMY BHUKOPHCTAHHIO PECypCiB 1 3MEHIIEHHIO IOTEHLIHHUX BTpAT,
TIOB’13aHUX 13 MOMIUPEHHSAM XBOPOO Ta LIKITHUKIB [9].

1. MocranoBKa MPo0/IeMH Ta aHAJI3 iCHYIOYHX MiAX0AIB Ta mMyOiKanii

OCHOBHOIO 33/1a4€I0 CHCTeMH € Kiacu(ikalis XBopoO pociuH 1o pororpadisx
muctiB 4y 1ioxiB. Kiacugikariss — me mpouec BHU3HAYEHHS KaTeropii, A0 sKoi
HaJISKUTh 00 €KT B 3aJICXKHOCTI BiJ] HOro o3HaK (xapakrepucTHk). [lepiimM etanom
pPO3pOOKM CHUCTEMM CTaHE HABYaHHSA IHTENICKTYaJdbHOI MOJeNi aHali3yBaTH
300paKeHHs] POCIMHM Ta BU3HAYATH, JI0 AKOTO KJIACY BOHA HAJICKMTh — HAIPUKJIA,
«S16myko 3n0poBe» abo «BuHOrpaz, 3apaxeHnii XMOHOIO OOPOIIHHUCTOIO POCOIO»
tomo. [lepen Oe3mocepenHbO0 pealli3ali€ld BOrO eTamy HEOOXiTHO MPOBECTH
03HaHOMIICHHSI 3 MiJXOJaMH, 1110 MOXXYTh BUKOPHUCTOBYBATHCSI B OCHOBI MOOYIOBU
Takoi knacudikauiiinoi wmoxemi. Ili migxomm Ga3yroTkCs Ha  apXIiTEKTypi
Gararomaposoro nepuentpona (Multilayer Perceptron, MLP). Ile tun mry4Hoi
HEHPOHHOI Mepexi, SIKMH CKIAIaeThesl 3 NEKUIbKOX IIapiB — BXiJHOTO, OJHOTO YH
JIBOX NPUXOBAHMX Ta BHXiJHOro. baraTomapoBuii MepUENTPOH € ITOBHO3B’SI3HUM
(densely connected) — e o3Havae, 110 BCi HEHPOHM MOMEPEIHBOTO MIAPY MAKOTh
3B’s13KH 3 ycima Heiiponamu. MLP mipaiitoe HACTyTHUM YHHOM:

- BXIJHMH [Iap OTPHMY€E IMOYATKOBI [aHi (HANpUKIA[, 3HAYCHHS MiKCENiB
300pa)kKE€HHS YU CJIOBA TEKCTY);

- KOXKEH BXI/IHUI1 CUTHAJI MHOKUTBCS HA TIEBHE 3HAUCHHS Baru Ta B IPUXOBAHUX
[Iapax KOXXeH HEHPOH OOYKCIIIOE 3BaXKEHY CyMy BXIIHHMX CHUTHANIB 3 J0/aBaHHIM
3cyBy (bias);

- 3aCTOCOBYEThCS HelNiHiMHA (YHKIsS aKTHBAlli, sika J03BOJsi€ (OpMyBaTH
CKJIaJHi 3aJI€XKHOCTI;

- pe3ynbTaTH 0OpPOOKHU MOJAIOTHCS Ha BUXiAHUIA map (y 3aaay 6araToKIacoBol
kimacuQikaiii KiTbKiCTh HEHPOHIB BHXIMHOTO Iapy MOPIBHIOE KiTBKOCTI KIIACiB,
KO)KHE BHXiJIHE 3HAYCHHs [OPIBHIOE 3HAYEHHIO HMOBIPHOCTI MPUHAICKHOCTI
eJIEMeHTa JI0 BiAMOBITHOTO KIIacy).

HesBaxatoun Ha MPOCTOTY apXiTEKTypH Ta YHIBEPCATBHICTh, 3aBASKH SIKiH
OararomapoBHii IEPLUENTPOH CTAB OCHOBOIO IS CKIIATHIIINX MiIXO/IiB, BiH Ma€ Taki
HEIOJIIKH, SK HHU3bKa INBHIKICTH Ta BUTpATa BEJNUKOI KUTBKOCTI pPecypciB Uit
00poOku Benmukux HaOopiB manux [13]. PexypenrtHi HeiponHi mepexi (Recurrent
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Neural Networks, RNN) — Tum mrydHux HEHpOHHHX MepeX, NpU3HAYEHUH Uit
OIPAIIOBAHHS IOCIIIOBHUX NaHUX. BiJ TpaJHLiHHUX OPSIMOMPOXiTHUX MEpex iX
BiJIpi3HsI€ 31aTHICTH 30epiraty iH(opMaIlifo mornepeHix KPOKiB — Ha KOXKHOMY KpOIli
Meperka BpaxoBY€ HeE TiJBKH MOTOYHHHN BXiJ, a H pe3yapTarn oOpoOKH MoTepeHixX
€JIEMEHTIB ITOCTIJOBHOCTI TaHHX (TpuxoBaHWH craH). Ha KokHOMy erami oOpoOku
BxizHoro curHaxy RNN oGuuciroe HOBUMI NPUXOBaHUIT CTaH 3 BUKOPUCTAHHSAM Bar
Ta HeNiHIWHOT QyHKIT akTuBaii. [Ticns mporo, oOYHCICHMI HOBHIA MPUXOBAHUI
CTaH BHKOPHCTOBYETHCS SIK BXiJ] HA HACTYITHOMY KpoIli. Y 3amadui imeHTudikarii
XBOpOO POCIIMH peKypeHTHI HEWPOHHI MepeXi MOXKYTh OYTH BHKOPHUCTAHUMH JUIS
CIOCTEpEKEeHHS 3a CTaHOM pOCIMHHM Yy dYacl Ta pO3Ii3HaBaHHA pPIi3HUX CTamiit
PO3BUTKY XBOPOOW — BiJI IIOYATKOBOI J0 HaHOLTBII HeOe3neyHoi. Ayre Halkpanmm
YUHOM 3ajauy aHalli3y 300pakeHb BHMKOHYIOTh iHIIN migxoaun. OCHOBHUM
IHCTPYMEHTOM MaIIMHHOTO HAaBYaHH JUTsI aHANI3y 300pa)KeHb € 3TOPTKOBI HEWPOHHI
mepexxi (CNN), mpo siki Bke Oyno 3ragaHo panime. BoHu cremianbHO Oynu
CIPOEKTOBAHI came JUlsl BUpiIeHHs wLiel 3aadi. s 00poOku 300paxeHb 3ropTKOBi
HelpoMepei BUKOPHUCTOBYIOTh AJITOPUTM 3TOPTKH, KU TOJISArae y 3aCTOCyBaHHi
HEBEJIMKOro (inbTpa (sapa), HANMpUKIaJ, PO3MIpOM 5% 5 MIKCeNiB, SKUH MOCTiT0BHO
MIPOXOJIUTH 0 300paXKEHHIO, 00UHCITIOI0YH CKaIPHUH T00YTOK MiXK BaraMmu QijasTpy
Ta 3HAYCHHSAMH IIKCEIB, JI0 SKUX Oylo 3acTocoBaHO el ¢ureTp. Lle momomarae
BU3HAYaTH Taki neranm ¢ororpadii, sk Mexi, TeKCTypu Ta (GopMH 300paKeHHX
06’ektiB. llapu CNN, B SIKMX BUKOPHUCTOBYIOTBCSI OIeEpallii 3rOpTKH, Ha3MBAIOTh
3rOPTKOBUMH Iapamu. [licis 3ropTkoBOro mapy 3a3BU4ail BUKOPHCTOBY€ETHCS 1I1ap
aKTHBAIlii, B SKOMY 3aCTOCOBYIOThCS HEJNiHIMHI aKTHBALiiHI QYHKIII, cepen sSKux
ReLU a6o Tanh. [Inst 3MEHIICHHS] pPO3MIPHOCTI 3aCTOCOBYIOTHCS AP 00’ €THAHHS
(pooling layers), Boru GyBaroTh ABOX BHIIiB:

- Max pooling — 3 meBHOI AIISIHKH MIKCEIiB 3aJIMIIAETHCS JIMIIE TOH MIKCEIb,
SIKAH MICTHTD HaMOLIbIlE 3HAUYEHHS;

- Average pooling — mpoBOAMTBCS TMiJPaXyHOK CEPEAHBOr0 apu(pMETHUHOTO
3HAYEHHS IMIKCeIiB NeBHOT AULTHKU.

Iapu pooling 3a3Buuail BUKOPUCTOBYIOTHCS MiX IIApaMH 3TOPTKH. BoHH
JOIIOMAraroTh 30UIbIIMTH MBUAKICTh 00YNCICHB, 3MEHIIUTH 00CATH BUKOPUCTAHHS
mam’siTi Ta 3amoOirTH TaKOMY SIBUILY, SIK MEepPEHaBYaHHS MOJEN — KOJIM MOJENb
MPOCTO 3amam’sITOBY€ JaHi, Ha SKUX HABYAETBHCS, aje Ma€ TPYIHOLII 3 aHAII30M
JIAHUX, SIKI M1 4aC HABYAaHHS HE BUKOPHCTOBYBAJIHCSL.

Cepen iHIIMX BaXJIMBUX €JIEMEHTIB 3rOPTKOBOI HEHPOHHOI MEPexi:

- [Iap BUMPSIMJISTHHS, IEPETBOPIOE GaraTOBHUMIpHI MaIi 03HAK Ha OTHOBUMIpHHI
BEKTOp 15 CIIPOILICHHS JTAHKX;

- MOBHO3B’I3HUIA 1Iap, BUKOHY€E OCTATOUYHY KIacU(iKallifo;

- BUXIJIHUI 1ap, BU3HAYAE 3HAUCHHS UMOBIPHOCTI TPUHAJIEKHOCTI eJIeMEHTA 10
KoskHOro Kiacy (Bim 0 mo 1) 3acrocoByroun dyrkmito Sigmoid mis 3anau GinapHOi
knacudikari i softmax — st 6Gararoknacosoi [16].

Taka ctpyktypa poours CNN oHNM 3 HAWKpAIIHX AITOPUTMIB [UIS Bi3yalbHOTO
aHaJi3y 300pa)keHb, TO3BOJISIIOUH MIBUIKO Ta TOYHO BISIBIATH BaXIIMBI O3HAKHU Ta
MpoBoANTH Knacudikanito. CTaHOM Ha COTO/IHI ICHYIOTh MO>KJIMBOCT] OIITUMIi3yBaTH
apXiTeKTypy Mepexi il poOOTH Ha MaluX TPHCTPOAX, TaKUX, SK MOOITIBbHI
TenedoHH, MIKPOKOHTPOJIEPH Ta APOHH. Y €1 IepepaxoBaHi BHUIIIE CKIIAJ0BI €IEMEHTH
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CNN po6usith X OpHIATHUMHE [UIsL CTBOPEHHSI BUCOKOTOYHOI CHCTEMH BU3HAYCHHS
XBOPOO CLITbCHKOTOCTIOAAPCHKUX KYIBTYp. 11]e 01HMM HOBUM LIKABHM ITiIXOOM ISt
00po6Ku 300paxkeHb € Tpancdopmepu Oauenns (Vision Transformers, ViT). Is
TexHouorist Oyna mpezacraineHa y 2019 pomi. Bona Oynma po3pobieHa Ha OCHOBI
TpaHchOpMepiB, 110 3aCTOCOBYBAJIHCS [T aHAJI3Y TEKCTY. Y TaKUX TpaHchopMmepax
€JIEMEHTH TEKCTY IIEPETBOPIOIOTHCS HA TOKSHH, SIKi TOTIM KOHBEPTYIOTHCS Y BEKTOPH.
3a momomororo Mexanismy Mmulti-head attention curman KIOYOBHX TOKEHIB
MOCHITIOETHCS, a JUIsl MEHII BaXKIMBHX — 3HIDKYEThCS. BizyanbHi Tpancdopmepu
MPALOITh CXOKHUM YHHOM — JIBOBHMIpHE 300pakeHHs1 po30HBA€ThCS HA TaTdi, 3
SKUX (DOPMYIOThCS OJJHOBHUMIpDHHMI BEKTOp. Mepexka 3Ha€ TOpSAOK Ta TMO3HUIII0
KOKHOTO MaTuy y BekTopi. HacTymHuil KpoK — J0JjaBaHHs JI0 MOCIiOBHOCTI MaT4iB
TokeHa kiacudikamii (CLS). Bin 3maTHHi HaBuaTHcs Ta BUKOPHUCTOBYETHCS JUIS
360py rnobanbHuX o3Hak dororpadii 3 ycix maruis. Moro ocrarounmii BuXin
BHKOPUCTOBYEThCsSL U1 Kiacubikanii Oe3 3actocyBaHHs omepauil pooling. Kpim
poro apxitektypa ViT BukopuctoBye: Mexanism multi-head self-attention, sikuii
JO3BOJISIE  AQHANI3yBaTH TJOOATBHI 3B’M3KM MDK BiAJaIEHUMH YaCTHHAMH
300pakeHHs, 1110 103BOJISIE OTHOYACHO aHAJII3yBaTH pi3Hi TumM iHpopmali, Taki, Ik
MEXIi, KOJIBOpH, (GOPMH Ta TEKCTypH OO0 €KTIB Ha KapTHHI; MEpEexXy NpsSIMOro
nomnpennst (Fead-Forward Network, FFN), ska BuBYae ckiaJHi O3HaKdM Ta
3aCTOCOBYE CKIIaHy HeMiHiiHy QyHkuito aktuBanii GELU; 3anuikoBi / mponymieHi
3B’s13k1 Mixk mapamu (Residual / Skip Connections) mst Toro, mo6u 3amo6irTu BTpati
TOYHOCTI; apxiTekrypy OararomapoBoro mnepuentpona (MLP), 3acrocoBany mo
TokeHa CLS st cTBOpeHHs WMOBIpPHOCTEH KiaciB i3 3aCTOCYBaHHSAM (DYHKIIT
softmax. Taki ckiaioBi eeMEHTH pOOJIATh apXITEKTYPY Bi3yallbHUX TpaHCPOPMEpIB
Iy’Ke MOTY)KHUM 1HCTpyMEHTOM Juisl Kiacudikaiii 300paxeHb, KU IEMOHCTPYE
BUCOKHiT piBeHb TouHOCTI. [IpoTe, He3Baxaoun Ha Bci mepesary, ViT Takox Mae i
HENOJIKH, cepell SIKMX — HoTpeba BeJHMKOl KiJbKOCTI pecypciB Ta HeoOXiAHICTh
HaBYaHHs Ha HAbOpax JaHMX Ay)Ke BEIUKOro obcsry. J[ms 3amycky Ha MOOLTBHHX
cucTeMax B OCTaHHI POKM 3pPOCTa€ MOIMYJSIPHICTh BUKOPUCTAHHS apXiTEKTyp, SKi
MOETHYIOTh PUCH 3TOPTKOBUX HEHPOHHUX MEPEX 1 TpaHchopMepiB.

CporosiHi y BIAKPUTOMY IOCTYHi iCHY€ BEJHMKa KUIBKICTh yXe Po3po0ieHnX
apXITEeKTyp 3rOPTKOBHX HEHPOHHHX Mepex. HaykoBi, JOCITIJHUKH Ta PO3POOHUKHI
MPOJIOBXKYIOTh IMPAIOBATH HAJl HOBUMU BHCOKOTOYHHMH PillICHHAMH Kiiacuikailii
300paxxeHb, po3BuBaroun 10 chepy. [lix yac BukoHaHHs poOOTH OYJIO MPOBEICHO
aHaniz Ta HapuaHHs aesikux apxitektyp CNN, cremianpHO ONTHMI30BaHHX IIif
po0OOTY Ha NPUCTPOSIX 3 HE Ay’KE BEIUKUMHU OOUHCIIOBATEHUMHI NOTYXHOCTSIMH, 110
pOOUTH MOXKIIMBUM IXHE 3aCTOCYBaHHS y MOOUTbHHX cucTemMax. OIHIE0 3 IHUPOKO
BiZIOMHX TPYIT MOJIENIEH 3ropTKOBUX Heliponunx mepexk € EfficientNet, pospoGiena
Ta TpejcTaBieHa imkeHepamu kommnanii Google y 2019 pormi. OcobnuBicTio 1mx
Mojienieii € 3actocyBaHHst Metoy compound scaling, sikuii mossirae y MaciirabyBaHHi
napameTpiB rauOuHY (KiTBKOCTI IapiB), mHMpuHA (KiJTBKOCTI KaHATIB y HIapax) Ta
PO3AiTBHOT 3IATHOCTI BXiAHMX 300pa)XeHb MUITXOM MHOXXEHHS iXHIX 3HAYCHb Ha
neBHi BusHaueHi koedimientu. I'pyma EfficientNet mae Bchoro 8 wmogeneit
3ropTKoBHX HelporHux Mepex — Bia EfficientNet-B0 xo EfficientNet-B7. Lli mogerni
BIJIPI3HAIOTHCS BUMOTAMH JI0 PECYPCIB Ta LUTHOBUMH 3aJa4aMi BHKOPHUCTAHHS.
Mogens EfficientNet-B0 e Haii6isibI1 KOMIIAKTHOKO i caMe BOHa OyJ1a B35Ta 3a OCHOBY
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IUIst CTBOpeHHs iHmmx Mozened, Big EfficientNet-B1 no EfficientNet-B7. L mozens
Mae IUPOKe 3aCTOCYBAaHHS y PEIbHUX 337a4ax aHaiizy (oTo, TOX st Kitacudikarii
XBOPOO pocivH ii TeX MO’KHA BUKOPHCTATH.

Cepen KIIOYOBHX OCOONMBOCTEH Iii€l MoJeni MOXKHAa BH3HAUUTH HACTYIHI
XapaKTePHCTUKH:

- BUKOPUCTAHHS MOAM(IKOBAaHMX IHBEPTOBAHWX 3AIHIIKOBHX Oio0kiB MBConv,
3ano3nuyennx 3 moaesi MobileNetV2;

- BHCOKa TOYHICTH KJIaCH(iKallil NMpH HEBENWKIH KiJBKOCTI IapaMerpiB, ska
JOCSTAEThCS 32 OMOMOTOF0 miaxoay compound scaling;

- e(peKTHBHE BUKOPHCTAHHS OOUYHCITIOBAIBHIX PECYPCIB;

- MATPUMKA MIMOOKHX Mepek 0e3 3HaUHOTro 301TbIICHHS CKJIaHOCTI;

- BUKOPUCTaHHs MeXaHi3My Squeeze-and-excitation it mokpamieHHs BUAIICHHS
Ba)XJIUBHX O3HAaK.

Mogens EfficientNet-BO BHKOpHCTOBYe MeHIIY KiNBKICTH IapaMerTpiB y
nopiBHAHHI 3 iHmmMMHK apxiTekrypamu CNN, mo poOuts ii MEHII BUMOIIIMBOIO JI0
0OUHCITIOBAIIHUX PECYPCIB, alie He MPU3BOIUTH JI0 BTPAT TOYHOCTI.

HacTynHuM CiMeHCTBOM 3ropTKOBHX HEHPOHHMX Mepex Bix kommanii Google €
MobileNet, cremiansHo npusHadyeHa Uit poGOTH Ha cMapThoHax Ta BOYJOBAHUX
cucteMax. OcoOMBICTIO MOJIeNIeH 1ii€l IPYIN € BUKOPUCTAHHS 3TOPTOK, PO3/LIICHHUX
mo riaubuni (depthwise separable convolutions), siki momomaraiOTh 3MEHIINTH
KibKicTh 00uncieHs. Y apyriid Bepeii mopeni (MobileNetV2) 6yno npencrasneno
iHBEPTOBAaHI 3aJIMIIKOBI OJIOKH, p00OOTa SIKHX MOJBIra€e y MOYaTKOBOMY OIpAIIOBaHHI
MEHIIOT KIIBKOCTI KaHaJiB 3 TOJAJIBIIMM PO3IIHPEHHIM IXHBOT KilbKkocTi. Lle cnpuse
3MEHIICHHIO CKJIAJHOCTI MOJENi Ta MiJBUIIEHHIO epeKkTuBHOCTI. Tpers Bepcis
mozerni (MobileNetV3) Takox BHKOpHCTOBYE MexaHi3M squeeze-and-excitation Ta
¢byukuiro akruBauii h-swish. st 3amycky Ha MOOUTBHHX MPHCTPOSX HaiOibIIe
migxoaute Momenb MobileNetV3-Small. Cepen 1i mepeBar — Mana KiJbKiCTh
napameTpiB, HU3bKE SHEProCIIOKMBAHHSI, BUCOKA MIBHIKICTh 1H(PEPEHCY Ta HaBiTh
MOXITHBICTh POOOTH B PeaJIbHOMY 4aci.

Kommawnist Microsoft tex npomnonyBaia cBoi pillieHHsI B I cdepi, OMHUM 3 SKUX
€ nyxe momymsipHa rpynma moneneir ResNet, crBopena y 2015 powi. Bona
XapaKTepU3y€eThCsl BUKOPHCTAHHSIM 3anmuiukoBux Omokie (residual blocks), ski
MICTATh MPOIYCKU MiAKIOUeHs Mi mmapamu (SKip connections). Ile momomarae
3ano0irTy BTpaTi TOYHOCTI MOJIENI, SIKa MICTUTh BEIUKY KibKicTh mapiB. ResNet-18
€ BiIHOCHO KOMIIAKTHOO MEPEkKE0, IO cKIaaeThes 3 18 mapis. 1i cunpni croponu
— 16 MpOCTa apXiTeKTypa, BHCOKAa TOYHICTh Ta MIBUJAKICTh HaBYaHHA. Mojenb
LIMPOKO BUKOPHUCTOBYETHCS SIK 0a30Ba apXiTEKTypa y 3aJa4ax KOMIT IOTEPHOTO 30py
Ta MOXe e(EeKTHBHO 3aCTOCOBYBATHCH Uil KiacH(ikalli 3aXBOPIOBaHb POCIHH.
Cepen inmmx mikaBux pinens Bupisuserscst YOLO (You Only Look Once) Bix
kommanii Ultralytics — cimeiictBo Mosenei, 10 31aTHi MPOBOIUTH i1eHTH]IKALIO
00’exTiB y peansHomy uaci. [Ipencrasmeno y 2015 poui. Mogeni YOLO rtakox
IIPOKO BUKOPHUCTOBYIOTBCA B 3ajadax, [ BaXJIMBOIO € JIOKATi3allis 00’eKTa Ha
300paxenni. Bocema Bepcist momeneiit (YOLOVS) micture apxitektypy YOLOVS-
nano (YOLOv8n-cls) — naiiMeHnry Ta HaWIIBHANLY MOJEb, IO TiIAXOJUTH IS
posropTaHHs y MoOinbHHX cucreMax. Cepen ocoOmuBOCTeH Ii€i MoAem MOXKHA
T IKPECIIATH TaKi:
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- Bukopucranusi C2f-GiokiB, siKi BH3HAYalOTh SK BHCOKOPIBHEBI CEeMaHTH4Hi
03HAaKM, TaK 1 HU3BKOPIBHEBI MPOCTOPOBI JaHI — Il MPU3BOJUTH JIO IiABHIIICHHS
TOYHOCTI, OCOOJIMBO IIiJ] Yac BUSBIIEHHS MajuX 00’ €KTiB;

- anchor-free MexaHi3M Juisi BUsBJICHHS 00’€KTiB, SIKHH yCyBae HEOOXiIHICTbH
BHKOPHCTAHHS ONOPHUX OJIOKIB, III0 3aCTOCOBYBauUCs y crapimmx Bepcisx YOLO i
JOTIOMarajid IMPOrHO3yBaTH PO3TAIIYBaHHA 00 €KTiB, BHMAararo4y peTelbHOro
HaJIAIITYBaHHS TA 3HAHHS PO3MipiB 00’ €KTiB.

Mexaunizm anchor-free criporiye nporiec HaBYaHHs Ta MOKPAIYE HPOIYKTHBHICTh
BUSIBIICHHS Ha pIi3HUX MacmTabax o0’ekriB. DenseNet — apxirekrtypa, 1o
XapaKTepU3y€eThCsl TMOBHO3B’S3HICTIO INApiB — KOXKEH HIap HEHPOHHOI Mepexi
3’€IHaHWU{ 3 yciMa HaCTYITHUMH Iapamu. Ls 1i ocoOnmuBicTh BinoOpakeHa B Ha3Bi —
CII0BO «dense» 3 aHmIiHChKOI MOBH MEPEKIIAIAEThCS K «IIUTbHMID. Takuil Imiaxis
3a0e3reuye e(eKTHBHE IIOBTOPHE BHKOPHCTAHHS O3HaK Ta 3amodirae BTparti
TOYHOCTI.

OpHiero 3 HalNoOMy ApHIMX Mojenel i€l rpynu € DenseNet-121 — moness, 1o
Mictuth 121 map 3ropTk, cepes HUX — 1 map 3roptku 7x7, 58 mapiB 3roptku 3%3 i
61 wap 3roprku 1x1. Takox Mo/iesb MicTUTh 4 miapu average pooling ta 1 miap fully
connected. DenseNet-121 neMOHCTpye BHCOKY TOYHICTB y 3ajauax Kiacuikauil
300paxkeHb Ta JOOpe MiAXOAWTH Uil iNeHTHQIKalil 3aXBOPIOBAaHb POCIUH, [IE
Ba)KJIMBUM € BUAUICHHS IPiIOHUX Bi3yaJbHUX ocoOnuBocteil. He MeHmI nikaBoo st
o3HaliomiieHHs € apxitektypa ConvNeXt, 3ampornonoBana oprasizaiiero Meta y
2022 poui. Bona 00’eHye 3BMUaiiHi oneparii 3ropTKH 3 eleMEeHTaMH Bi3yalbHHX
TpaHchopmepiB. ApXiTeKTypa MICTUTh JEKiIbKa Pi3HOBHIIB MOJEINEH, cepes KX
HaiikomnakTHiow € ConvNeXt-Tiny. Bona ckiagaerbcsi 3 YOTHPHOX OJIOKIB
(ConNeXt Block), siki BUKOPHCTOBYIOTh BENHKY ITIMOOKY 3rOPTKY po3mipoM 7x7,
HOpMaJti3allilo CUrHAJIB Ta 3aCTOCYBaHHS JI0 HUX JIBOIIAPOBOro mepuentpoHa 1x1 3
¢ynkiiero akruBaiii GELU abo SELU. BukOpHCTOBYIOTBCS TakKOX 3aJIUIIKOBI
migkmouenss (residual connections). 3asmsiku cBoim xapaktepuctukam ConvNeXt-
Tiny 1eMOHCTPY€E BUCOKY SIKICTh KIacH(iKallii HaBiTh Ha 300paKEHHSX, 10 MiCTSITh
Ppi3HHIi piBeHb OCBITJICHHS Ta ILIYyMY.

Ille onHiero TiOPUIHOIO apXITEKTYPOIO, SKa IOEAHYE PHCH 3TOPTKOBHX
HEHPOHHUX Mepex Ta TpaHcdopmepis Gauenns € MobileViT, crBopeHa kommnani€to
Apple mis MOGLITBHHX CHCTEM KOMIT FOTEPHOTO 30py. BOHA BHKOPHCTOBYE OMEPALIit0
3ropTku po3mipom 3x3, sanumkosi Gmoku MobileNetV2 (MV2) mns 3meniieHHs
posmiprHocti Ta OGmoku MobileViT, ski mnoeaHyroTh mepeBard 3roproK  Ta
tpancdopmepi. Mogeni MobileViT edekTuBHO BHAUIAIOTH TIOOGATBHI Ta JTOKATBHI
03HAaKH, MAKOYX HU3BKY KUTBKICTh MapaMeTpiB, a Taka MoJenb, sk MobileViT-XXS,
€ OJHIEI0 3 HAWKOMITAKTHIIINX, TIPU [IbOMY XapaKTePU3YEThCS BUCOKOIO IBHIKICTIO
po6oTH, eHeproe(eKTUBHICTIO Ta BUCOKOI TOYHICTIO mepemdavenb. Taki pucu
poOISITH 11 MEePCIeKTUBHOIO /Ul 3aCTOCYBaHHS Ha MOOUTbHHMX mpHCTposix. Ilicms
MPOBEJCHHS aHAI3y AEKLIBKOX MOMYJSIPHUX apXiTEKTyp 3rOPTKOBHX HEHPOHHHUX
MEpeX CTa€ OYEBHUIHOK HASIBHICTh BEJIHMKOI KIUIBKOCTI PI3HMX MiJIXOMAIB, SIKi
3a0€3MeuyloTh BHCOKY TOYHICTh, BHCOKY IIBHIKICTh HABYAHHS Ta TPH LBEOMY
HU3BKUH PiBEHb BUTPAT OOYHCITIOBATBHUX pecypciB. Lle cBiIUNTh PO aKTyalbHICTh
Ta PO3BUTOK 3aCTOCYBaHHA TIJHMOOKOrO MAIIMHHOIO HaB4YaHHA y cdepi
KOMIT toTepHOro 3opy. Ha momanpmmx eramax pobotu Oyne 3iiiCHEHO HaBYaHHS
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oOpaHUX MoJIeNe Ha MeBHUX Habopax JaHHX 3 METO MOPIBHSIHHS Pi3HUX METPUK
toyHocti. II[o6 Mojeni HEHPOHHHX MepeXK HABUIINCS pPO3IMI3HABATH O3HAKU
3aXBOPIOBAaHb PIi3HUX POCIHH, iX HEOOXiJHO HATPEHYBAaTH HAa BEJIHMKUX Habopax
300pakeHb (nmaracerax). Came JaTraceT BU3HAYAIOTh TOYHICTH, Y3arallbHIOBAIBHY
3[ATHICTh Ta NMPAaKTHYHY €(EeKTHBHICTH MOJENed MAIIMHHOIO HaBYaHHI. Y cdepi
KOMIT' IOTePHOTO 30py JUIL arpapHUX 3anad OCOOJHMBY pPONb BiJirparoTh HaboOpH
JIAHWX, 10 MICTATh 300paKEHHS JIMCTS, IUIOMIB a00 cTeden pOoCivH i3 O3HAKaMH
PI3HHX 3aXBOPIOBaHb.

OpHM 13 HaliBiOMImMX HaOOPIB JaHUX y cdepi po3Ii3HaBaHHS 3aXBOPIOBAHb
pociun € paracer PlantVillage, mpesenroBanmii y 2016 poui HayKoBISIMH
®Denepenphoi lIkomn Texnomoriit M. Jlozan (LlBetinapis) Ta IleHCHIBBaHCHKOTO
HepxaBHoro VYaiBepcurery (CIHIA). Bin craB (akTHYHMM CTaHIapTOM JUIS
HaBYaHHS Ta TECTYBaHHA MoJeNel kiacu(ikanii pOCIMHHUX 3aXBOpIoBaHb. Jlaracer
MictuTh 54305 3HIMKIB JIMCTS POCIIMH, 1[0 HAIEXKaTh 10 38 KilaciB 3aXBOPIOBaHb Ta
30POBUX POCIHH [Uisl 14 KynbTyp, cepell IKUX — (PYKTH, OBOUi, ATOJH, 37IaKOBI
tomo. OcHoBHOIO ocoOnuBicTI0 PlantVillage € Te, mo Bci 300pakeHHs Oyio
OTpUMAaHO y 1abopaTopHuX ymoBax. JIucts ¢ortorpadysanocs Ha ogHOpiaHOMY (oHI
IpY  KOHTPOJILOBAHOMY OCBITJICHHI, IO 3HAYHO 3MEHIIY€ BIUIMB 3O0BHIIIHIX
¢akropis.

VYeci 300pakeHHsT MaloTh po3mip 256x256 mikceniB. OkpiM 3BUYaiHOI, iCHYy€
TaKoX 1 Bepcis 1bOro HabOpy JAaHHMX 3 YOPHO-OUTUMHU 300pakKeHHSIMH, ajie B L
Ppo06OTi BOHA HE BUKOPUCTOBYETHCS. 3HIMKH HE MICTATh ayrMeHTallii — ii TIanyerbes
3aCTOCYBaTH 0Oe3IOcepe/]HbO Iepel] MOYaTKOM HaBYaHHS Mojeied HeHpOHHHX
Mmepex. PosmiTka nanmx BukoHaHa B cruii «Kynbrypa_ Hasa__xBopoOm»,
nanpukiazn, «Cherry_Powdery_mildews.

IepeBaramu PlantVillage € Benmmka KinbKicTh 300pakeHb, SKiCHAa PO3MITKa,
36aaHCOBaHICTh KJaciB i mpocroTa BUKOpUCTaHHS st HaByaHHs CNN.[14-16]
Ipore neit HaGip HaHMX Mae i MEBHI HENOMIKH, TaKi, sIK BiICYTHICTb CKJIQJHOTO
npupogHoro  (oHy, oOMekeHa BapiaTUBHICTH YMOB 3HOMKHM Ta cliabka
y3araJibHIOBaJIbHA 371aTHICTh MOJIEJICH y peaJIbHUX 0JIbOBUX YMOBAaX. JlOCII/UKEeHHS,
mpoBenene y 2024 poii, Moka3ano, IO MOJENb, TOYHICTh SIKOI Ha JaaTaceri
PlantVillage cranoBuna 99.35%, mpu TecTyBaHHI y HOJbOBMX YMOBaX 3MOIJIa
NpaBUIIBHO KiIacK(iKyBaTH pociauHy Ta i XBopoOy suie B 40% BUMaKis.

IIle ogHUM HemOIIKOM HBOTO HAOOPY JAHUX € Te, IO KUIbKICTh 300pakeHb He €
i1eabHO 30aJIaHCOBAHOKO IO KJIacax — JEsAKi KJIacH MAalOTh 3HAYHO O1JIbIIE 3HIMKIB,
Hanpukiazn, 43.4% 3o6paxens PlantVillage cranoBnsTs dotorpadii Tomaris, mo
MOXKe TPHU3BECTH [0 YIEpeKEHOCTI Mojeni. Bifbll AeTanbHUN aHami3 KiTbKOCTi
300paxkeHb HaBeIeHO y Tabuuii 1.

Awnaniz Habopy namux PlantVillage mnokas3aB, mo xo4 BiH i € omHHM 3
HAWMOMYJIPHININX, Ma€ CYTTEBI HEIOMIKH Ta HOro Moxe OyTH HeIOCTaTHBO ISt
eekTHBHOrO  HaBuaHHA  Mogened. Ilogomatm 1m0 mpobiemMy — MOXKHA
BHKOPHCTOBYIOYHM METOJ| HaBUaHHs, kWil mae Ha3By Transfer Learning. Tlimxin
TpaHcdepHoro HaByanns (Transfer Learning) onucyersbest TaKUM YHHOM — MO/IEIb,
HaBYEHA JUISl BUKOHAHHS OJHOTO 3aBJaHHS, NPOXOJMTH IOBTOPHE HABYAHHS JUIL
BHUDIIICHHS TIOB’S3aHOTO 3aBJAHHS, $KE MOXe OyTH OUTbII CKIagHAM Ta
KOHKpeTu3oBanuM. lle momomarae migBHINMTH €(QEKTUBHICTH Ta IIBUIKICTH
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HaBYaHHS, IPH I[bOMY 3HU3UTH pIiBEHb OOYHCIIOBAIBHUX BHTpar. Y 3aj1adi
TpeHyBaHHsI MOJiesei Uit ineHTudikanii XxBopob pocimua metox Transfer Learning
MOKHa 3aCTOCYBaTH HACTYITHHM YHHOM: 3[iHCHUTH IOIEpeIHE HaBYaHHS (pretrain)
Ha paraceri PlantVillage, sikmii ckmamaerscs 3 JabopaTOpHUX 300pakeHb, a
3aBepieHnst Hapuauus (fine-tune) peanisysaru Ha ckiiaHIIIOMY HAOOPIi TAHUX, IKUI
MicTuTh Qortorpadii, 3pobieHi y momboBux ymoBax. OTKe, MOCTaBlIeHA 3ajada
motpeOye BUKOPHCTaHHS HAOOpY 300pakeHb 31 CKJIAJHIMMM (OHOM Ta PI3HUMH
ymoBamu ocBitiieHHs. Taki BuMoru 3anoBonbHsie qatacer PlantWild, sixuii mictuthb
89 xnaciB [yt 33 pi3HUX KyJIBTYD.

Tabnuuns 1
Po3smois 306pakeHs Hagopy aanux PlantVillage mo knacax
Kyastypa [Kin-te KinbkicTh 300pakeHb Ha KOKeH KJIac 3aranpHa Kij-
aciB Th 300pakeHb
S16ayKo 4 Apple Scab — 630; Apple Black Rot — 621; 3171
Apple Cedar Rust — 275; Apple Healthy — 1645
YopHuiis 1 Blueberry Healthy — 1502 1502
Buss 2 Cherry Powdery Mildew — 1052; 1906
Cherry Healthy — 854
Kykypynsa | 4 Corn Cercospora Leaf Spot —513; Corn 3852

Common Rust — 1192; Corn Northern Leaf
Blight — 985; Corn Healthy — 1162
Bunorpan 4 Grape Black Rot — 1180; 4062
Grape Esca — 1383;
Grape Leaf Blight — 1076;
Grape Healthy — 423

AnenbcuH 1 Orange Haunglongbin — 5507 5507
Iepcux 2 Peach Bacterial Spot — 2297; 2657
Peach Healthy — 360

Iepern 2 Pepper Bell Bacterial Spot — 997; Pepper Bell 2475
Healthy — 1478

Kaprommst 3 Potato Early Blight — 1000; Potato Late Blight — 2152

1000; Potato Healthy — 152
MauHa 1 Raspberry Healthy — 371 371
CoeBuit 1 Soybean Healthy — 5090 5090
6i6

Kabak 1 Squash Powdery Mildew — 1835 1835

[omyHuIsS 2 Strawberry Leaf Scorch — 1109; Strawberry 1565
Healthy — 456

Tomat 10 Tomato Bacterial Spot — 2127; Tomato Early 18060

Blight — 1000; Tomato Late Blight — 1909;
Tomato Leaf Mold — 952; omato Septoria Leaf
Spot — 1771; Tomato Spider Mites — 1676;
Tomato Target Spot — 1404
Tomato Mosaic Virus — 373;

Tomato Yellow Leaf Curl Virus — 5257;
Tomato Healthy — 1591

Kinmekicts potorpadiii — 18542, Bci BoHU 3p00IIeH] Y MO MPH Pi3HUX HOTOJTHUX.
O6’ekTH Ha 3HIMKAaX MAalOTh pi3HI PO3MIPH, TaKOX TPAIUIAIOTHCS YaCTKOBI
MEPEKPUTTS JUCT Ta myMu. Taki xapakrepuctukd poosste PlantWild sramum
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BHOOpPOM 1711 HaBUAHHSI MOZENEH Uil peaslbHUX arpapHuX ymoB. OcoOmmBicTio
PlantWild takox € masBHicTs (aiiny Tumy JSON, sKuil MiCTHTB TEKCTOBI OMHCH
Bi3yaJIbHUX O3HAK KOXHOTO Kiacy (1o 50 omuciB Ha Kiac), o J03BOJISIE TIPOBOIUTH
MYJIBTUMOJaJIbHE HaBUaHHS Ta BUKOPHUCTOBYBATH Vision-language mogmerni. Habip
naHux Briepme Oyno npencrasieHo y 2024 pori BueHMMH 3 YHIBEpPCHUTETY
Ksincnenna (ABctpanist). Cepen IiHIINX IaTaceTiB, BapTHX YBaru, BUPI3HAETHCS
PlantPAD — oaun 3 HaiOutpmMX icHyrO4YHMX HAGOpIB 3HIMKIB pociuH. Y Horo
po3pobit 6epe yuacts yHiBepcurer M. Crerdopa, CHIA. PlantPAD micruts 421314
300paxens it 310 3axBoproBaHb 63 BHAIB POCIHH, cepel SKHX HaWOUIBII
NPUCYTHIMU € TOMAaTH, KYKypya3a, si0J1yko, BUHOTpaj, kapromuist Tomo. [aHi Oymno
310paHo 3 iHTEepHET-/HKepel], HAyKOBHX IMyOiKaliii Ta 1HIIMX BIIKPUTHX JaTaceTiB.
OkxpiM Bi3yanpHOI iHpOpMAaIlil MiCTHTh TaKOX 1 TEKCTOBI ormicy cumnToMiB. Hazsu
KJIaciB BUI'IISLIAI0TH K «KyIBTypa_Ha3Ba_XBOpOOW», HaIpPHUKJIIA],
«tomato_early_blight». latacer wmicTuth sk abopaTopHi, Tak 1 TONBOBI
300paXKeHHs1, IO SIKMX 3aCTOCOBAHO TaKi METOQM ayrMEHTalil, SK Jierka 3MiHa
HaJIaIITyBaHb KOJILOPY (SICKPaBOCTI, KOHTPACTHOCTI, HAaCHMYEHOCTi), MOBOPOT Ha
MEBHUI KYT, J3epKaJlbHE BiJOOpaXKEHHS I10 BEPTHKali UM TOPH3OHTANI. 3HIMKH
MAaloTh Pi3HY PO3MIPHICTH — II¢ 3yMOBJIIEHO THM, IO BOHH Oyiu 3i0paHi 3 pi3HHX
okepen. Hes3Bakarounm Ha Taki IepeBard, SK BeNWKa KUIBKICTh JaHUX Ta
PI3HOMAHITHICT KyNIbTyp, Habip IaHMX Mae€ OCHOBHHH HENOJIK — 3HaYHA
HEOJHOPIIHICTh JaHNX, NPHYMHOIO SKOi € BUTATHEHHA 300paXKeHb 3 BEJIUKOI
KinbKOCTI pi3HMX Jpkepen. lle yckianaHioe HaBYaHHA MoOAeNed Ta BUMarae
CKJIaHIIIOI TonepeHpoi 00pobku. LlikaBum maracerom € PlantSeg, ocobnuBicTs
SIKOTO TOJISITa€ y HAsSBHOCTI MAcOK CErMeHTalil, 3p00NeHnX aBTOpaMu Bpy4HY, SIKi
BUAUIIOTh YpakeHy 001acTh pociuHH Ha 300paxxenHi. Lleli Habip maHux OyIo
CTBOpEeHO AociigHukamu YHiBepcutery Ksincnenna (ABctpaitist) Ta omy0nikoBaHO
Ha niouatky 2026 poky. Ycboro BiH MicTHTh 11458 300pakeHb, 310paHux 3 BiAKPUTHX
mkepen, it 115 3axBoptoBanb i oxomtoe 34 kymbrypu. PlantSeg e mnorano
36aaHCOBaHUM HA0OpPOM JaHMX: HalMeHIuui kiac (peach rust) micrures ychoro 8
3HIMKIB, a HaitOinbIwii (Citrus canker) — 390. Kitack Ha3HUBAIOTHCS TaK camo, K 1y
PlantWild. Kpim toro, Tak camo, sik i PlantPAD, PlantSeg mae 3HiMKH pi3sHHX
po3MipiB. MeTonu ayrMeHTalii He 3aCTOCOBYIOThCS. Yci 300paxceHHs1 3po0JeH] B
MOJILOBUX YMOBAX, L0 JIO3BOJISIE MOJEN HaBUMTHCS BHUSBIATH BaXJIMBI O3HAKH Y
CKJIaZIHOMY OTOYCHHI, 8 BUCOKOTOYHI CErMEeHTAlliiiHI MAacKH, PO sIKi OYI10 3a3HAUYCHO
pasilire, TO3BOJISIIOTh BUSHAUYUTH MEXI YPAKSHHsI i OL[IHUTH CTYIiHb MOIIKODKCHHS
pocnunu. Jlatacet 4yA0BO MiIXOIUTh JJIs1 HaBYaHHS Takux moneneid, sk YOLO Ta
U-Net, siki crieniani3ytoThbes Ha JTOKami3aiii elneMeHTiB 300paeHHsI.

Ille omHuMm HaOOpPOM [aHMX, OPIEHTOBAaHMM HA pealbHi YMOBH 3HOMKH, €
PlantDoc, cropennii HaykoBUsIMH 3 [HilichKOro TeXHOTOTiYHOrO YHIBEPCHTETY M.
laginarap. Bin Oy mpeactaBmenuit y 2020 poii sikpa3 sIK ajbTepHATHBA [UIS
PlantVillage, sikuit cknagaerscst nunie 3 1abopaTopHUX 3HIMKIB. JlaTaceT MiCTHTh
2598 300paxeHs, siKi BimoOpaxaroTh 27 KIIaciB 3aXBOPIOBAHb IS 13 BHIIB POCIHH.
Koxen kmac wmictuth Big 54 mo 191 300paxenHs. HaiimeHyBaHHS KiaciB
31e0ipIIoro mpeacTasieHi y Burisiai «KynsTypa HazBa XBOpoOW», HampuUKIaL,
«Tomato leaf yellow virusy», ame B JeskMX Kjacax Ha3Ba 3aXBOPIOBAHHS TEK
MOYMHAETHCS 3 BeNWKoi Jitepu (mo mpuknanxy, «Apple Scab leaf»), a y kmacax
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BHHOTpaJly Ha3Ba KyJIbTypH HaIKcaHa 3 OyKBH HIKHBOTO perictpy («grape leaf black
roty»). ToOTo, SAKiCTh PO3MITKH JAHUX HE JOBEJCHA JI0 imeany. MeToau ayrMeHTarii
He OyJu 3acTocoBaHi 10 300paxens. Sk iy Bunazaky 3 PlantPAD, 306paxeHHs Oyiu
310paHi 3 pi3HUX IHTEPHET-PKEPEIT Y BIIKPUTOMY JIOCTYTII 32 JJOMIOMOT'OF0 ITOIITYKOBHX
Opaysepie Google ta Ecosia. Uepes me #oro naHi € HEOIHOPIAHUMH, OJHAK BOHHU
Jo0pe BioOpaaroTh peaibHi YMOBH BUKOPHCTAHHS CHUCTEM J[iarHOCTHKH POCIIHH,
TOK MOJIEJI, SIKi HaBUaroThCs Ha PlantDoC, MaroTh BUCOKY TOYHICTB Ta 3[aTHICTH 110
y3aragbHeHb. OCHOBHHMM HENONIKOM € Manuid obcsar nanux. IlincymoByroun, BapTo
3a3HAUUTH, IO Cy4yacHi HaOOpW JaHWX Uil 1NeHTHQIKamil 3aXBOPIOBAHb POCIHH
CYTTEBO BIJIPI3HSIOTBCS 3a OOCSTOM, THIIOM aHOTAIlil Ta yMOBAMH OTPHMAaHHS
300pakenb. JlaboparopHi maracerw, Taki, sk PlantVillage, 3abe3neuytots BHCOKY
SIKICTh Ta MPOCTOTY HABYaHHS MOJIENEH, TOIi SK MoyboBi Habopu naHux PlantWild,
PlantSeg Ta PlantDoC m03BONsIOTE CTBOpIOBATH OLIBII CTIHKI CHCTEMH, 31aTHI
MpaloBaTH y PEATbHUX YMOBaX. BHKOPHCTaHHS BEIHKHX Ta pPi3HOMAHITHUX
JIaTaceTiB € OJHMUM i3 KJIFIOYOBHX (DaKTOpPIB IiJABUIIEHHS TOYHOCTI Ta HamilHOCTI
CHCTEM aBTOMATHYHOI MiarHOCTHKHM 3aXBOPIOBAaHb pOCIHH. Imest CTBOpEHHS
MPOrPaMHHUX TPO/IYKTIB /ISl BU3HAYCHHS XBOPOO POCIIMH HE € HOBOIO — Y BIZIKPUTOMY
JOCTYHI BXE ICHYIOTh TaKi 3aCTOCYHKH. Y IIbOMY po3aul OyIyTh IpoaHali30BaHi
pi3Hi iCHylOYi pilleHHs, iXHI TlepeBard Ta HeNOJiKH. IMOBIpHO, HaHOGiIBLI
PO3MOBCIOKEHOIO MporpaMoro st cagiBuuirea € Plantix. Himenska opranisaitis
PEAT Gmbh pospobuna ii y BUMIsAi MOGIIBHOTO 3aCTOCYHKY UISL ONEpaIiitHOl
cucremu Android y 2015 pori . 3 Toro momenty Plantix 6ysio 3aBaHTaxeHo Oinbiie
10 minbitoniB pasis 3 pecypcy Google Play. ¥V mporeci po3po6ku Oyiin BUKOpHCTaHI
QITOPUTMH T'NIMOOKOTO HaBYaHHS 11 3a0€3MEUCHHA MOXIIMBOCTI aHAli3y CTaHy
pocnunu. Iporpama Hajgae KOpHCTYBadyy MOMJIMBICTB cororpadyBaTu pOCIHUHY,
ITiCJIsl YOro BU3HAYAE if CTaH Ta HaJae PeKOMEHALll 3 OTIsi Ay Ta JIIKyBaHHs. AHaui3
¢dororpadii Tpusae 1.7 cekyHau, cucTeMa po3mi3Hae Outbin Hik 780 3aXBOprOBaHb
1uist 82 BuiB KysbTyp. Kpim wi€i 6a30B0i onepariii, PlantiX mictuts Beuky KibKicTh
KOpUCHUX (pyHKLIH, cepea SKUX: AOCTYH OO0 OiOMIOTEKHM KOPUCHHX MarepialiB 3
MOPaJaMHu 11010 BUPOILYBaHHS Pi3HUX BU/IIB POCIIMH — KOPUCTYBa4 MOXe 00paTH 110
8 KyJBTYD, 5IKi HOro LIKaBJIATh; OTPUMAHHS CIOBIIEHb PO CIIATAXU IEBHUX XBOPOO
y perioHi KopucTyBaya,; OOrOBOpEHHsI pIi3HMX MHUTaHb 31 CQepu CUILCHKOro
rocrozgapcTea Ha Gopymi — y CIiJIBHOTI KOPHCTYBAaYiB € OCBiUCHI arpOHOMH, SIKi
MOXYTh HaJaBaTH Pi3HI MOPaaW; KAIbKYISATOp AOOPHB, SKHH HATA€ MOXJIHMBICTH
po3paxyBaTé HEOOXi[HY KiJbKiCTh MMOXHUBHHUX PEYOBHH B 3aJICXKHOCTI BiJ pO3Mipy
MUISTHKYM, Ha sIKid TOCa/KeHO POCIHMHH; TMiAOIp HAWKpaIoro MOMEHTY Uit
MpoBeJeHHss OOmpucKkyBaHHs Ta (ymiramii (0OpOOKHM POCIHH Ta30Moi0HOI0
peYOBUHOIO st OOPOTHOM MPOTH WIKIAHMKIB Ta 3aXBOPIOBAHb) B 3aJISKHOCTI Bif
MIOTOJTHUX YMOB.

Ille omHiero BiOMOI MOGIIBHOK MPOTPAMOIO I POCIHHHHITBA € Agrio.
Po3po6iiena i3painbcekoro kommaniero Saillog Ltd y 2017 poti, craHOM Ha ChOroHi
BOHa HapaxoBye Ouibin Hixk 500 Tcsy 3aBaHTaxkeHb 3 Google Play. Sk i Plantix,
3aCTOCYHOK AQri0 mMae HacTynHud (YHKIIOHAT: ifeHTH(]IKAIisS 3aXBOPIOBAHb
pociuH 1o Qotorpadisx — Bceoro 500 xBopoO; MIBUAKICTE BH3HAYEHHS CTaHY
POCTIMHU € HIKYOI0, HiX y Plantix; HasBHICTH 610J10TEKH 3 PEKOMEHAAIISIMY IIOA0
JMiKyBaHHS Ta JODJSAY 3@ pPOCIMHAMM; CIOBILICHHS KOpUCTyBa4da IIpoO

139



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

PO3IMOBCIO/DKEHHS 3aXBOPIOBAHb Ta MIKIMHWKIB y Horo perioHi. Takox iCHYIOTH
IporpamMy, 374aTHI iAeHTHU(IKyBaTH XBOpOOHM JHMIIE IIEBHUX BH/IIB POCIHH,
HaIpHKJIaz, MOOLIBHI 3acTocyHKH Tumaini ta Tumaini Bean s Ganany ta kBacosi
BianoBigHo. Cepell MacIITAOHINIMX PINICHh MOXKHA BHIUTMTH cuctemy Watson
Decision Platform for Agriculture, po3po6neny kommaniero IBM y 2019 poi.
ITporpama BUKOPUCTOBYE alrOPUTMH IITYYHOTO 1HTEJIEKTY Ta TeXHOJIOTI [HTepHeTY
pedeil 1y HaZaHHs TOYHHMX POTHO3IB MOTO/M Ta 3AJISKHHX BiJl HUX PEKOMEHIAIN
10 JIOTJSILy 3a mociBaMu. Takok CHCTeMa 3/aTHa BIJICTEXKyBaTH CTaH IIOJIB 3a
JIOTIOMOT'OI0 CYITyTHHKOBOTO MOHITOPHHTY 1 MiJIKa3yBaTH arpapisiM ONTHMAIBHY
KUTBKICTh BOIAM Ta JOOPHB Ha OCHOBI JaHWUX, OTPUMAaHHX BiJ] CEHCOpIB, IO
aHani3yroTh ctaH IpyHriB. JlocBia Bukopucranus Watson Decision Platform B Iupaii
MOKa3aB, IO IIi KOPUCHI (PyHKIII IOMOMOIIIN CKOPOTHTH 00’€M BUTpAT BOAW Ta
mectuuaiB Ha 25% Tta 40% BimnoeigHo. ba Oumbmie, 1 matgopma Takox
J0TIoMarae IMiKJIyBaTHCS PO BpOXKal Bxe Micis 300py — PEeKOMEHIYE ONTUMAIbHI
YMOBH 30epiranHs Ta J0CTaBKH, 0a3yIOUHCh Ha 3HAYCHHSIX TEMIIEPaTypH, BOJIOrOCTI
Ta yacy B goposi. [licis 3amycky cucremu y Kenii ta Hirepii Boanocst ckopotutn
BTpATH MPOJYKTIB XapuyBaHH Miciis 300py Bposkaro Ha 18%.

ITnatdopma Watson Decision Hagae IHPOKHUi CIEKTP KOPUCHOTO (HYHKIIOHAIY,
aje uepe3 CBOI OCOOJIMBOCTI € OpIEHTOBAHOK JIMIIE Ha BENMKi (hepMepehbKi
roCIOo/apcTBa 3 AOCTATHIM piBHeM IudpoBizamii. OkpiM cuctem Ui ineHTUdIKaLii
CTaHy CiJIbCBKOTOCTIOAAPCHKUX KYJIBTYP iICHYFOTh TAKOX 1 Taki mporpamu, sk Picture
This i Plantify, opientoBani Ha kiMHatHi pocnund [9]. Ha mogauy g0 1ux Ta iHIIMX
MPOTpaMHUX pillleHb, I[IKABUMH Ui O3HAHOMIICHHS € pPI3HOMaHITHI MoJei
HEHPOHHUX MeEpEeX, 3alpONOHOBaHI HAYKOBIAMHM I 3a0e3MedYeHHS BHCOKOL
TOYHOCTI y cepi BU3HAUCHHS 3aXBOPIOBaHb pociuH. Hampukian, oIHIE0 3 TaKUX
mozeneii € ConViTX. [i apxirekrypa € 10BON KOMIAKTHOIO Ta BHKOPHMCTOBYE
MOETHAHHS 3rOPTKOBHX HEUPOHHHMX MEPeX Ta Bi3yaJlbHUX TpaHC(HOPMATOPIB ISt
OJJHOYACHOTO BHSBJICHHA JIOKQJbHUX Ta DIOOAIbHUX O3HaK. Mogenb Oyio
MPOTECTOBAHO Ha HAOOPi JaHMX, CKJIAJIEHOMY aBTOpaMH JOCIHIIKEHHS 3 TMOJIbOBHX
300paskeHb KYKypy[3H, i 1 TO4HiCTh nocsria 3HadeHHS y 98.8% mnpaBmiIbHUX
nepea0adeHs, 10 POOUTS ii MepCIEKTHBHUM pillleHHsIM st 3actocyBanmst [10].

Ille omma moxens, BapTa yBaru — MSCVT. Ii apxirextypa € momi6HOIO 110
ConVIiTX — BoHa MOEHYE MepeBaru 3rOPTKOBMX HEMPOHHUX MEPEXK Ta Bi3yalIbHUX
TpancdopmaropiB. Takox MOJiesIb BUKOPHCTOBYE iHBEPTOBAHUI 3AIUILIKOBHUIT OJIOK,
SIKMH JIOTIOMAara€ 3MEHIIWTH KiIbKICTh MapameTpiB, IO POOMTh MOJENb MEHII
BUOArJIMBOIO 710 oOuMcIoBaNIbHUX pecypeiB. Tounicte MSCVT ckiana 99.86% Ta
97.5% wa nBox pi3Hux Habopax manux [11, 12, 13, 14, 15]. Cepen mpoaHasi3oBaHHX
MPOTPaMHUX PIllleHh MOXKHA BHSIBUTH TaKi HEIONIKH, K OOMeXeHa TOYHICTh MpHU
po06oTi 3 300paskeHHSIMHA HHU3BKOI SIKOCTI i 0OMEKeHa MOCTYMHICTh Y BiJIalICHUX
paiionax (30kpema depe3 noTpedy miKIIUeHHs 10 Mepexi [HTepHeT abo ckiaHol
apxiTeKTypu cucteMu). BTiM, BHCOKa TOYHICTh MOJeNiell HEHPOHHHUX Mepex, sKi
BUKOPHCTOBYIOTBCSL [UIsi BH3HAUYCHHS XBOPOOM POCIMHU 1O (OTO, pOOUTH Leit
HAaIpsMOK MEPCIIEKTHBHUM Ta BAPTHM MOJAJIBIINX yJOCKOHAICH.

2 ®dopmautizamisi 3a1a4i Ta po3podIeHHsl 3aNPONOHOBAHOI CHCTEMH

Jiis po3poOku cucteMu iaeHTH(IKalii 3aXBOPIOBaHb POCIHH 32 JOIIOMOTOIO
AITOPUTMIB MAIIMHHOTO HaBYaHHS Oysio 00paHo e)eKTUBHI MporpaMHi 3aco0H, 10
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3a0€31eUyI0Th MOJIIMBICTh MiATOTOBKH [JaHHMX, HABYaHHSI HEHPOHHHX MEpPEiK,
TECTYBaHHS MOJIENIEH Ta X MOJAIBIIOT ONITUMI3aLil sl BAKOPUCTaHHS Ha MOOLIBHUX
i BOyIoBaHUX HPHCTPOsiX. Y JaHili poOoTi s peamizamii cucremu Oyino oOpaHO
CYYacHHUI CTEK TEXHOJIOTiH, KU BKIFOYAaE MOBY IporpamyBaHHs Python, xmaphe
cepenosuie Google Colab Ta HaGip cremiamizoBarux 6i6GmiOTEK ISt TIHOOKOrO
HaBYaHHS 1 KOMIT FOTEpPHOTO 30py. Y cdepi LITyYHOrO iHTENEKTY, MAIIMHHOTO
HAaBYaHHSI Ta aHalizy JgaHux Python € opHiero 3 HaWNOMyJISpHIMIMX MOB
[pOrpamMyBaHHsI — Ii¢ OOYMOBJIEHO HPOCTHM CHHTaKCHCOM, BEJIMKOK KiJIBKICTIO
0i0JIIOTEK Ta aKTUBHOIO CIIJIBHOTOIO PO3pOOHUKIB. Takok BaXKIIMBHMH TIepeBaraMmu
€ BHCOKA IMIBU/IKICTh BUKOHAHHS KOy Ta JIeTKa IHTETpallis 3 iHIIUMH TEXHOJIOTISIMHU
C/C++, Java Tomo. Y ciepi KOMIT'IOTEPHOTO 30py Ta aHali3y 300pakeHb MOBa
Python ¢akTtuuHo € cTaHOapTOM 3aBISKH HAJAHHIO 3pYYHHX 3acO0iB st
MoTepeIHb0I 0OPOOKH 300pakeHb, MIATOTOBKHA HABYAILHHX BHOIPOK, HABYAHHS
HEHPOHHHUX MEPEeXK Ta EKCIOPTY MOJeNed Ui MOJajbIIoro BHKOPHUCTAHHS Ha
LTBOBUX MPUCTPOsix. HaByaHHS Mojeneill HEHpPOHHHX MepeX Ta OI[HKa IXHBOT
ToyHoCTi TpoBeseHa Ha miardopmi Google Colab. Bona 6asyerbcs Ha iHIii
noxiOHii rargopmi — Jupyter Notebook, Hamae MOXIHBICTH 3amyckKaTH KOJ,
HamicaHuii MoBOro Python, 06e3 HajamITyBaHHS JIOKQIBHOTO CEPEIOBHINA i
BukopuctoByBaru rpadiuni (GPU) a6o Tensopui mnporecopu (TPU) mis
MpUCKOpeHHst o6uucieHs. [lintpumyerncs interparis 3 Google Drive ta MoxJuBicTh
CHiIbHOT pOOOTH HaJ MPOEKTAMH.

Opwiero 3 6i0mioTeK, Mo OyAyTh BUKOPHCTaHI y TIPOIIECi HaBYaHHS MOJIENCH, €
TensorFlow Bix kommawnii Google. 3a gonomororo TensorFlow MoxHa cTBOprOBaTH
HEHPOHHI Mepexi, BU3HAYAIOYH apXiTeKTypy, apy, QYHKINi aKTHBallii, KITbKICTh
€I0X HaBYaHHs Ta iHIII napamerpu. st CTBOPEHHsT MOOITBHUX CUCTEM IITYYHOTO
iHTeNneKTy 0co0naMBO BaxnBow € Gibmioreka TensorFlow Lite, sika omnrumizye
MOJENi JUIsl MOJANIBIIOrO 3alycKy Ha MOOUIPHHX Ta BOYIOBaHUX IPHCTPOSIX,
3MEHIILYIOUH Po3Mip Moeneii i 3abe3neuytoun marpumMky ARM-npouecopis. Taxi
Mozeni 36epiraloThes y BUMIISL Qaiinis 3 posmmpendsm *.tflite i mix yac poboru
XapaKTepU3yIOThCSI HHU3bKMM E€HEPrOCIIOKMBAHHAM Ta BHCOKOK IIBHJKICTIO
BukoHanHs kiacudpikauii. [lle oqniero momysipHOIO 6iGIIOTEKO0, SKY IUIAHYETHCS
3acrocyBar, € PyTorch, po3po6iena kommaniero Meta. CtaHOM Ha ChOTO/IHI BOHA
LIMPOKO BUKOPUCTOBYETHCS Yy HAYKOBHX JOCHTIKeHHsIX Ta Al-po3poOui 3aBisiku
THYYKOCTI Ta 3py4HoCTi po6otu. Tak camo, sik i TensorFlow, BoHa BUKOPHCTOBYEThCS
IU1s TIOOY/IOBM HEHPOHHUX MEpEX, a TAaKOX IMiATPUMYE TpaHCc(epHe HaBYaHHS Ta
edexktuBHy poOOTY 3 BelMMKMMHU oOcsramu nanux. OHI€I0 3 OCHOBHHX IepeBar
PyTorch e miarpumka dynamic computational graph — HanamryBaHHs, siKe 103BOJISIE
3MIHIOBATH apXiTEKTypy Mepei BiKe Micisi movaTky HaBuyaHHs. Cepel OCHOBHHX
enemenTiB PyTorch, sixi OymyTs BUKOPHCTOBYBATHCS IiJ Yac HAaBYAHHS MOJIEIICH,
MO’KHA BHJIUTHTH HACTYIHI: MOy Ib tOrch.nn — st moGyMOBH apXiTEeKTYpH MEPEK,
SIKMA MICTHUTH Pi3Hi mapu, QpyHKIIT akTHBALil Ta 1HII eJIeMEeHTH, a TAKOX 03BOJISIE
peani3yBaTi apXiTeKTypu Takux Heripomepex, sik ResNet; DenseNet, MobileNet,
ConvNeXt i MobileViT; moays torch.optim — must onrumisartii mapamerpis Momesti
MMiJ Yac HaBYaHHA 3 METOI0 OHOBJICHHS Bar Ta 30UIBIICHHS TOYHOCTI; MOMYJb
torch.utils.data — s poGotn 3 HaGopamu JaHMX, 30KpeMa JUISl 3aBAHTAXKCHHS Ta
PO3NOALTY Ha TPEHYBaJIbHI Ta BaliJamiiiHi BUOIpKH.
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OdimiitHoro 6iGmorekoro kKoM foTepHoro 3opy st PyTorch e Torchvision.
Bona MicTHTH TOTOBI JaTraceTH, iHCTPYMEHTH ayrMEHTallii, MOonepefHbO HaBUCHI
Mojen Ta GpyHKiii 06pobku 306pakens. Cepen ckiaoBux enementis Torchvision,
SIKi TUIAHYEThCSl BAKOPHUCTATH: MOAYJIb transforms — st 3acrocyBaHHs 10 300paskeHb
METO/IIB ayrMeHTallii, TaKuX, SK 3MIHA pO3Mipy 300pa’keHb, BUIIQJIKOBI ITOBOPOTH,
BiJUI3epKAJICHHSI, PO3MHUTTSI, 3MiHAa HACHYEHOCTI Ta KOHTPACTHOCTI TOIIO; MOJIYIIb
models micrute CNN-apxitekrypu: ResNet, DenseNet, MobileNet, ConvNeXt Ta
EfficientNet. Biomioreka TorchAO Hamae MOKIIHBICTH ONTHMI3yBaTH MOJEII,
3MEHILMBIIHM TXHI PO3MIpH 3a JONOMOrOK alrOpUTMY KBAHTH3ALlii, MIPHU IILOMY HE
3aBIaBIIM CYTTEBUX BTpaT Juisi TouHocTi, a Oibmioreka ONNX2TF nmo3Bomse
3niiicHuTy KoHBeprariro Mozeni y ¢opmaru TensorFlow Ta TensorFlow Lite [16].
OTxe, oOpanmii Habip mporpaMHUX 3aco0iB 3a0e3redye MOBHHH UK POOOTH 3
MOJICJISIMHA HEWPOHHHX MEPEeX - BiJ ITIJrOTOBKM aHMX Ta HABYaHHSI HEHPOHHHX
Mepex JI0 onTuMi3arii Mozenel 1 X iHTerpaii y MoOUIbHY cucTeMy ineHTudikanil
3aXBOpPIOBaHb pociauH. DiHaMbHUI 1 KIFOYOBHH eTanm poOOTH — Iie, BiacHe, cama
po3poOka MOOLITBHOI MPOrpaMu BHSIBIICHHST 3aXBOPIOBAHb CLITLCHKOTOCIOAAPCHKUX
KyabTyp. 1llo6u BiAnoBigaTH yciM MOCTaBIEHHM BUMOTaM, Y po3poOIi 3aCTOCYHKY
MaloTh BUKOPHUCTOBYBATHCS HaliCydacHilli porpamMHi 3aco0H Ta TEXHOJIOT1i.

B sixocti MOBH nporpaMyBaHHs 0yJio o6pano Kotlin, sika BUKopucTOBYeThCS ISt
PO3poOkH GinbIIocTi MOGITBHUX A0AATKIB AJts omepariiiHoi cucremu Android. Lis
MoBa po3podmoerses 3 2010 poky, T 0COOMUBOCTIMH € TIOBHA CYMICHICTB 3 Java-
0i0mioTekaMM, JIAKOHIYHMH  CHHTAKCHC, CTaTM4YHA THIN3allis, MOXKIUBICTh
6araronorokoBoi pobotu i null-safety, To6To0 HassBHICTH OKPEMUX THIIB JaHHUX IS
3HAYeHb, Ki MOXKYTh JopiBHIOBaTH NUIl (Taki THmH naHKx HasuBaroThCs nullable).

Po3poOka cucremu 3pilicHIOBasacsi B IHTEIPOBAHOMY pOOOYOMY CEpeOBHILI
(Integrated development environment, IDE) Android Studio, sike miarpumye Taki
MoBH Jutst po3poOku Android-3acrocyrkis, sik Kotlin, Java ra C++. Android Studio
HaJa€ IHCTPYMEHTH JUIsl CTBOPEHHSI iHTepelicy, TeCTyBaHHs 3aCTOCYHKY, eMYJILil
MPUCTPOIB 3 omepaliifiHo cucremor0 Android Ta KOHTPOJIO BepcCiif, a Takox
nossoisie  BUOip Android SDK. [lns crBopeHHs rpadiynoro iHrepdeiicy
kopuctyBaua (graphic user interface, GUI) Gysio Bukopucrano 6i6mioreky Jetpack
Compose. [i ocobnusicts monsrae y BiacyTsocTi poGotu 3 XML — enemenTu
inTepdeiicy Bu3HauaroThest 3acobamu mosu Kotlin, wo criporirye po6oty Ta 3MmeHIye
KinbKicTh KOmy. bibmioTeka miATpUMYyE CTBOPEHHS aJalTHUBHUX iHTepdeHciB,
aHiMalliii Ta MOMJIMBICTh JWHAMIYHOTO OHOBJICHHS €JIEMEHTIB iHTepdeicy
Bi/ITIOBI/THO 10 CTaHy 3aCTOCYHKY. [ poOOTH 3 300pa)KeHHSIMH, OTPHMAHUMU 32
JIOTIOMOTOI0  KaMepu 4 rajepel NPHUCTPOIO, BHKOPUCTOBYEThCS BOyHOBaHA
6i6mioreka Bitmap. J{ns 3amycky mozeni tumy tflite 3acrocosyersest TensorFlow Lite
Interpreter — 6i6mioTeka MOBH Java, sika Jae MOXIUBICTh €)EeKTUBHO BHKOHYBATH
iHpepeHe Mopeneit HEHPOHHUX Mepek i3 MiHIMAIbHUM CIIOXXKHBAaHHSIM pPECypciB
MPUCTPOI0. B sKOCTI JOKAIBPHOrO CXOBWINA AaHMX MPO KOPUCTYBadiB Ta iXHi
30epexeHi POCIMHMA BHUKOPHCTOBYEThCS Oa3a maHmx Room, ska € 6i0mioTexoro
abcrpakmii Hax SQLite i Bxoaute 1m0 Habopy Kotlin-GiGmorek Jetpack. Room
BHKOPUCTOBYE 00’ €KTHO-OpPI€HTOBAHUM MiAXiA il poOOTH 3 JaHWMH, a TaKOXK
miarpumye mepeBipky SQL-3ammriB mix wac kommimsmii, imrerpamiro 3 Kotlin
Coroutines Ta apxiTekTypHumu KommnoHeHTamH Android. IlizcymoByroun
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MIPOBEJICHUI aHali3 3aco0iB PO3POOKH Ta IXHIX XapaKTEepUCTHK, MOKHA 3pOOHTH
BHCHOBOK, IO MifiOpaHMi CTEK po3poOKM 3a0e3neuuTs yci MOXKIMBOCTI JUIS
CTBOPEHHSI JIETKOTO Yy BHKOPHCTAHHI Ta IIBHAKOIO B pPOOOTI HPOTrpamMHOro
3a0e3MeueHHsL.

2.1 HaBuaHHS Mo/eJell HeHPOHHUX Mepe:K Ta aHAJTI3 pe3yJIbTaTiB

HaBuannst Moperneit BinOyBaeTbesi y JaBa eramd — Pretrain ma HabGopi naHux
PlantVillage, sixuii ckiamaersbest 3 mabopatopHux 300paskeHs pociuH, i fine-tune va
naraceri PlantWild, wo cknanaerses 3 hortorpadiit pocins, 3po6iieHnX y IPUPOAHIX
ymoBax. J[yst pretrain BigseneHo 30 emox TpenyBanns, mis fine-tune — 60. Fine-tune
posmineHo Ha ¢a3n A ta B: y nepmiii (15 enox) TpeHyBaJIiCs JIHIIE OCTAHHI MIApH
knacuikargi (classification head), a y apyriit (45 enox) — Bcs mozens (head +
backbone). Tlig yac BUKOHaHHS JOCIHI/UKCHHs OYJIO MPOBENCHO HABYAHHS TaKHX
MoJIeJIel 3TOPTKOBHMX HeHpoHHuX Mepek, sk EfficientNet-B0, MobileNetV3-Small,
DenseNet-121 i ConvNeXt-Tiny. Mogens EfficientNet-BO moka3zana Taki
pe3ynbrati TouHOCTI: etan pretrain Ha PlantVillage — 99.97% na tectoBiii BuGipIi,
99.89% — na Bamipamiiniii; eran fine-tune ma PlantWild — 38.90% na TecroBiii
BUGipIi, 60.59% — Ha BamijgauiiHii; TectyBanHs Ha PlantDoc — 46.28% sumnakis
HaJaHHA NpaBWIbHIH XBOpoOi Haiibinbmol iHMoBipHOCTi, 83,23% BHMIaaKiB
MOTPAIUISIHHS PABHILHOT XBOPOOH y TOM-5 HAWMOBIpHIIIIHX.

I'padikn, sxi BimoOpaXkalOTh MOCHIIOBHHHA TMPOTPEC TOYHOCTI MOZEINi

EfficientNet-B0 3 koxHOI0 €r10X0r0 HaBYaHHs, HaBeeHi Ha puc. 1 i puc. 2.
Stage 1- Pretrain (PlantVillage) Stage 2 - Fine-tune { Plant¥¥ild)

150%

o

accuracy %
'

¢ 5 10 15 20 0] »
tooch Epoch

Pucynok 1. Hapuanns mozgeni PucyHok 2. HaByanus mozeni
EfficientNet-B0, etam pretrain EfficientNet-B0, eran fine-tune
Mogens MobileNetV3-Small mae ripui pesyapratu: eram pretrain wa
PlantVillage (puc. 3) — 99.97% na Tectosiii Bubipiy, 99.78% — Ha BanigauiiHii; eran
fine-tune ma PlantWild (puc. 4) — 32.58% Ha TecroBiii BuGipui, 51.45% — Ha
BaJTi JaliiHiii; - TecTyBanmst Ha PlantDoc — 35.22% BumazakiB HaJaHHS MPaBHIIbHi
XBOpOOi HaibinbImol HMoBipHOCTI, 69.38% BHNAAKIB NMOTPAIUISHHSA NPABHUIBHOL
XBOPOOH y TOM-5 HailiMOBIpHIIIHX.
Mozenb DenseNet-121 npomeMoHCTpyBaia cebe BiTHOCHO HEMOTaHO:
- eran pretrain ma PlantVillage — 99.98% ua tectoBiit BuGipy, 99.88% — Ha
BaiariHii (puc. 5);
- eran fine-tune ma PlantWild — 35.97% wua TecroBiii BuGipri, 58.62% — Ha
BaJIi IatiiHi# (puc. 6);
- tecryBanns Ha PlantDoc — 48.38% BumaakiB HagaHHs MPaBHIBHIM XBOPOOI
Hai61mbII0]l MiMOBipHOCTI, 82.47% BHNAAKIB MOTPAIUITHHS IPaBIIIBHOT XBOPOOH y
TOT-5 HaiMOBIPHIIIHX.
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Stage 1- Pretrain (PlantVillage] Stage 2 - Fine-tune (Plantwlic)

L /’; bert 95.0%

Accuracy %
§
Accurmey %

8

v T ;
] 5 1 15 k1l ® » 3
Epoch Each

Pucynok 3. Hauauus Mozeni Pucynox 4. Hapuanns Mozieni
MobileNetV3-Small, etan pretrain MobileNetV3-Small, eran fine-tune
Stage 1 - Protrain (PlantVillage) Stage 2- Fine-tune (PlantWild |
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PucyHok 6. HaBuanus moneni
DenseNet-121, eran fine-tune

s n

Enach
Pucynok 5. Hapuanns mozneni DenseNet-
121, eran pretrain

Mogzemwto 3 HadkpaiuMu pesynbTatamu cepen yeix € ConvNeXt-Tiny. Bona
MPOZIEMOHCTPYBaJIa HACTYITHI MMOKa3HUKU TOYHOCTI: etamn pretrain Ha PlantVillage —
98.12% Ha TecToBiit Bubipwi, 99.01% — Ha Bamimauiiiuiii (puc.7); eran fine-tune xa
PlantWild — 47.05% na TecroBiii BuGipui, 72.17% — Ha Bamimauiiiuiii (puc..8);
tecryBanHs Ha PlantDoc — 62.65% BumaakiB HagaHHS OPaBUIBbHIA XBOPOOI
HalOIbII0] HMoBipHOCTI, 90.52% BHMIAAKIB NOTPAIUITHHS MPABUIBLHOI XBOPOOU Y
TOMN-5 HaliMOBIPHIIIKX.

3amicth BusHaueHux 30 emox, HAaBYaHHS MOjeNi Ha erami pretrain TpuBaio
ychoro 9 ernox uepes Mexanism EarlyStopping, sikuii 6ys10 3acTOCOBaHO, 60 TOUHICTH
Mojeni He 3poctana 3 mepiioi enoxu. Mogens ConvNeXt-Tiny mae naiiBui
MOKA3HUKH TOYHOCTi, TOX Y MOOUIBHOMY 3aCTOCYHKY OyJ0 MPHUHATO pillICHHS
BUKOpHUCTOBYBaTH came ii. HaBuanHs KOXXKHOI Mojeni 3aiiHsino mpubamsuo 30
XBUJTHH. J[JIs1 MaKCHMaJTLHOTO IPHIIBHILIEHHS 11bOT0 Tporiecy B Google Colab 6yio
BuUKopucTaHO Tpadiunuii mporecop G4, sikuit mae 95 I'b omeparuBHOI mam’sTi.
OrisiHyBIIM pe3yJbTaTH HABYAHHS, MOXKHA 3pOOHMTH HACTYIHHI BHCHOBOK — YCi
MOJIeTi TOKa3aly CIPOMOKHICTh HIBUAKO HABYUTHUCS TOYHO BHPI3HATH XBOPOOM
pocnuH Ha naracerti PlantVillage, yci gpororpadii skoro Oysiu 3po6iieHi B 0JHAKOBHX
yMoBax 3 mpoctuM (oHOM, a mpu mepexoxi Ha HaGip manux PlantWild si
CKJIAJHIIIAMY 3HIMKaMH POCIHH Yy TMPHPOJIHOMY OTOYCHHI 3a[ada MpaBHIBHO
HABYHUTHCS MPOBOIUTH KiIACH(DIKaIi0 CTaia 3HaYHO CKIIAIHIIIOO0.



Stage 1+ Pretrain (PlantVillage} Stage 2+ Fine-ture (Plansild)
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PucyHnok 7. Hapuanus mozerni Pucynok 8. HaBuanus moeni
ConvNeXt-Tiny, eran pretrain ConvNeXt-Tiny, eran fine-tune

2.2 IIpoexTyBaHHs MOOIJIBHOIO 3aCTOCYHKY ifeHTH(iKANIi CTaHY POCIUNH

Maroun cdopmoBaHi (QYHKI[OHAIBHI Ta HE(QYHKIIOHAIBHI BHUMOTH JIO
MOOIUTBHOIO 3aCTOCYHKY, a TaKOXX BH3HAYMBIINCH 3 HAOOpOM 3aco0iB po3poOkw,
I[JIKOM BIYYHHM 3aXOJOM CTaHe IUIAHYBAaHHSI NpPOEKTY poiatky. Llei eran
JI03BOJIUTh BU3HAYUTH YCi AaCNEKTH IOBENIHKM CHCTeMH, 11 B3aEMOIiI0 3
KOPHCTYBaueM i CLieHapil BUKOPUCTAHHSI.

A
Hiopecrymen

Pucynok 9. [liarpamMa BUKOPHCTaHHS

[ix yac npoexTyBaHHS MOOITBHOIO 3aCTOCYHKY OYJIO BUKOPHCTAHO YHi(iKOBaHYy
MOBY MOJICJIIOBAHHS, SIKa JIONIOMAara€ 3JIHCHUTH ONUC apXiTEeKTYypU CHUCTEMH, il
CKJIAZIOBHX €JIEMEHTIB Ta OCHOBHHX MPOLECIB LULIXOM MOOYIOBH Jiarpam.
Bisyanizauist uux acrnektis 3a gormomororo UML nmonomarae kpaiie 3po3ymiTe yci
JeTani CcUcTeMH, SIKY IUTaHyeTbcs po3pobutu. byBae Tak, mo UML-giarpamu
BUKOPHCTOBYIOTbCSL JUIS  ONMCY JIOTIKM BXE PpO3pOOJIEHOr0 IPOrpaMHOro
3a0e3MeyueHHsl i CTAHOBIITh BAXKIIMBY YaCTUHY HOro AOKyMeEHTali. Y po6oti 0yio
CTBOPEHO Jiarpamy BapiaHTiB BHKopucTanHs mporpamu (Use case diagram) ra
niarpamy mociigoBHocti (Sequence diagram) mporiecy AiarHOCTYBaHHS POCITHHH.
Hiarpama BapiaHTiB BHUKOPHCTaHHsA (TaKOXX BifoMa SIK jiarpaMa MpeLeIeHTIB)
MpU3HaYeHa i AEMOHCTpAil i, SKi KOPUCTYBad MOXKE 3JiHCHIOBATH Y TPOTPaMi.
Sxmo ¢yHKIioHaN mporpamu mepexdavae pi3Hi poii KOPHUCTYBadiB, SIKI MAroOTh
pi3HHUII piBeHB HOCTymy A0 (YHKIIOHATy MpOrpaMu, Ha iarpami me Mae OyTH
BpaxoBano. Use case miarpama s MOOLTBHOTO 3aCTOCYHKY BUSIBIICHHSI XBOPOO
pocnuH HaBeneHa Ha puc. 9. Ha Hiit mocnimoBHO BimoOpaxeHi yci aii, ki mporpama
HAJIa€ KOPHUCTYBAYEBI.
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3 JlocifzkeHHs] pOGOTH Ta 004YHMCIIOBAIBHI eKCIIePUMEHTH

ExcniepuMmeHTanbHI  TOCHI[DKEHHA OyaM  CHOpsIMOBaHI HA  OI[IHFOBaHHS
e(eKTUBHOCTI 3aIIPOTIOHOBAHOI CHCTEMH Ta NEPEBIPKY i1 31aTHOCTI BUKOPUCTAHHS Ta
OTpUMaHHs pe3yinmbTariB. Ha modaTky poOoTa B 3aCTOCYHKY IIOUYMHAETHCS 3
peectpartii. SIKIO KOPHUCTYBa4 yKe Ma€ OOJIIKOBHI 3aIMC Y CHCTEMI, TO BiH MOXe
aBTOpM3yBaTHCA. PeecTpamiss Ta aBTOpPHM3allisi BKJIIOYAIOTh BBEICHHS aapecu
€JIEKTPOHHOI momTH Ta Tmapois. [IpoiimoBmy nei eram, KOpUCTyBad OTPHMYE
JOCTYTI 10 BUKOPHUCTaHHS (pyHKIiOHATY cucTeMy. MoOLIbHa porpaMa BU3HAUYCHHS
3aXBOPIOBAHb CLITBCHKOTOCIOIAPCHKAX KYJIBTYP IPOBOJIUTH 1IEHTH(IKAIIIO CTaHy
pociuHM micns il BizyanbHoOro orysimy. st #oro Bhanoro 3iMCHEHHS cUcTeMa
norpedye numre oxaHiei ¢ororpadii ypakeHOTo JHCTS YH IUIOAY POCIHHH, SKY
KOpUCTYBad MOXKE HAJaTH JIBOMa CIIOCOOAMH — CKOPHCTAaBIIMCH KaMepolo
MoOiBHOTO TeeoHy abo Horo ranepeeto. Ilicis MPOXomKEHHS eTamy OTpUMaHHS
300pakeHHs CHCTeMa aHaJli3ye HOro Ta HaJja€e BiIIOBI b IPO HOT'o CTaH, sKa BKITIOYAE
BUJl POCJIWHM, 11 AiarHO3 Ta KOPOTKI pexkoMmeHpauii 3 usikyBaHHA. OtpumaHni
Ppe3yNbTaTH KOPHUCTYBa4 MOke 30epertu 1o 6a3u TaHuX.

PEGIPEET HA FONOBAMA SRPAH

|
X
Pucynok 10. /liarpama mociaiJoBHOCTI JiarHOCTYBaHHS 300paKeHHS

@DyHKIOHAT NpOrpaMH TaKOXK BKIIOYAE MOMUIMBICTH pelaryBaHHsA JaHHX
podisro, a came — 3MiHy aJpec eNeKTPOHHOI MOIITH, Mapois i iIMeHI KOpUCTyBayva.
KpimM 1p0ro, KOpHUCTyBad TaKoX MOXKE BHIAJIHTH CBiii mpodink pa3oMm 3 ycima
JAHUMH, SIKIIO OLNbIIe He 6a)kae MpaIoBaTH 3 MPOrPaMoIo.

Ha puc.10 HaBeneHOo aiarpaMmy IOCHTIJOBHOCTI [iarHOCTYBAaHHS POCIHHH B
3acrocynky. Lls mgiarpama BimoOpaxkae ii, sKi 3IIHCHIOIOTBHCS — PI3HUMH
KOMIIOHCHTAMHM CHCTEMH IIii 4ac INPOXO/PKEHHS INpOLieCy OTPUMAaHHS IiarHo3y
POCIIMHH, a TAaKOX MEepexoau MK KoMmoHeHTaMHu.EkpaH pe3ynbTaTiB BHBOIMTH
MepeNiK 3 5 HaHiMOBIPHIIIMX AiarHO3IB Ta METO/IB JIKYBaHHS U1 KOXKHOTO 3 HHX.
Leit expan Hagae KOPUCTYBa4y MOJIIMBICTD 30€pErTH pe3yabTaTH AiarHOCTUKHU JI0
0a3u nmaHuX. 30epe)KeHHS pe3ysbTaTiB JI03BOJISIE peatizyBaTu (yHKILilO icTopil
po3mi3HaBaHb. [licis yCHIIIHOrO BXOAy B CHCTEMY KOPHCTYBad MOTpaIuisie Ha
TOJIOBHY CTOPIiHKY 3aCTOCYHKY, SIKa MICTHTh KOPOTKHI OITHC MPOrpaMU Ta KHOIKY
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«Diagnose», sika TepeHampasisie KOPUCTyBada Ha CTOPIHKY BHOOPY 300paskeHHs.
MoskHa CKOpUCTaTUCS KaMeporo IS 3iicHeHHs (oTorpadii ypaxxeHoI pocinHH, a
Tako)X 00paTH HeoOXimHWH 3HIMOK 3 Tanmepei cmaprdony. Hacrynmmit eram —
MIPOBEICHHS MOJICIUTIO HEHPOHHOT MEpEeXi aHalli3y 300pa)KeHHS 3 METOO BUSBIICHHS
pOCIUHY, sIKa BigoOpaskeHa Ha HbOMY, Ta i 3aXBOpIOBaHHS. Y IIPOTrpaMy iHTETpOBaHO
mozens convnext_tiny fp32_litert.tflite, sika mana HaiiBuIli MOKa3HUKK TOYHOCTI 3a
ITiICYyMKaM{ HaBYaHHSL.

" = -

PlantSave

Prara Dinmrse iea 1 st Spatarr

PlantSave

Brars Osaate 100uic stbcen Syatamt:

Diagnostics results

Detailed results
f“ Appie Scats

Detailed results:

Class Probatitity. %

Pucynoxk 11. I'padiunnii inTepdeiic cTOpiHKH pe3yabTaTiB AiarHOCTUKU

Hacrynnuit eram — mpoBeIeHHS MOJAEGIUII0O HEWPOHHOI Mepexi aHalizy
300pa)keHHs1 3 METOI0 BUSIBJICHHS POCIMHHM, sKa BiloOpakeHa Ha HbOMY, Ta 1l
3aXBOpPIOBaHHA. Y mporpamy iHTerpoBaHo Mozenb convnext_tiny fp32_litert.tflite,
sIKa Maja HaWBHIII TMOKAa3HMKM TOYHOCTI 3a MiJCyMKaMH HaB4aHHS. SIK MOXKHA
no6a4yuTH Ha puc. 11, mporpama JeMOHCTPY€E KOPUCTYBady HAHOLIbII iIMOBIPHHIA Ki1ac
300pa)keHHs Ta HOro OIMKUC, MiCysl YOro HABOAMTD MEPENTiK 3 TOM-5 HaliMOBIpHIIINX
KJIaciB, 10 SIKUX MOXKE Halle)KaTH 300pa)k€HHs, Ta BiJCOTOK IMOBIPHOCTI HOro
MPUHAIEKHOCTI 0 KOXHOrO Kiacy. Y BHIaaKy, 3o0paxeHomy Ha pwuc.l1,
300paxkeHHs1 Oyno KiIacu()ikoBaHO KOPEKTHO — MOJEINb MpU3HAYMIA HaHOLIbIIHiA
BiJICOTOK IMOBIPHOCTI MpaBUIbHOMY Kiacy. SIKIO MpaBHIGHUI KJIAC OMMHHUBCS Ha
JIPYrOMy-ITSITOMY MicIii cepel TOM-5 HaWiMOBIPHIIIMX KIIAciB, KOPHCTYBad MOXKe
HATHCHYTH Ha HOr0o Ha3BY i TOJi CTOPIHKA OHOBHUTHCS 1 IEMOHCTPYBAaTHME OITHC Ta
nopajy came Juisi oOpaHOro kiacy. 3a OaXkaHHSAM KOPHMCTyBau MoOXe 30epertu
pocnuHy Ta 1l IiarHo3, HaTUCHYBIIHM Ha KHOMKY «Save to My Plantsy. 36epexertst
POCIIMHM JIOCTYIIHE JIMIIE JUISl 3apeeCTPOBAaHUX KOPHCTYBauiB. 300paskeHHS
30epiraeThes caMe 3 THM KJIacoM, SIKHi BU3HAUMB KOPHCTYBay (32 3aMOBYYBaHHIM —
11e KJ1ac 3 HafOLIbIIOK HMOBIPHICTIO.
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4 BucHOBKH

Y pe3ynwsrari JOCHIDKCHHS MOXHA 3a3HAYMTH, CHCTEMH iJCHTU]IKamii
3aXBOPIOBaHb POCIHMH 3a JOMOMOIOK IFOPHTMIB MAIIMHHOTO HABYAHHS» OYJIO
3IIHCHEHO MEBHUI KOMILIEKC 3aX0/IiB 3315 JOCSTHEHHI TOJIOBHOT MeTH pobotH. I1o-
niepiue, Oyi1o IpoaHai30BaHO ISsIKi TEOPETHUHI aCTIeKTH MpeAMeTHOI 00J1acTi, cepen
SKAX: ICHYIOYI pPH3UKH JUISi BPOXKAiB, 3aXBOPIOBAHHS pOCIMH SIK OIMH 3
HaliCepHO3HININX BUKIIUKIB y cepi CLUIBCHKOr0 TOCIOAAPCTBA, TPAIHLIiiHI CIIocoon
BHSIBJICHHSI XBOPOO Ta iXHI HEJONIKH, a TaKOX ICHYIOYl MPOrpaMHI PIllICHHS JUIS
TIOJIOJIAHHS HEJOJIKIB TpaauiifHuX miaxoxiB. Lleit kpok mo3BomuB 3’sCyBaty, mo
3aXBOPIOBAHHS POCIHMH MPU3BOATH 10 CEPHO3HMX BTpAT BPOXKAiB Ta NpUOYTKY, a
METO/IM PYYHOTO YH JTaGOPATOPHOTO BHUSBICHHS XBOPOO HE 3aBXKIH € e(pEKTHBHUMHU
Ta JOCTYMHHMH, TOMY AaKTYaJIbHICTh 3aCTOCYBAaHHS TEXHOJIOTiH MAaIIMHHOTO
HaBYaHH Ta IITYYHOTO iHTENEKTY B Wil cdepi € Bucokoro. [To-npyre, Oyio orasHyTo
ICHyIOUl 1HTEJeKTyalbHI MiIXOM I aHalizy 300paxxeHb, cepesl SKHX 3rOpTKOBi
HeHpOHHI Mepexi Ta  BidyanbHi  TpaHchopmepu. Cepen  KOHKPETHHX
npoaHanizoBanux apxirekryp — EfficientNet-BO, MobileNetV3-Small, ResNet-18,
YOLOvV8n-cls, DenseNet-121, ConvNeXt-Tiny ta MobileViT-XXS. TIpoBeneHuii
aHaJi3 IOKa3aB, IO BCi Ii MOJENI XapaKTepPU3YIOThCS BHCOKOIO 3IATHICTIO JIO
PO3Mi3HABaHHSA 00’ €KTIB Ta HU3BKUM PiBHEM OOUYMCIIOBAJIBHUX BHUTPAT, L0 POOUTH
X iJeanbHUMH BapiaHTaMH U1 3aCTOCYBaHHA y MOOUIbHHX cucremax. OcTaHHs
3aja4a CKJIajauacs 3 JBOX €TaliB — TPEHYBAaHHSA Mojelell HeHPOHHHMX Mepex Ta
Ppo3pobka MoOiIbHOrO 3acTOCYHKY. HaBuanHs Mojiesniel BinOyBasocs Ha JJBOX Pi3HUX
Habopax nanux — PlantVillage (;ma6opatopsi ¢oro) i PlantWild (mosnboBi 3HiMKH).
ITix yac mepuroro eramy TpeHyBaHus Ha PlantVillage yci mozeni gocsiriu BHCOKOT
toyHocti, a Ha PlantWild tounicts nerno 3Hu3MIacs yepes OibLIy CKIAAHICTH
300paskeHb. Mojienb, sika mokasana HaiiBuimi piBensb TouHocti (ConvNeXt-Tiny),
OyJ10 iHTErpOBaHO y MOOLTBHUIT 3acTOCYHOK. MOOUITBHY TIporpamy 0yJio po3po0ieHo
3 BUKOPUCTAHHSM Cy4YaCHOIO CTEKy TEXHOJIOrii — Oyso Bukopucrano Moy Kotlin,
cepenosuiie po3pooku Android Studio, 6iGmiorexu Jetpack Compose mist mobynoBu
inrepdeiicy i TensorFlow Lite Interpreter s po6oTH 3 MO0 HEHPOHHOT Mepexi,
a Takok 0a3zy maHumx RoOM st 30epexeHHs] KOPUCTYBAIbKUX JAaHUX MpoQiiro,
HaJAITyBaHb Ta pociuH. Lli TeXHOJIOTIT JONOMOIIIH PO3POOHTH 3aCTOCYHOK, KU
XapaKTepU3y€eThCsl HHU3BKAMH 00CSIraMd OOYHCIIOBAIbHUX BUTPAT, JIETKiCTIO
BHUKOPHCTAHHS Ta BUCOKOIO MIBHUIKICTIO POOOTH.

B mMaiibyTHROMY cHCTEMy MOXHa OyAe pO3BHUHYTH, MPOBIBIIM MOLIYK i
3aCTOCYBAaHHs 3aXOMiB /Ul MiJBHIIEHHS TOYHOCTI MOJENei, sKi MOXYTh
BUKOPHCTOBYBAaTUCS B CHCTEMi, Ta HaBYaHHA Ha Habopax JaHMX 3 OULIBILIOO
KITBKICTIO KJIaciB, II00M 3aCTOCYHOK J[ONOMAaraB KOPUCTyBadaM IMpAIoBaTé 3
OLIBIIOIO KiJIBKICTIO KYJIBTYP Ta 3aXBOPIOBAHb.
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INTELLIGENT SYSTEM FOR PLANT DISEASE IDENTIFICATION
FROM IMAGES BASED ON DEEP LEARNING

Dr.Sci., Antoshchuk S., Ph.D., Kunup T., Kravchenko O.
Odessa Polytechnic National University, Ukraine

Abstract. This article presents a comprehensive study on the development of a plant disease
identification system using machine learning algorithms. The aim of the work is to automate the
process of identifying plant diseases based on visual appearance. The primary objective is to
develop intelligent software capable of rapidly and accurately analyzing a plant's condition
from a photograph. All aspects of developing the image-based plant disease identification
system have been defined and implemented. Existing software products used for plant health
assessment were analyzed to identify their strengths and weaknesses, and detailed requirements
regarding the system's functionality and quality characteristics were established. Particular
attention was paid to convolutional neural networks (CNNs) - specifically their image
processing and feature extraction principles, as well as various architectures. Several network
models were trained on the PlantVillage and PlantWild datasets to compare their accuracy. The
developed system utilizes the model that achieved the highest percentage of correct predictions
on the PlantDoc test dataset. The plant disease identification software was implemented as a
mobile application. The study's relevance is underscored by the fact that, throughout the history
of agriculture, humanity has faced numerous challenges in successfully preserving crops; plant
diseases caused by various hazardous factors represent one of the most significant of these
problems. Today, modern technologies help simplify and improve operations across many
sectors, and agriculture is no exception. The system developed as part of this project serves as
an easy-to-use tool for rapidly assessing plant health, enabling farm workers to take timely and
effective measures to save their crops.

Keywords: image classification, plant disease identification, convolutional neural
networks, deep learning, PlantVillage, PlantWild, PlantDoc, artificial intelligence.
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Anomauin. Ilomenyianu mawunnoeo nasuannsi (MLIP) oedani uacmiwe 3aminsioms
meopito @yuxyionanra eycmunu (DFT), komu mpeba nepedpamu comui cmpykmyp. Ane eonu
CUCTNEMAMUYHO 3AHUNCYIOMb eHep2ilo cmpyKmyp, oanekux ei0 pienosazu. [loci ne 6yno
3PO3YMINO, BI0 YO0 3ANEAHCUMb Ye 3AHUNCEHHA | KOIU MAKIl MoOeni MOXCHA 00gipamu. Mema
NOAAAE Y 3HAXOONHCEHI CMPYKMYPHOT 03HAKU, AKA 8U3HAYAE NOXUOKY yHieepcanbhozo MLIP. ¥V
pobomi nopisnano ynisepcanvhuil nomenyian SevenNet si cnin-nonspusosanum DFT (GPAW,
PBE) na xoponeni CyaHiz. Kooicny cmpyxkmypy penaxcyloms o0un pas, a o6uosa memoou
OYiHIIOML My camy 2eomempiio 3a o0Hiclo Gopmynor. Ha 28 roughieypayisx eaxauciii i
OUBAKAHCI NOMEHYIAN 3a6MHCOU 3aHUNCYE eHepeilo ymeopenHa: 6i0 0,299 eB ons eaxaucii 3
yinum kpaem 00 1,112 eB 0ns dusaxancii 3 06oma posipsanumu 3¢ azxkamu C—H, mobmo na 0,2—
0,4 eB na xoowcen posipeanuii 38°a30k. Illosopom Cmoyna—Yenvca, sxuii He po3pusac 38 s13Kie,
siomeoproemocst 3 mounicmio 0,013 eB. [/lna necysanna azomom posxodowcenns 3 DFT ue
nepesuugye 0,068 eB, a ons B, O, S i Si 3cyé oonaxosuil 015 écix nosuyiii eremenma, moomo
1020 usHayac pesepgyap, a He nosuyis. Omoice, npUOGMHICIb NOMEHYIANY 6USHAYAE YUCTO
PO3IpBaAnUX 36 A3KI8 Y CMPYKMYpI, a He MoyHicmeb modeni 3azanom. Pazom i3 poskudom enepeii
6cepeduHi Knacy cumempii ma nepesipkoio monoaioeii nozuyii ye oae mpu npocmi npasuia 0Jis
ABMOMAMUYHO20 KOHBEEPA, Y AKOMY nonepeoHili i06ip XTB — MLIP mpusae cexynou, a DFT,
wo nompebye 200uH, 3a1y4aroms auue 015 8i0iOPaAHUX KAHOUOAMIE.

Knwuosi cnosa: zpaghenosa keawmoea mouka, mMouKo8uil Oegexm, Ne2y8aHHs.
3aMiueHHAM, Meopis QYHKYIOHANA 2YCMUHU, CYPO2AMHA MOOelb, NOMEHYIaNU MAUUHHO2O
Haguanus, SevenNet, cucmemamuune nom sKuieHHs, 8anioayisi Mooeni, KOPOHeH, aA2eHMmHI
cucmemu, eHepzisi ymeopeHHsi.

1 Beryn

IMocranoBka mpoodiaemu. ['padenosi kBantoBi Touku (I'KT) - ne ¢parmentu
rpadeHy po3mipoM y Kinbka HaHoMeTpiB. Ha BiaMiHYy BiJi HECKiHUEHHOTO JIHCTA,
BOHM MAIOTh Kpail i €HepreTuvHy UIUIHHY, SKYy MOXKHA 3MIHIOBATH PO3MIpOM i
¢dopmoro dparmenra. ToMmy IX poO3rIImarOTh SK MaTepian Ui eIeKTPOJIiB
HAKOIMYyBayiB eHepril, Oe3MeTaneBux Karami3aropis i ¢uyopecuenTHrx MiTOK [1].
Po6oui BracTHBOCTI Takux (h)parMeHTIB BU3HAYAE HE 1cabHUN KapKac, a Je(eKTH.
Ix tpu romosmi TumM. BakaHCii - BHIydeHi aTOMH BYIJIEIIO, IHCIS AKX KapKac
nepeOyIOBYEThCSA 1 MOXKE JIMIINTU HecHapeHi eneKkTpoHu. llepeOymoBu kpaio -
MMOBOPOTH 3B’S3KiB, SIKi TEPETBOPIOIOTH MICCTHKYTHUKU HA Tapu I’ SATUKYTHUK—
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CEMUKYTHHK 0Oe3 3MiHH cKiany. ['erepoaromu, BBeeHi 3amimenasM, — B, N, O, P,
S abo Si Ha Micui aroma BYTJIEI0; BOHH 3MIiHIOIOTH CIIEKTP 1 XiMiYHYy aKTHBHICTH
(dparmenTa, He pyhHyroun kapkaca [2]. [I{o6 cnpoektyBati ['KT i3 motpiOHIMU
BIIACTHBOCTAMH, Tpeba mepedpaTi COTHI TaKUX KOH(Irypamiii: Ko>keH THIl 1edexTy,
KOXKHa MO3HIIis Ha pparMeHTi i KoXKeH po3Mip pparMeHTa TarTh OKpEMY CTPYKTYDPY.
Teopis ¢pysakuionana rycruau (DFT) y dpopmymoBanni Kona—Illema [3] mumaerses
OCHOBHHUM €TaJIOHHUM METOJIOM JUIsl TAKUX 3a]1a4, ajie ii BapTicTh pocTe NpHOIH3HO
sIK Ky0 gmcna atomiB. CucremMatnyHuii nepedip KoHQIrypariii HaBiTh 1711 MOJICKYIH
3 TPUALTH aTOMIB TpuBae OaraTo 1i0. Y mpamni aBTopiB [4] pO3TISIHYTO, SIK METOAN
LITYYHOTO iHTENIEKTY JOMOBHIOKTH MeToau ab initio i 1e came ixHs BapricTh cTae
TIEPETIOHO0 I TPOEKTyBaHHs MatepiamiB. Came meil po3puB MiX NOTpiOHHUM
MacmraboM i JOCTYIHOIO BapTICTIO 1 MOKJINKaHI 3aKPUTH CYpOTraTHI MOJEIT.

AHani3 ocrammix gocimimkenbp i myOmikamiit. [loTeHmjanm MammHHOTO
naBuanHs (MLIP) e Takumu cyporatamu. Ineto 3anpononysanu bernep i [lapineso:
€HEpril0 CHCTeMH MOJAIOTh K CyMY BHECKIB aTOMiB, a BHECOK KOJKHOIO aToma
004HnCITIOE HeMpOHHA Meperka 3a foro otoueHHsM [S]. [lepiui moTeHmiany onucyBaiu
OTO4YeHHS (DIKCOBAaHMMM O3HAKaMH, SK-OT IaycOBI alpOKCHMAI(iHI MOTEHLiaIn
(GAP) [6]. ExiBapiantHi rpadosi mepexi NequlP [7] i MACE [8] cami HaBuaroThest
IpeJICTaBIeHb OTOYEHHS # pocsraioors ToyHocTi DFT Ha THesuax konirypariit
3aMiCTh COTeHb TUCSY. J{aii 3’ IBUITHCS yHIBEpCallbHI MOJIENI, HaBYeHI Ha JaHUX IS
6ibII0i YacTUHY TIepioauyHOi cucTemu, cepen Hux M3GNet [9] i SevenNet [10]. ix
MPONOHYIOTh K TOTOBUH 1HCTPYMEHT, SIKMI He Tpeba NOHABYATH INiJI KOHKPETHY
cucteMy. Llina yHiBepcanbHOCTI Bioma. Ha matepianax 3 6a3u Materials Project
nokasaHo [11], mo tpu nmommpeni yHisepcansai MLIP (M3GNet, CHGNet i MACE-
MP-0) cucreMaTn4HO HEIOOLIHIOIOTh KPUBH3HY MMOBEPXHI MOTEHIIaIbHOI eHeprii i,
SIK HACNIZOK, eHeprii KoH}irypaumii, ganekux Bin piBHOBaru. lle sBuine Ha3Banu
CHCTEMaTHYHUM MOM’sIKIIeHHsIM (Systematic softening). IMpuunza B HaBUYaIbHHX
JaHUX: Y HUX [EPeBaXKalOTh CTPYKTYpH HOOIU3Y MIHIMYMIB €Heprii 3 TpaekTopiit
penakcariii, TOX MOJENb PigKO O0a4yuTh KPYyTi MUITHKA MOBEPXHI MOTECHI[albHOI
eHeprii. J[is HaHOCTPYKTYp i3 KpasMU MOXHA OYIKyBaTH, WI0 L Bajaa Oyxe
cuIbHIIIOW, HiK mis kpuctamiB. KpaiioBuit atom I'KT i3 posipBanumM 3B’sI3KOM
MOBOJIUTHCS SIK MOJISKYJIIPHUI pajiukai, a He sk aedekt y rparui. Cami nepedynoBu
Kparo 106pe BuBueHi Merogamu DFT: BimoMi camonacuByBasbHi pekoHcTpyKil [ 12],
nepexin 3ursary B MotuB 5-7 [13] i kyToBi cranu 3urzaroBux ctpidok [14]. Lli
POOOTH OIHKCYIOTB, 1110 Bi0OYBA€ThCS HA KPalo, alie He KaXKyTh, 3 IKOIO MTOXHUOKOIO 11e
BiaTBOpIoe cyporat. llopiBHsHHs cyporaty 3 DFT panime 3po0meHo st
opieHTaIiiiHUX AedekTiB y nomimepax [15], i TaMm nmuTaHHs PO 3a7IKHICTh MOXUOKH
Bi THITY KOH(DIrypamii Tex nuiiiocs Biakputum. st mipery CisHio, HaiiMentoro
(dparMenTa 3 yciMa TpboMa THIAMH 1e(DeKTiB, aBTOPHU MOPIBHSLITN 00KABa METOH 32
BcimMa mosutismi [ 16]. Kapruna Buiinnna KoHTpacTHO: moBopotu CToyHa—Yenbca
MOTeHIaN BiATBOpHB i3 moxubOkoro 0,06 eB, meHTpanbHi BakaHCiO i TUBaKaHCIO
3ann3uB Ha 0,63 1 0,59 eB, a Ha kpaiioBuxX AuBaKkaHcisx posiiimoscs 3 DFT na 4-5
eB, 6o siifmoBca o iHmoi crpykrypu. Came med KOHTpAacT i CTaB BiANpPaBHOIO
TOYKOIO i€l poOOTH.

HeBupimeni panime 4yacTHHH 3araibHoi mpoOaevu. OTe, HEBIIOMO, SK
MOM SIKIIIEHHS 3aJIOKHUTh BiJl TUIy KoH(irypauii. Omy06iikoBaHi OLIHKH MOAAIOTh
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MOXUOKY OJHMM YHCIOM ISl Bei€l Mopenmi. 3 Takoro 4mcia HE BUIHO, KOJIU
MIOTEHIaly MO>KHA JIOBIpSATH, a Ko Hi. [ToTpiOHa 03HaKa, Ky BUAHO 31 CTPYKTYpH
e /10 pO3paxyHKy i sika nepenbadae MoxwOKy. € W METOIUYHA MPOTaIHHA, SKY
nokazaB mnpukiax mipeHy [16]. 3assmuait DFT i MLIP mopiBHIOIOTE 32 nBOMa
HE3aJIOKHUMH pelakcamismMy. [l kpalloBUX MO3UIIH 3 KiTbkoMa MiHIMyMaM# BOHH
MOXYTH 3IHTHCS JIO PI3HUX CTPYKTYp, 1 TOJi PI3HMII €HEpriid 3MimIye MoXuOKy
MOJIeNi 3 Pi3HHLECIO CTPYKTYp. Hapemri, [uis eryBaHHs ommyOiKoBaHI po3paxyHKH
OepyTb oJMH po3Mip (parMeHTa i JIuIIe KijbKa HOoJI0XKeHb JoMIlKH (y [2] — Tpw).
3 HUX HE BHJHO, 1[0 B Pe3yJBTATi 3aJIS)KUTh BiJl €JIEMEHTA, a 10 BiJ] KOHKPETHOT'O
(dparmeHTa.

Mera crarri - 3HaHTH CTPYKTYpHY O3HaKy, sKa BH3HAa4Ya€ MOXHOKY
yaiBepcabHoro MLIP y I'KT, i BuMipsITH 110 3aJIEKHICTB TaK, 100 00HMIBa METOAN
OIIHIOBAIN Ti caMi CTPYKTYpH. s IbOTO IMOCTaBJICHO TaKi 3aBHAaHHS: BUMIpSITH
MOXHOKY TOTEHIIaTy JUIsl TPhOX TOYKOBUX JeeKTiB KOpOoHEeHY (MOHOBAaKaHCIs,
IBakaHcis, moBopoT CroyHa—VYenbca) Ha MapHUX KOHQIrypamisx 3 OJHAKOBOIO
TEOMETPIEI0 Ta OJHAKOBUMH pe3epByapaMH; IIEPEBIPUTH, UM BH3HAYAE TIOXHOKY
YHCIIO PO3ipBaHMX KpaiioBux 3B’s3kiB C—H, a He Tun nedekTy; BUMIpATH MOXHUOKY
st 3amimmenHs Byremto Ha B, N, O, P, Si, me umcno 3B’s3KiB He 3MiHIOETHCS;
3’sicyBaTy, 4n 30epirae MOTEHIIA)I TPABUIBHUI TOPAOK KOHOIrypaliii Tam, 1e BiH
MIOMMJISIETHCS B A0COIIOTHHX 3HAYCHHSX; 3alIMCATH KPUTEPiil IPUAATHOCT] Y BUIIAAL
NpaBWJI Ul aBTOMaTHYHOrO KOHBEEpa H ITIOKa3aTH, K BiH Ipallfoe B arcHTHIH
CHCTEMI.

YacTuHy pe3yabTatiB Moo AedekTiB kopoHeHy BUKIIaaeHo B craTti [17]. Tyt ix
MOZIAaHO YKPATHCBKOIO, JIOTIOBHEHO JIETYBAaHHAM ILICTbMA JIOMILIKAMHU 1 PO3IIISIHYTO
pa3oM i3 KOHBeepOM aBTOMaTH3alLil, 4oro y crarTi [17] He OyJo.

2 CucteMH, MeTOIU TA MPOTOKOJI NOPiBHAHHS

Vci po3paxyHKM BHUKOHAHO Ha poAuHI (parMeHTIB rpadeHy 3 IMOBHICTIO
HACHYCHUMH BOJHEM KpasMu (puc. 1, Tadm. 1).
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PucyHok 1. Poguna ¢parmenTiB rpadeHy, Ha SIKHX MOPIBHIOIOTBHCS METO/IH, Y CIIUIEHOMY
Macmitabi; aToMu Byriento po3dapOoBaHo 3a KJIacoM MO3HMIIT: (a) reKcaroHaIbHUM Psi Bij
mipeny 10 CgsHz4; (6) [2, 3, 4]-Tpuanrysenu it mapanenorpam CagHig

lonoBHa MopenbHa cucteMa - KopoHeH CoaaHiz, rekcaronamsha I'KT i3
cumerpiero Deh. V Hill JIiIIe TPH KJTack aTOMIB BYTJICIIIO: KpaHOBHH, 1110 HECe BOACHB

153



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

(12 aromiB), By3moBuii 6e3 BOJHIO Ha CTHKY JIBOX Kijielb (6) i BHyTpIlIHIH Ha CTHKY
TphoX Kisenp (6). Koxken xmac Tyt 30iraerscs 3 ofHiero opbiToro cuMerpii. Mama
KUIBKICTh KJIACiB 3py4HA Ui KOHTPOJIIO: 32 CUMETPI€I0 BCi MO3MUIIT OJJHOTO KJIacy
MYCSTh MaTH OJHAKOBY €HEPTil0 YTBOPEHHs. SIKIIO PO3KUI YcepedwHi Kiacy
BEJIMKHIA, pellakcallis 3ifnuia 1o pi3HUX CTpyKTyp. Pemra ¢parmenTiB morpiOHa,
o0 BIJIOKPEMHUTH BJIACTHBOCTI KJIACY MO3WIIT BiJ] BJIACTHBOCTEH KOHKPETHOI
MOJIeKYJH. [ ekcaroHanbHUMN psii IPOJOBXKY€E KopoHeH B oousa 6oku. [liper CisHio
MEHIIMH 3a HBOTO, IMPKyMKOpoHeH CssHis Oumpmmii y 2,25 paza, a CosH2a - y
Y4OTHpPH. Y Ci BOHM MAIOTh TOH caMHii Ha0ip TPHOX KJaciB (YUCIIO OpOIT CUMETIT JIHB.
y Tabm. 1).Bix mipeHy 10 DMPKYMKOPOHEHY YHCIIO aTOMIB BYTJIEIIO 3pOCTaE OLITBII
SK YTpHYi, TOMy caMe Ha IIMX TPhOX (pparMeHTax MepeBipsSETHCS TEPEHOCHICTh
JIETYBaHHS, a MICTh OpOIT IMPKYMKOPOHEHY HaloTh TNpodinb eHeprii Brimo.
TpukytHi (pparmentH - [2, 3, 4]-tpuanrynenu CizHo, Ca2Hiz i CasHis i3 cumerpiero
Dsn - MatoTh iHIIIE OTOYEHHS BHYTPIIIHIX MO3MIIH 1 HECTIapEH] eJICKTPOHU Bxke 0e3
nedekriB: [n]-tpuanrynen Hece ix N — 1, i DFT s [4]-TpuanrysieHy crpasii
sHaxoauth Tpu. [apanenorpam CasHis (D2n) momae gpparMeHt i3 rocTpumMu KyTamu.

Ta6auns 1

MojienbHI CHCTEMH: CHUMETPIsl, YMCII0 aTOMIB BYTJICIF0 KOKHOTO Kiacy (kpaiioux C—H,
BY3JIOBUX, BHYTPIIIHIX), YHCJIO OPOIT cCUMETPii Ta poiib y poboTi

. C-H /By3a./ . .
®parMeHT Cumetpis - Opoir Poab y po6oTi
. JIeryBaHHA: MEHIINH
HlpCH C16H10 D2h 10/4/2 5 Cl)paFMCHT
rOJIOBHA CHCTEMA:
Kopoten CagHy Déh 12/61/6 3 KapTH Ae(eKTi,
JIeryBaHH,
MOPIBHSHHS METOIIB
LIupKyMKOpOHEH D6h 18/12/ 24 6 JIeryBaHHS, npoq?m.b
Cs4Hig BrIHO, psi po3MipiB
MeKa po3mipy,
Texcaronansua Déh 24118 /54 10 | mepesipxa crpysrypu
T'KT C96H24 v
HO3uLiit
[2]-rpuanrynen D3h 9/3/1 4 AL posmipis
CizHyg
[3]-tpuanrynen -
CaoHus D3h 12/6/4 6 psia po3mipis
) P po3MipiB,
[4]-rpuanrysen D3h 15/9/9 8 nepeBipka
CasHis .
HaOIMKEHNX METOAIB
ITapanenorpam .
CagHis D2h 18/12/18 14 (dopma mpotH po3mipy

Pospaxynku DFT Bukonano makerom GPAW (grid-based projector-augmented
wave) [18] uepes inrepdeiic ASE [19]. Bukopucrano ¢yukitionan PBE (Perdew—
Burke—Ernzerhof) [20] 3i cminoBoro momsipusamiero. [ kapr aedeKTiB B3ATO
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IWI0CKOXBWILOBE Bijcikanus 400 eB, komipky 15 A i penaxcanito BFGS no cunu
0,05 eB/A y Touni T. JIna nmeryBaHHS mapaMeTpH TIOCIUIEHO: Bincikamas 600 eB,
KOMipKa 3a po3MipoM Mojiekynd, po3mutts @epmi—/lipaka 0,02 eB 3 dikcoBaHuM
Mar”iTHUIM MOMEHTOM, penakcamis mo 0,02 eB/A. IlpuunHa mpocTa: XiMIYHUIA
nmoteHmian azoty Mixk 400 i 600 eB 3minroerses Ha 1,65 eB, a CasNHi2 31 157
€JIEKTPOHAMH € JyOmnerom, i ipu po3mutri 0,05 eB po3paxyHok 36iraBcs 10 XHOHOTO
HYJ5OBOTO MOMEHTY.

IMoteHwian - SevenNet [ 10], mozxens 7net-omni-il2 (SevenNet-Omni [21]). Bona
Mae Kinpka BuXigHUX roniB (heads), HaBUeHNMX Ha pi3HHX HaOOpax NaHUX i PI3HUX
piBmsix Teopii. Kaptu nedexriB i moBopotn CtoyHa—Yeiasca po3paxoBaHO TOJIOBOIO
3a 3aMOBYyBaHHAM (mpa, piberb PBE(+U)) y komipui 30 A 3 Tum camum xpurepiem
cun, o iy DFT. JleryBanus i psia ¢pparmMeHTiB po3paxoBaHo roosoro omol25 high,
HaBUCHOI0 Ha MOJIEKYSIPHUX po3paxyHKkax ®B97M-V i BHCOKOCHIHOBHX
koHirypauiit [21]. Lli n1Ba Habopu umcen He JexaTh Ha OJHIN IIKai, TOMY X Hijte
HE TIOPIBHIOIOTH MiXk coOoro Hanpsimy. Ockinbpku etanioHoM € PBE, po3xomxeHHs
rosiosi 0Mol25_high 3 DFT mictuth He nuie MOXHOKY HaBYAHHS, a i PI3HHUIIO
¢yHkuionanis ©B97M-V i PBE. Koxen 610k pe3ysbrarTiB 3iCTaBISIOTH JIMIIE 3i
cBoeto DFT-cToponoto. [{iist psiay dparmeHTiB (1migpo3ain 3.5) 1 HOpiBHAHHS METOIIB
(po3ain 5) Bukopucrano me DFT y raycosomy 6asuci PySCF/PBE [22], def2-SVP
[23] i HaniBemmipuunuii Mmetox GFN2-XTB [24].

Enepriro yTBopeHHs nedexTy i eHeprito 3aMillleHHs] pO3paxoBYBaM 32 OIHIEI0
(bopmyIoro Yepes 3MiHy CKIIay:

E, = E(oegpexm) — E(ioear) —ZAni [TAn 1)

Ae An, - 3MiHa 4ucia aToMiB COPTY i, i, - XiMiYHMH mOTeHUian Horo pesepByapa.

Cyma Geperbcest 110 Beix eneMenTax. e BaykIuBo: mipuauHOBa KOH(Iryparis 3MiHIOE
oIpasy ByIJelb, BOJICHb I a30T, i GopMyiia Juile AJIsi ABOX €IEMEHTIB BTpaTuia 0
wieH — p . Pesepyapu: rpaden mia Byrienro, Ha/2 mist Bommto, No/2 st asory,

02/2 nns xucHio, Mosiekyna P4 (6inuit pocdop) ma dpochopy, nukiiyHa Moekyia
Ss mus cipku, aubopan BeHe mmst Gopy it cuman SiHs mus xpemairo. Ximiuni
MOTEHIIaH 00YUCIIOE TOH caMuil METO, 0 ¥ CTPYKTYpH. [HaKIIe HE CKOPOTHUBCS
0 JOBUIBHUI HYJIb €HEPil, iKkui uist rostoBr 0mol25_high cranosuts 6ussko —1037
eB Ha aTom Bymiewo (OBHA €Hepris 3 ypaXyBaHHSIM OCTOBHHUX €JICKTPOHIB), a ISt
GPAW i ronor mpa - 6musbko — 9 eB (ana kapr nedexrie  =—8,861 1y, =—3,355

eB y DFT mpotu — 9,221 1 —3,364 eB y MLIP).

T"onoBHwUit puiiom poboTH - MapHe nopiBHAHHS. KOXKHY CTPYKTYpy pellakcytoTh
OJIMH a3, a TIOTIM Ty caMy T'€OMETPIIO OL[HIOITh 00KABa MeTou 3a (hopmyioro (1)
31 cBOoiMH pesepByapamu. Tak i3 pi3HUII 3HHKAE BHECOK PIi3HMX T€OMETpii, i
JTUIIAETHCS JIHIIIE PI3HUL CAMHUX MTOBEPXOHb MMOTECHIIATLHOT €Heprii.

Konirypauii Oyaysanmu mnoBuuMm mepebopom 3a opbitamu cumerpii. s
nedeKTiB ToueproBo BUIYYAIH KOXKESH aTOM BYTJICIO (MOHOBAKAHCIs) 1 KOXKHY Mapy
CycifHIX aTOMIB (AMBAaKaHCIs) Ta MOBEPTAIH KOXKeH 3B°130K Ha 90° (CToyH—Yenkc);
KOXXCH BapiaHT PelaKkCyBaJill OKpeMo. Tak OTpHMMAaHO MOBHI KapTH €HEPTiid, a 3 HAX
28 mapHux KoH(pirypamiii. /s neryBanHsa mepeOupain opOiTH CUMETpii KOXKHOTO
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(parMeHTa i po3pi3HsUIH rpadiTHE 3aMilleHHs B TTHOUHI Ta KpaifoBe X—H Ha 06oxi.
I'mubuHy mo3uIii Mipsun BiICTaHHIO 10 HAKOIIHKIOro KpaifoBOro aroMa BYTJIEIO.

3 JedexTu: moxudka pocre 3 YHCJIOM PO3ipBaHUX 3B SA3KiB

3.1 [loBopot CTtoyHa—YeJjbca: 3B’sI3KH IiJIi, MOTEHIia TOYHUH

IToBopor CroyHa—Yenbca He 3MIiHIOE Hi YHCIIa aTOMiB, Hi YHCIa 3B’S3KiB.
O6epranns oguoro 3B’s13ky C—C Ha 90° mepeTBOpIOE YOTUPH IIECTUKYTHUKH Ha JBa
IUSSITUKYTHUKH ¥ JIBa CEeMUKYTHHKH, a OIS Kpalo — Ha Tapy IT STUKYTHHK—
ceMHKYTHHK. CTpyKTypa JIMIIA€ThCs OJIM3BKOI0 0 PIBHOBAry, i caMe TYT ITOTEHI{a
HaltoyHimMiA. Ha TpuamsaTH TakmX NOBOpOTax CepemHs EHeprisl YTBOPESHHS
craHoBUTh 1,891 eB 3a DFT i 1,878 ¢B 3a MLIP. Posxomxenns 0,013 eB (tabm. 2)
HaliMeHIIIe cepe]] yCiX KIaciB i Ha MOPSIOK MEHIIe 3a MOXMOKHK uTsl BakaHciil. Llei
PSLIOK TaOMNWI BaXKJIMBIIINIA 3a caMe YHCIIO: TIOM SKIIeHHsT BUHUKAE HE TUIS Oyab-
SKOTO Je(eKTy, a JIMIIe Uil TIeBHOro Kiacy KoHQiryparii. OmHe 3acTepeskeHHS
CTOCYETBCS aBTOMAaTHYHHUX KapT. TaM MOBOPOT KpaifoBOro 3B’S3Ky 1HOJ BigpHBa€
aToM, 1 KapTa HaCHYy€ Horo BogHeM. Y ITapHOMY ITPOTOKOJI TAKOTO HeMae, 00 CKiaz
000X CTOpIH OJJHAKOBHI 32 MO0y I0BOIO.

Ta6amus 2
[Toxubka moTeHLiaTy 3a Kinacamu Ae(eKTiB KOPOHEHY: cepe/IHi eHepTil yTBOPEHHS IS

napHuX KoH}Irypariiii 3 0JHAKOBOK TeOMETPICIO Ta OJHAKOBUMH PE3EPBYapaMu
Hedext P°3i(’:’f|‘_‘|““" n | DFT,eB | MLIP,eB | °° ML?];_ DFT,
Croyu—Yeinbc 0 30 1,891 1,878 -0,013
MomnoBaxkancis 0 1,808 1,509 -0,299
MomnoBaxkancis 1 4 2,497 1,758 -0,739
JluBakaHcis 0 17 1,139 0,487 -0,653
JluBakaHcis 1 2 4,593 3,737 -0,856
JluBakaHcis 2 3 5,798 4,686 -1,112

3.2 [loxudka pocrte 3 YUCJIOM PO3ipBaHUX KpalloBHX 3B’A3KIB

Ha 28 mapuux kon$irypamisix BakaHCii 1 AMBaKaHCii MOTEHIIAN 3aHIKY€E
€HEeprilo YTBOPEHHS B KOXKHOMY BHMIIAKy. 3aHW)KCHHS He € cranuM. J{i1s BakaHcil B
ruOuHi, Jie Kpaii uinuii, Boro cranoButh 0,299 eB. /st quBakaHcii 3 mium 06010M
- 0,653 eB. [lns muBakaHcii, sika po3puBae aBa Kpaiosi 38’s:3ku C—H, - 1,112 eB.
Skuo BropsiAKkyBatH KoH(irypauii 3a unuciaom posipeanux 3B’s3kiB C—H, a He 3a
TUIOM Je(eKTy, 3aHKEHHS MOHOTOHHO 3pocTae (puc. 2): KOXEH pO3ipBaHHii
38’130k fojae 0,44 eB mis monosakasciii 1 0,20-0,26 B i nuBakanciii, Tooto 0,2—
0,4 eB Ha 3B’s130k. Uncio po3ipBaHUX 3B’sI3KiB BaKHTh OUIbIIE, HOK TUM Ae(eEKTy.
MoHoBakascist 3 oqHuM po3ipBanuM 3B’s3koM (0,739 eB) 6mmkua 1o muBakaHcii 3
onHuM po3ipBanuM 3B’s3koM (0,856 eB), Hixk 10 MOHOBakaHcii 3 M kpaem (0,299
eB). IIpote i Tvn AedekTy Mae 3HAYCHHS: 3a IIJIOr0 Kparo JUBaKaHCIs Mae BIBiul
OlnbIne 3aHKEHHSI, Hi>k MoHOBakaHcis (0,653 mportu 0,299 eB).

[IpuurHa y3roJDKYEThCSI 3 MOSCHEHHSAM IIOM SKUICHHS 4Yepe3 HaBYajbHI JaHi
[11]. PozipBanmii KkpaiioBHil 3B’S30K JHIIA€ aTOM BYTJCIIO 3 HECIAPESHUM
eneKTpoHOM. TaKuX paJuKadbHUX CTPYKTYP Y HaBYaIBHIN BHOIPII 3 pelakCOBaHUX
KpPHUCTAIIiB MaiKe HEMAE.
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PucyHok 2. CucremMaTH4He MOM’IKIICHHs MOTEHIIaNy Ha 28 mapHUX KOHQirypauisx: (a)
napuTeTHa aiarpama exepriit yreopenus MLIP npotu DFT, yci Touku JiexaTh HIKYe JiHIT
ineanpHOI BinoBigHocTi; (6) moxudka & = MLIP — DFT 3anexHo Bij uncia po3ipBaHHX
kpaiioBux 38’s13kiB C—H, 0,2-0,4 B Ha 3B’5130K

YactuHy miei eHeprii Mo)KHa Ha3BaTH TOYHO: JUI BY3JIOBOI MOHOBAaKaHCIl
KopoHeHy criH-niossipu3oBannii DFT 3naxoaute cran Ha 0,372 eB Hiokumid, HiX
PO3paxyHOK i3 MIHIMAJIBHOIO MYJIBTHIUIETHICTIO, $KY 3aJa€ MapHICTh YHCIa
enektpoHiB. [oreHuian criny He Mae 3a MOOYZOBOIO, TOX L€l eHeprii B HbOMY
Hemae. [IpakTHYHMH BHCHOBOK TPOCTHI: YHCIO PO3ipBaHUX 3B’S3KIB BUIHO 3i
CTPYKTYPH, TOMY ITOIIPABKy MOKHa BBOJIUTH Harepet.

3.3 3atucHyTHii BOieHb 3a1a€ CTPYKTYPY AedeKkTy

OpuH i TO# camuil medekT pifko BiANOBiAae ONHIW CTPYKTypi. Bupizanus
KpaloBoi MBaKaHCII JIMIIAE JBa aTOMHU BYTJICLO 3 PO3IPBAHUMM 3B’SI3KAMH OJMH
HaBIpoTH oxHoro. [llo Oyze nai, 3aneKUTh BiJ TOTO, YU € YUM IX HACUTUTH. SIKII0
BOJHIO HEMAE, IIi aTOMU 3B’SI3YIOTCSI MiXkK CO00I0, 1 MOPOKHUHA CTATYETHCS B Mapy
I’ ATUKYTHUKIB: HENAacHBOBAaHA AMBAKAHCIA MO 3B’S3Ky 3aCTUrae B MOTHBI 5-5 3
eneprieto 5,80 eB. Skio BogeHb €, BiH HacHUye KOXKeH i3 I[uX aTtoMmiB, 38’130k C—C
HE YTBOPIOETHCS, 1 Kpail JIMIIAEThCs PSIIOM IISCTUKYTHHUKIB 3 eHeprieto 0,77 eB.
[IpomixkHUiA CTaH 3 OJJHAUM HACHYEHHM aTOMOM JIa€ OJIWH II'SITUKYTHUK 3 SHEpPriero
2,56 eB. O1xe, KoXkeH I'SITUKYTHHK MOTpedye B cepeqHboMY O1n3bKo 2,5 eB.

Jns moTeHIiany TYT BaXJIMBO iHIIE. BiH 3aHMKY€E KOXKHE 3 I[HX 3HAYCHb, aje
PO3TAIIOBYE TPU CTPYKTYPH B TOMY CaMOMYy MOPsAKY, 1o it DFT, i 36epirae Benuki
MPOMIXKH Mi>K HUMH. TOMy MOLIyK CTPYKTYp i3 HOTEHLiaIoM K QibTpoM Bubepe
NpaBWIIBHY CTPYKTYpy, XO4a M IIOBIIOMHTH Ui Hel HenpaBwibHy eHeprito. Lle
moxuOKa KaniOpyBaHHsI, a HE PO3Pi3HEHHs. 3 TAKOK MOXUOKOI MOXKHA MPALFOBATH,
SIKILO TTOTEHIial Bigbupae kanaunaris, a DFT yxBaioe ocTaTO4HE pillleHHSI.

3.4 CumerTpisi moka3ye HeHailiHi Mo3uuii, aj1e He T0BOAUTH NPABHIBHOCTI

IlapHe mnopiBHAHHA BuMarae, mEO OOWABa METOAW OIIHIOBAIA Ty CcaMmy
CTPYKTYpy. SIK aBTOMaTHYHHII KOHBEEp, LIO PEJaKCye KOKHY IO3HIII0 OKPEMO,
Mi3HAEThCS, MO LI ymoBa mnopymmiaca? Ilepiry BigmoBigs gae cumetpis. 3a
cumerpiero De, yci mo3unii ojHOro Kiiacy MycsiTh MaTH OJHaKoOBY eHepriro. OTxe,
PO3KH[ yCepearHi KIiacy € CHIHAIIOM MOXHOKH, SKHH IiCTaeThcsi OE3KOIITOBHO.
[oreHmian moBepTae oHe 3HAYESHHS HA Kyac: po3ku. Hife He nepesuirye 0,002 eB.
DFT 3i cniHoBOIO moysipu3ami€ro 30epira€ CUMETpir0 IS KJIaciB i3 3aMKHEHOIO
0005I0HKOIO, anie TPyOo mopymrye ii A IIecTH OJHAKOBUX BY3JIOBHX aTOMIiB.
He3zanexno penakcoBani MOHOBakaHcii Ha HUX po3kuzaaHi Ha 5,85 eB (Bix 0,13 mo
5,98 eB), a Ha BHyTpiIHbOMY KJiaci po3kus csrae 1,76 eB.
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Le we ¢izmunmii edekr, 60 mo3mmii cmpami omHakoBi. Tak MOBOAUTHCS
ontumizarop 6e3 0OMeKeHb: BiH CiZla€ B Pi3HI CTPYKTYPH 3 MiAPO3ALUTY 3.3 3aleKHO
BiJI 4YMCJIOBUX BHIIaJIKOBOCTeH. By3JOBHI aroM KOpPOHEHY € MOJCKYJIIPHHM
aHaJIOrOM KyTa 3Wr3aroBoro kparo. Taxi kpai Hecrtiiiki mo mnepeOymosu [12],
nepexoaTh y mMotuBu 5-7 [13] i marote kyroBi cranu [14]. Came Mik muMun
KOHKYPEHTHUMH CTPYKTypaMH OITHUMI3aTop i BUOMpae HaBMaHHA. TOMY BEJIHKHIT
PO3KHJ yCepeIuHi Klacy BKa3ye Ha MO3UIi, 1t skux «aucio 3 DFT» mpocro He
BH3HAYCHE OJIHO3HAYHO, 1 pOOHTH IIe IIIe JI0 Oy Ib-SKOT0 TIOPiBHIHHSI METO/IIB.

Alle B IIbOTO iHAWKATOpa € MeXka, SIKy IMOKa3aay Oiabln (parMeHTH: Mainit
PO3KH/ IOBOAUTH MOBTOPIOBAHICTH, & HE MPABWIBHICTh. BHYTPILIHS MOHOBaKaHCIsI
Mae mepeOyqoByBaTHCS B MOTHB 5-9. B aBTOMarWuHMX KapTax TrojioBa 3a
3aMOBUYBAaHHSAM 3aMiCTh HBOTO Jana CKIaJeHuid MotuB 5-5 abo B3araii
HernepeOyioBaHe 12-unenHe Kinblie Ha 2 i3 12 BHyTpimHix no3uniit CsaHis 1 Ha 6 i3
20 nosuwii CosH24 (Ha koponeni Bci 6 mosuuiit Oynu mpaBuibHi). GFN2-XTB
nomuisasess Ha 10 i3 20 mosuniit CesHzs. TIpu 1b0My po3KuI ycepenuHi opbiTh B
xuOHMX Kaprax craHoBuB jumie 0,02-0,04 eB, ToO0To kapra BUIIIsAana IiJIKOM
y3roKeHO0. [TOMIIKY BHSIBIISIE JIMIIIE OKpEMa MepeBipKa CTPYKTYPH TTO3HIIi: Yncia
KiJIelb HABKOJIO Hel 1 BUXO/y Kapkaca 3 ruionHe. LI nepeBipka 3Haiiina Xubu B
KO)KHOMY METO/Ti, 1 )KOHY 3 HUX He OyJI0 BHJHO 32 €HEeprisiMu.

3.5 Po3mip i popma ¢pparmenta

Uu 3anexuTh BUMIpsiHA TOXHOKa BiZl KOPOHEHY, YH Bij kiacy kKoHgirypauii? Ha
Lie BiAmoBizae psa GpparMeHTiB. Pi3HuI eHepriii By3/moBoi Ta MIHOMHHOI BaKaHCIH
HE MICTHTh pe3epByapiB, TOX i1l MOXXHA IOPIBHIOBaTH MDK MeTojamMu 0Oe3
3acrepexxerb. Ha psmy Bin [2]-tpuanryneny CisHo no mupkymxoposery CsaHis
noxubka morenmiany (omol25_high) simnocro DFT PySCF/PBE Ha omHakoBuX
reoMeTpisx craHoButh y cepenubomy 0,133 eB, Hait6inbmie 0,252 eB, i ii 3Hak
uepryerbest (puc. 3, a). Lg BenuunHa MicTUTh 1 pizHuiio ¢pyHkuionanis ®B97M-V i
PBE (po3min 2), Tox He € 4KCTOIO MOXMOKOK HaBuaHHs. [loxuOka He pocte 3
po3mipom. Eranon npu upomy Hamiiiauit: GPAW i PySCF nators amst mapu 5—7
koponeny 1,606 i 1,624 eB, To6To po3xoasarses numie Ha 0,018 eB.

“E! (&) By3anmoea — rnudHHEHA BAKEHCIA {0) crninosa crabinizauin

—1.5
. 2R KODHER .37 e
ey vy fc":"’l-"ﬁ' .
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Pucynok 3. Psin ¢pparmentis Bin CizHg 1o CssHig: (a) pisHUIIS eHepriii By3/10BO1 Ta TITMOMHHOT
Bakanciit 38 MLIP (omol25_high) i DFT (PySCF/PBE, def2-SVP) na ognakoBuX reoMeTpisx,
MiAMUCAaHO MOXHOKY MoTeHuiany; (6) crniHoBa crabimizanis, sy 3Haxoauth DFT i sikoi
MOTEHIIIa]l He Ma€ 3a 00y 10BOO

®opma Baxkuth Oinbiie 3a po3mip. Y psagy Coa — Csa — Cos eHeprist kpalioBoi
BakaHcii MoHoTOHHO criaziae (1,409 — 0,728 — 0,626 eB 3a ronosoro omol25_high),
a rTMOUMHHA BUXOAUTD Ha riato Bke npu Csa: 6,50 1 6,47 eB pisusteest nuie Ha 0,03

E(syanopa) — E{rnubunng
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eB. To0To0 BruTHB Kpato Ha IIMOMHHY BaKaHCiI0 BUYEPIYEThCs BXKe Y pparmenti 3 54
aToMiB Byriemo. BogHouac Ta cama rimOWHHA BakaHcis motpedye 5,7-6,5 eB y
reKcaroHaJIbHUX ToYKax i smime 2,9-3,9 eB y Tpuanrynenax i mapasenorpami Takoro
camoro po3Mipy. OTxe, CHEpriro BaKaHCii BU3HAYa€ OTOUYCHHS MO3HITiT, TOOTO (hopma
(parmenTa, a He HOTO po3Mip.

4 JleryBanusi: 3amileHnst 6e3 po3puBy 3B’sI3KiB

4.1 Hagimo noTpione JieryBaHHs

IToBopor Croyna—Yenbca - numie OOWH THH KOHQIrypamii 6e3 po3ipBaHHX
3B’sI3KiB. 3aMillleHHs aroMa BYIJICIO Ha TeTepOaroM Jae He3aJeXHY MepeBipKy:
XIMisl ITO3HMIIIT 3MIHIOETECS CHILHO, @ YHCJIO 3B’ SI3KIB JINIIAETHCS THM CaMuM. SIKIIIO
KpUTEpiil MpaBWIBHMI, MOTEHIIaN Mae OyTH TOYHMM 1 TyT. Uucna 1poro po3airy
po3paxoBaHO T0jI0BOIO OMOI25_high, a B posmimi 3 mpamoBana rojoBa 3a
3aMoBUyBaHHIM Mpa (piBHI Teopii ®BI7M-V i PBE Bingmosinno). Lli HaGopu He
JIeXKaTh Ha OJIHIM IIKami, TOMy Jaii TOPIBHIOEMO He aOCONIOTHI 3HAYCHHS JIBOX
PO3IiIB, a NHIIe PO3XOHKEHHSI KOYKHOTO 3 HUX 31 cBoiM DFT.

4.2 Enepris 3aMillleHHs] B KOPOHEHi

Hns wectn nomimok (B, N, O, P, S i Si) po3paxoBano Tpu KoH}iryparii Bix
obony BrmO: kpaiioBy X—H, By3noBy i nentpansHy (tabu. 3). DFT-cropony
pospaxosano GPAW i3 nocunenumu mapamerpamu (PW 600 eB, fmax 0,02 eB/A,
¢ikcoBanuii MaruiTHuii Moment), MLIP-ctopony romosoro omol25_high mpu fmax
0,1 eB/A. O6uzBi croponn BUKOpHCTOBYIOTH (hopmymy (1) i pesepsyapu posminy 2,
KOJKHa 3i CBOIMHM XiMiuHMMH mnoreHuianamu. 3a DFT nna Bcix gomimok o06ix
BUTIHIIINI 32 TIMOWHY. 3aifHATH KpaioBy MO3WIIi0, 30epirim BoJieHb, MOTpedye
MEHIIIe eHeprii, HiX CTaTH TrpadiTHAM aTOMOM YCEpeOHHI: Uil a30Ty Pi3HHIL
cranoButhb 0,587 eB, mis kucHro 0,704 eB, st kpemnito 1,713 eB. /IBa enemenTu
BUIAJAIOTh 13 psagy. Y Oopy po3max 3a Tppoma opbitamu ycworo 0,309 eB. V
KpEeMHiIo KpaiioBa i By3110Ba mo3utii Maibke oqnakosi (1,7821 1,771 eB), Tobro iioro
«TOBEPXHEBHH LIap» HA OJHY OpOITYy IIIMOLIN, HIXK y a30Ty i KHCHIO.

Tabnnusa 3

Enepris 3aMillieHHs ByTJICLIO Ha TETEPOATOM y KOpOHEHi 3a opbitamu cumetpii: GPAW

PW(600) / MLIP omol25_high, eB, i 3cys 6 = MLIP — GPAW 3a tproma opbitamu (KpaitoBy
TO3MIII0 KHCHIO po3paxoBano mpu fmax 0,05 eB/A, 60 npu 0,02 penakcais He 36irmacs)

Homimka KpaiioBa X—H By3ioBa LenTpanbna 9, eB
B 1,458 /0,963 1,443/0,875 1,752 /1,281 -0,57...-0,47
N 0,843/0,911 1,306 /1,284 1,430/1,433 —-0,02...+0,07
0 2,461/1,939 3,283/2,720 3,165/2,743 —-0,56...—0,42
P 1,627 /2,410 2,642 /2,332 2,611/3,308 -0,31...+0,78
S 2,368 /2,589 3,388/3,433 3,481/3,761 +0,05...+0,28
Si 1,782 /2,032 1,771/2,159 3,495/3,770 +0,25...+0,39

Ha 6inpmomy ¢parmenti, nupkymkopoHeHi CssHis i3 miictbMa opOitamu, 1ie
BHJIHO III¢ Kparre (puc. 4).

Ipodine eneprii Briaub Mae BUMIISA CXOMUHKY, a HE TUIABHOTO MimiioMy: 00if i
TIEPIINHA MIap JIeXKaTh Maibke Ha OJJHOMY piBHI, MOTIM Pi3KUil CTPUOOK, MOTIM IIIaTO.
JJis a30Ty 1 KHCHIO CXOJIMHKA CTOITh MiXk 000/10M 1 By3710BUM IapoMm (kpok 0,672 i
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1,250 eB), ms1 kpemHiro, pocdopy # cipkn Ha map raubmme (1,625, 0,9301 0,695 eB).
Hatinpocrimre nosicheHnst ctpykrypae: Si, P i S Ginblii 3a ByTers i MycsTh BUITH 3
IUIOIIMHK, & Ha BY3JIOBii OpOiTi KapKac ime Mo)ke MPOTHyTHCs iM Hasyctpid. [le
Jumie rinore3a, 00 Cipka HE BIHCYETHCS B Psl 32 PO3MIPOM, a MO3AIUIOIIMHHE

3MIIICHHS OKPEMO HE TIEPEBIPSITH.
(a} opHita cunmeTpil CraHas {6) Tpodine exapTil aamimerna aroad

—r 5

—t

'

fiwenns, e

" [ "
T ofin 1 ofiy 2 wyan. sl
0.0 0.0 1.1 2.4

opira sin obooy oo neETpy: riaubuHa, A

ByTp. 141

IHH T[ 1
Pucynmc 4. Tlpodins enepril 3amirneHHs Briub nqupkymMkoponeny CsqsHig 3a ronosoio
omol25_high: (a) micte op6iT cumeTpii Bix 0601y 10 LEHTPY, Y Ay’KKaX YUCIO aTOMIB B
op6iti Ta rIOKUHA, TOOTO BiACTaHb J0 HAHOMIKIOTO KPaiioBOro aToMa Byrieio; (6) eHepris
MPSIMOTO 3aMillleHHs JIs IIECTH JAOMIIIOK 3a THMH caMuMHu opGitamu. Jlnst N i O cxoxmHka
CTOITh MiXk 00010M 1 By310BO0 0pOiToro, 1i1st Si, P i S - Ha opOity riaubue, ais B ii Hemae

4.3 Kepye rimméuna no3uiii, a He po3Mip TOYKHU

[opiBHIOBaTH OpOITH Pi3HUX ()pParMeHTIB 3a BiJICTAHHIO BiJl LEHTPY HE MOXHA.
Y kopoHeHi op6iTa 3 pagiycom 3,74 A cknanaerscs 3 kpaifoBUX aTOMIB i3 BojHeM, a
B LIUPKYMKOPOHEHI Ha TOMY CaMOMY paJiyci JexaTh BHYTpIllIHI aTOMU 0€3 BOJHIO.
[paBunbHA KOOpAMHATA - BiJICTAHb 10 HAWOIMIKYIOTO KpaiioBoro aroMa. 3a Heto psil
CisHio — CasaHi2 — CsaHis cxomurbes: npu 0aHAKOBIM MIMOMHI PO3KHI €Heprii
3amimenns He nepesuurye 0,170 eB mst asory, 0,225 eB anst kucHro, 0,227 eB s
docdopy it 0,359 eB st kpeMHito, X0Ua YUCIIO aTOMIB BYIJICLIO 3pOCTAE OUIBII K
yTpudi. J[Ba BUHATKH Pi3HOI IPUPOAN: OOP PO3XOIUTHCS MOHOTOHHO 3 PO3MIPOM 10
0,990 eB, 110 cx0e Ha YyTIUBICTH 0 PO3MIPY T-CUCTEMH, a CIpKa PO3XOAUTHCS 10
1,678 eB HeMOHOTOHHO, 1110 OiJIblIIEe CX0XKE Ha IHIIY PEJIaKCOBaHYy CTPYKTYPY.

4.4 llorenuiana nporu DFT Tam, ne 38’ a3km i

st a3oTy kputepiil miATBepIKy€eThes Halikpaie. Hailbinbline po3xopKeHHs 3a
TpboMa opbitamu craHoButh 0,068 eB, cepenne +0,016 eB, a Ha HaWrIMOLIIif TO3MLIT
nume 0,003 eB. Lle mopiBHIHHO 3 TOYHICTIO MOJAHHS MOBHOI eHeprii y ¢opmari
float32 (=0,002 eB 3a nosHoi eneprii ~2,5-10* eB). Iopstiok opbit 0,84 — 1,31 —
1,43 eB BigrBopeno TouyHo (Tadm. 3). Jns pemt m’sSTH TOMINIOK KapTHUHA iHIIA, 1
came BOHa yTouHIOE Kpurepiid. CepenHe aOCONMIOTHE PO3XOKEHHsS MO Beix 18
KOH(Iryparisix mectd aoMimmok ctaHoButh 0,355 eB. Ane po3mo/iijieHe BOHO He 3a
MO3HUIsSIMHY, a 3a eneMeHTamu. s 6opy 3cyB nexuts y mexax —0,57...—0,47 eB nHa
BCiX Tpbox opOitax, mmst kucuio —0,56...—0,42, nast kpemuito +0,25...40,39, s
cipkn +0,05...+0,28. Y mexax enemenra BiH Maibke cranuii (tabs. 3). Takuii 3cyB €
nianucoM pesepsyapa. B Er Bxonurb pIsHMLS 4 —y , 1 HOXUOKa [OTEHLIaly Ha

CTAIIOHHIN MOJIEKYJIi IOMILIKH (IUOOpaH, CHiaH, Sg) OJTHAKOBO IEPEHOCHTHCS B yCi
KOH(iryparii poro enemMeHnTa. YacTuHa 3CyBy MOXe TOXOIUTH BiJl Pi3HUII PiBHIB
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teopii (0B97M-V y romosu omol25_high nporu PBE, siknit, 30kpeMa, IepeoriHioe
enepriro 38’13ky Oz mpubmmsno Ha 1 eB [20]); po3ainuTH 11l BHECKH MOXKHA JIUIIE
mopiBHSHEAM 3 ®B97M-V. Pi3HHII MK TO3HMIISIMH, Yy SKHX pe3epByap
CKOpouyeThes, nmoreHnian Biarsoproe: st B, N, O, S i Si po3kua 3cyBy 3a opOitamu
He niepesuinye 0,24 eB. €xunnit BuHATOK - docdop. st HbOro moreHmian MiHse
MICIFIMH KpaloBy i By3noBy mno3unii (+0,78 nporn —0,31 eB), i came TyT motpibHa
TepeBipKa CTPYKTYpH 3 Miapo3iny 3.4.

Jew’stHaquath nonepeaHix napaux kapt GPAW/MLIP ua ¢pparmenrax Ce—Cas
JaBaM CHUCTEMaTHYHO Bix emHwmil 3cyB: Bix —0,840 eB mis asory no —0,572 mis

cipkn. Ane DFT Tam paxysanu nipu Bincikanai 400 eB, ne 0] N 1€ 3MIiHIOEThCS Ha
1,65 eB, a MLIP - ronoBoro 3a 3amoBuyBaHHsM. Toi 3CyB OyB IepeBa)KHO IIOXHOKOIO
MOCTaHOBKHY. YMHHUM i3 THX KapT JIMIIAETECS PAaHKyBaHHS: 17 xapt i3 19 maroTh Ty
caMy HaWBWrimHimy mnosumito, mo i DFT. I3 HesamexHuMH maHUMH JUIS
HECKIHYEHHOT0 TpadeHy pe3yiabTaTH i€l poOOTH MOXHA 3ICTAaBUTH JIMILIE
opieHToBHO. [l KpeMHil0 3HadueHHs Wiei podorn 4,71-4,98 eB micns 3BeneHHs
pe3epByapiB 10 rpadeHy i 00’€eMHOro KpeMHiro BHIIE K 3a OLIHKY Audy3iiiHOTO
Monurte-Kapio (DMC) 4,4(1) eB, tax i 3a 3Hauenns PBE 3,59-3,77 eB [25]; wactuny
PI3HHMII af0Th CKIHYEHHUH po3Mip 1 Kpail ¢pparMeHTa.

5 AreHTHHIi KOHBe€p: SIK 32CTOCYBATH KpHUTepiil

Kpurepiit i3 po3ainiB 3 i 4 KOPUCHHUI JUIIE TOMI, KOJH HOrO 3aCTOCOBYE HE
JIIOIMHA BPYYHY, a KOHBeep. PyTuHHI etamu moOymoBu it mepeBipku MLIP yxe
aBTOMATH3YIOTh areHTHI CUCTEMH Ha BEJIMKMX MOBHHMX MOJIEIIAX, HAIPHUKJIA] KOHBEED
AMLP, y sikoMy areHTH BUOMpAIOTh IPOrpaMy po3paxyHKY, TOTYIOTh BXiHi (ainn
i oOpoOusitoTh BuXimHi [26]. AKTHBHE HaBYaHHS J0Ja€ 0 Tepebopy OLIHKY
HEBH3HAUCHOCTI: MOJIeJIb caMa Hajcuiae KoHpirypauito Ha po3paxyHok DFT, komu
HeBreBHeHa [27]. Cnalke Miclie Takoi CXeMH B TOMY, IO OL[iHKa HEBU3HAYEHOCTI €
BHYTPILIHBOIO sl MOZieni. BoHa Mojke OyTH HaTO BIIEBHEHOIO CaMe TaMm, Jie MOJIeb
CHCTeMaTH4HO 3MilleHa. Pe3ynpTaTh i€l poOOTH 1a0Th 30BHIIIHI IPaBHIIA, SIKi BiJ
MOJEJi He 3alexarb. [IpaBuim TpW, 1 BCi BOHM YHTAIOTBCS 3i CTPYKTYpH [0
po3paxyuky. Ilepmie: umcno posipBaHux KpaitoBux 3B’s3kiB C—H mepenbauae
sanmkenHs 0,2-0,4 eB wna 3B’s130k. Kondirypamii 0e3 posipBaHHX 3B’sI3KiB
PO3paxoByIOTh JIMILE [OTEHIIANOM, a KOXEH po3ipBaHHil 3B’s130k abo monae
MoTpaBKy, abo Bianpasisie koudirypauito na DFT. J[pyre: po3kun eneprii Bcepeanti
KJIacy CUMETpii Imo3Havae Mo3ullii, s SIKUX iCHye Kinbka cTpykTyp. Tpere, 6e3 sikoro
Mepiii 1Ba HeHAMHHI: CTPYKTYPY peslakcOBaHOT MO3MIIIi (YKCITO KiJiellb HABKOJIO Hel,
BHXIJ] KapKaca 3 IUION[MHH) MepeBipIIOTh OKPEMO Bijl eHeprii, 00 y3romkeHa kapra
MOXe OyTH y3ro/pkeHo xuOHOW (mimposain 3.4). Jlis jeryBaHHS € e MpaBHIIO
pe3epByapa: abCOIOTHI €Heprii 3aMilleHHsI HECYTh CTaTUH IS eIEMEHTa 3CYB, TOMY
KOHBEEP MOPIBHIOE Pi3HUIII M)XK MO3HUIISAMY, a HE aOCOMIOTHI 3Ha4YeHHs. Micie nux
MPaBUII CePel METOIB MOKa3ye MOPIBHAHHS Ha OJHIN 3a[advi, mapi 5—7 KOpOHEeHY
(puc. 5, a). GFN2-xTB nae 1,672 eB 3a 0,8 ¢, SevenNet (omol25_high) 1,87 eB 3a
15 ¢, PySCF/PBE 1,624 ¢B 3a 1,5 rox, a eraion GPAW PW(600) 1,606 eB 3a 4,3
roJ Ha omHOMYy motoui. Taka iepapXis BHUTiIHA JHIIE TOJi, KOJIU KOKEH PiBCHb
crapTye 3 reoMeTpii monepeansoro: crapT DFT i3 reomerpii moTeHIiary CKOPOTHB
penakcariro 3 IMOHAJ COpPOKa KPOKiB A0 aBaHaiuATH. Jle HaOmmwkeHI MeToau
B1IMOBJIIOTH, BUIHO Ha OAWHAIIATH KOH(DIrypamisx [4]-TpuaHryneHy, 3BipeHuxX i3
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DFT (puc. 5, 6, Tabn. 4). Ha i3omepax i BakaHcisSX oOmBa HaOIIKEHI METOIN
MPaIiOlOTh, @ Ha TPHOX BHYTPINIHIX MOHOBAKaHCIIX 3 MOTHBOM 5-9 o0mgBa
moMwiIsTFoThest Ha 1,1-1,5 eB. Bubip rojoBu MoTEHINATY TEX € YaCTUHOIO MPaBHIL.
T'onosa 3a 3aMOBUYBaHHSM BIATBOPIOE Mapy 5—7 kopoHeHy 3 TouHicTio 0,06 ¢B, ane
Ha Cs4 1 Cos XHOHO HIepeOyI0BYE YaCTHHY BHYTpIIIHIX no3uLiit. ['onosa omol25_high
Jla€ TIPaBUIIBLHUI MOTHB 5—9 BCIOIH, 3aTe 3aBHUIIyE Ty caMy napy 5—7 Ha 0,27 eB.

Tabanus 4
Cepenue Binxuienns Big DFT 3a tunom 3anadi, eB: 110 Mo)xHa opy4yaT HaONKEHHM
MeToaM
Tun 3agaui n GXFTNBZ_ SevenNet IpupathicTs
I3OMepH’ CKiiaj He 4 0,025~ 0,145-0,265 BHCOKA
3MIHIOETBCS 0,066
BakaHcii, 3MiHIOIOThCS
e C i H 8 0,079 0,296 Jo6pa
ﬂeryBaHHﬂf.BmHocm 18 0,205 0,123 IpUAHATHA
eHeprii
JleryBanus, abcomnrorHi Ef | 18 1,419 0,355 BIICYTHS
Bl/lp.()}DKeHl Tosu, 3 1,321 1,150 BiICyTHS
miyinHa = 0

AreHT, SKMH BHMKOHY€ I INpaBWia, CKJIAJAE€ThCS 3 OPKECTpaTopa M IIEeCTH
migareHtiB. Poni posnopineHi He 3a eramam, a 3a TUIIOM BIJIOBiTAIBHOCTI, 0O
KOJKHA POJIb TIOMHUJIETHCS T10-CBOEMY. ATEHT HepeltiKy opOiT IIyKae CUMeTpiro Ha
HepenakcoBaHiii reomerpii W 3Haxoguth 33 OpOITH 3aMicTh BOCBMHU. ATEHT
CKPHHIHTY BUJIa€ TEOMETPit0, aJeKy Bij iCTUHHOT, Oe3 )KOIHOT 03HAKH. ATSHT 3BITiB
niamucye uncio 3 DFT mig reomerpiero MLIP. KirouoBa posb - aymurop: Habip
MEPEeBIPOK Iepe KOKHUM MOPIBHAHHAM JBOX YHCEN, KU Mae MPaBO 3yNUHUTH
po6oTy. 3 omMHAALATH HOro MepeBipoK JKOJHA HE CTOCYEThCSI KBAHTOBOI MEXaHIKH.
KosxHa eHepris Hece Meron, 0a3uc, pO3MHTTs, KpUTepiit cui i cmin. Ef o6unciioe
onHa QyHKUIsL, a He moauHa. Kitrod Kelry MicTHTh yce, IO 3MiHIOE Yrcio. Po3kun
ycepenHi OpOiTH IPYKYETHCS 3aBXKIU. 3aKOHOMIPHICTh MOTpeOye IOHAHMEHIIe
TpboX TO4OK. KojKHa 3 IMX MepeBipoK BiANOBiIae MOMIILI, sIKa B 1ii poOOTI cripaBai
cranacs. KoHBeep peamizoBaHo Ha Benwkiii moBuiid moxmeni Claude Opus 5
(Anthropic) y cepenosumti Claude Code. Opkecrparop - cecist MoJieri 3 JOCTYIIOM JI0
¢aiinie mpoekty i iHTepnperatopa Python; mimareHTn — migzamadi 3 OKpeMHM
KOHTEKCTOM, sIKi TIOBEPTAIOTh JIMILE PEe3yJIbTaT, TOXK HOMUIIKA OfIHI€l HE MePEeX0IUTh
y pemrry. Ayautop - HaGip ckpunriB Python, skuit Bim Mojenm He 3aleXurh i
3aIyCKa€ThCs Nepel KOKHUM HOPIBHSAHHAM JJBOX yHcesl. MoJienb He paxye eHeprii:
yci uncna parotb GPAW, PySCF, XTB i SevenNet, a mozens rotye Bxifni daiiim,
CTaBUTh PO3PAaXyHOK Yy 4epry i uutae 3BiT. JlocBix miel poOOTH mOKa3aB i Mexy
TaKoro mofiny. MoBHa MOfeNb 100pe MHIlle KO i TMOSCHIOE Pe3yabTar, ajge MOKe
BIIEBHEHO TMOBTOPUTH XHOHE YHCIO a00 MAMUCATH YUCIO OTHOTO METOAY Ti[l
reoMeTpieto iHmoro. ToMy KOXKHE YHCIIO, SIKE TOTPAILIIE B TEKCT, IPOXOIUTH Yepe3
CKPHIT 3BipKH 3 NEpBUHHHUM (aiiom, a He depe3 mam’siTh Mozeni. Came 3 miel
BHMOTH 1 BHPIC ayUTOP.
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TAC HA TR PRTaRCaTii, o rigxnnersa gig DFT, eb

OFNZATD Wl SevenMeb {MLIF} FZ esyipiwsi V. pekogcrpyenis 5-4
PucyHok 5. YoTpH piBHI OMHUCY, [[iHA IPOTH TOYHOCTI: (a) 0/1HA 3a/1a4a, Iapa 5—7 KOPOHEHY,
yac Ha JIBi MOBHI peJiakcallii Ha OJHOMY TIOTOIIi IPOTH BiaxuiieHHs Big GPAW;,
(6) oquuaausTh KOHGIrypauii [4]-Tpuanryneny, 3sipenux i3 DFT, 3amrpuxoBano BHyTpilIHi
MOHOBAaKaHCii 3 MOTHBOM 5—9

6. O0roBopeHHs pe3yJbTaTiB

T'oNoBHMIA MPaKTHYHHUIA TTiICYMOK POOOTH B TOMY, IO MUTAHHS IIOTCHINAT Y1
DFT» nepecrae OyTH NMUTaHHAM IIPO MOJENb 3arajloM i CTa€ MUTAHHIM IIPO KOXKHY
KoH(pirypauito okpemo. Omy6iikoBaHa ouiHka rmom’sikueHHs [11] nae oxHe uncio
Ha mMojienb. TyT HoKa3aHo, o JuIst OAHi€T i Tiei caMoi Moziesni MoXnOKa 3MIHIOETECS
Maibke Ha nBa mopsiaku: Bix 0,013 eB Ha moBopoti CroyHa—Yensca 1o 1,112 eB nHa
JMBaKaHcil 3 [BOMa po3ipBaHUMU 3B si3kamMu. OTXe, U1 CKPUHIHTY BaXIMBUH HE
«cepeHii» piBeHb JOBIPU, a MPABUIIO, AK€ U KOXKHOI CTPYKTYpH Kaxke, YuM il
paxyBatd. JInsd KOHBEEpa CKPUHIHIY L€ O3HA4a€ MPOCTHH MHOALT poOOTH.
Kongirypauii 6e3 po3ipBaHuX 3B’s13KiB — ITOBOPOTH 3B’SI3KIiB Ta i130MepH — paxye
JIUIIE TOTEHIIaN: MOXUOKa TyT CTAaHOBHUTH COTi 4acTku enektponsoibta (0,013 eB
JUIsl IOBOPOTIB); TAK CaMO TOYHO BiATBOPIOEThCS 3amimieHHs a3oToM (1o 0,068 eB).
AOGcoroTHI eHepril 3aMilieHHs ToTpedyIoTh ofHoro po3paxyHky DFT Ha enemeHT.
OCKiJIbKH 3CyB CTaluii [uisl eneMenTa, onHa mnapa uuces DFT i1 MLIP Ha Oynp-sikiii
no3uiii kaniopye Bei iHmi mo3uiii nporo enemenra. Kondirypauii 3 po3ipBaHuMu
3B’s13kamu C—H noTeHIias BUKOPUCTOBYE JIMILIE TS BIOPSIIKYBAHHS, 8 HAHKpaIHX
kanauaaris nepeaae Ha DFT. J{ns Hux mosxiuBa it nomnpaska 0,2—0,4 eB Ha 3B75130K,
aine ii HAXWI BUMIPSHO JIMIIE HA KOPOHEHi, TOX Ul iHIIMX ()parMeHTiB BOHA
notpedye nepeipku. [Tigpo3ain 3.5 mokasye, 1o moxudka He pocTe 3 pO3MipoM, i e
JIa€ MiJCTaBU CIIOJiBATHCS HAa MEPEHOCHICTD MOMPABKH, alie He JOBOAUTS 1i. Burpari
y daci BH3Ha4yae HaWIOpOXK4YWil m[abesb: CTO KOH(DIrypamiii HOTEHIaIoM — Iie
MEHIIE SIK ITiB FOAWHH, €rajoHoM — noHaja aBa TwkHi. GFN2-XTB 3a 0,8 ¢
MPUAATHUI K nepinid QinbTp Wi i30MepiB i BakaHCiil, ane He il aOCOMOTHHX
eHepriii 3aMilleHHsl, 1e #oro cepeHs noxubka cranoButh 1,419 eB.

Mexi X BHCHOBKIB Tpeba Ha3zBaTu mpsiMo. [lo-Tiepiie, JOCTIKEHO OHY
Mozenb, SevenNet 7net-omni-il2, i xsi ii ronosy, ki He JexaTh Ha OAHIN MIKam i
BiTBOPIOIOTH pi3Hi piBHi Teopii (PBE i ®B97M-V). Uu noBToproeTsest Haxui «eB Ha
po3ipBaHuii 3B’5130K» B HIIHMX YHiBEpPCATbHUX MOTEHIliaNaX, MOKHA HEBIZIOMO; SIKII[O
TaK, BiH € BIIACTHUBICTIO HABYAIbHUX BUOIPOK, a He OKpeMoi apxiTekrypu. [lo-mpyre,
eraioHoM € DFT 3 ¢ynkuionanom PBE, a He excnepument. CaM eTaioH Mae
moxu6Oky: 3a qanumu DMC ¢yukuionan PBE 3aHimKye eHepriio 3aMilliieHHs BYTICIIO
kpemHieM y rpadeni Ha 0,6-0,8 eB (3,59-3,77 nporu 4,4(1) eB) [25]. Tomy Bci uucna
TyT € noxuOkamu moteHmiany BimHocHO PBE, a He BimHOCcHO ictuHm. [lo-Tpere,
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JIOCJTI/DKEHO OJIHY POIMHY IUIOCKHX (PparMeHTIiB i3 HACMYCHUMHU BOJHEM KPAasMH.
Jns ¢yHKIiOHani30BaHUX a00 HEIUIOCKUX (PparMeHTIB YHCIIO PO3ipBAaHMX 3B’SI3KIiB
MOKE€ BUSBUTHCS HE €JIMHOIO 03HaKor0. [To-uerBepTe, BUMaIo0K Hochopy JIUIIaeThCsS
He3 sICOBaHUM: TIOTCHITIAJl MiHSIE€ MICIIIMHU KpalioBY ¥ BY3JI0BY MMO3MIlii, 1 TiToTe3a Mpo
BHXIiJI rerepoaToMa 3 IUIOLIMHH I1I¢ He TIepeBipeHa.

7. BUCHOBKH Ta NePCNEKTUBH MOAAJIBIINX JOCTi/IZKEHb

1. Tlom’sxmenns yHiBepcarbHoro MLIP 3anexuts Bij kiacy koHdiryparii. Ha
28 mapHHUX KOH(}Irypamisx BakaHCIH i JUBakKaHCiHi KOPOHEHY IMOTEHIIaN 3aHIKYE
CHEpril0 YTBOPEHHS B KOXHOMY Bumnanaky. IToopor CroyHa—VYenbca, sKuil He
PO3pHBaE 3B’3KiB, BIATBOPIOETHCS 3 po3xoikeHHsM 0,013 eB.

2. 3aHWKEHHS POCTE€ 3 YUCIOM pO3ipBaHMX 3B’SI3KiB, 1 Il YHCIO BHIHO 3i
cTpykTypHu. BoHo 3pocrae Bix 0,299 eB st BakaHcii 3 nimnm xpaem 1o 1,112 eB mst
JMBaKaHCIT 3 aBoMa po3ipBanuMu 3B’si3kamMu C—H, to6TO 0,2-0,4 ¢B Ha 3B’s30K.
UYacruHa 1i€i eHeprii - criiHoBa cTabimizauis 1o 0,372 eB, sxoi B moTeHmiam HeMae.
[ToxuOka He pocte 3 po3mipoMm ¢parmenta: Ha psagy CizsHo—CssHis BoHa B
cepenHboMy ctaHoBuTh 0,133 eB.

3. JleryBaHHsA MiITBEpIUKYE KPWTEpid 11 BigHOCHMX eHepriil. s asorty
posxomkerHss GPAW i MLIP ue nepesuntye 0,068 eB. s B, O, S i Si 3cys
OJTHAKOBHH JUTs BCiX MO3uLiH enemenTa (po3kua 1o 0,24 eB), ToOTO ioro Bu3Havae
pe3epByap, a He mosuuis. Bunarok - ¢pocdop. Konseep mMae mopiBHIOBATH pi3HUII
MIK TIO3MIISIMHM, a He aOCOJIIOTHI 3HAYEHHSI.

4. Emneprito 3aMillleHHs] BH3HA4a€ TJIHOMHA MO3HMIT, a He po3Mip Touku. [lpu
OJIHaKOBIH BizcTaHi 10 kpato po3ku Mk CisHio, C24H12 1 CsaH1s He nepesuiye 0,36
eB ma N, O, P i Si. [lns Bakanciit popma ¢parmenra Baxxuth Oiiiblie 3a po3mip, a
eHeprist TTUOMHHOT BakaHCil BUXOIUTH Ha I1aTo Bike mpu Csa.

5. Tam, ne moTeHIiad NOMUISIETBCS B aOCONIOTHUX 3HAYCHHSX, BiH 30epirae
MOPSIIOK: CTPYKTYpH Ae(eKTy, PO3AiIeHI IMOHAA II'SAThMa EJIEKTPOHBOJIBTAMH,
po3ramoBaHi Tak camo, sk y DFT, a 17 kapr seryBanus 3 19 paiore Ty camy
HaWBUTIAHIIIY TTO3HLIIO.

6. Poskux eHepril BcepequHi Kiacy CUMETpil MoKa3ye HeHaiiHi mo3uuii, ane
HE MOBOAWTH MpaBWIBLHOCTI. Tak, XuOHI CTpyKTypH BHYTpimHiX no3uiiii Css i Cos
maui poskun smine 0,02-0,04 eB. Crpykrypy no3sutiii Tpeba nepeBipsTi OKpeMo Bif
eHeprii.

7. Tpu mpocTi npaBuia i ayuTop MepeBipoK poOssATh NOTEHIAN MPUIATHUM
JUisi KOHBeepa. Uuciio po3ipBaHuX 3B’SI3KiB, PO3KUA yCEpeIuHi Kiacy CHUMeETpii Ta
CTPYKTYpa MO3UIil OOYHCIIOITHCS 31 CTPYKTypH W HE 3aiexaTh Bif momenm. Y
naHiEokky XTB — MLIP — DFT nonepenniii Bixdip TpuUBae CeKyHAH, a TOIHUHU
po3paxyskiB DFT BuTpauaroThes nuiie Ha BifiOpaHUX KaHANUAATIB.

IlepcnekTHBH MOJAJbIIMX JOCTiIKeHb., HaiiOmmwkunit kpok - 3’sicyBaté
BUMATOK (Gocdopy: MepeBipuTH, YA BUXOAUTH T'€TEPOATOM i3 IUIOMIMHU 1 SIK Iie
MOB’SI3aHO 3 TMOJIOKEHHSIM CXOAMHKH B mpodimi Bramb. Jlami mmaHyerses
criBieryBanas mapamu B+N 1 mepeBipka KpHUTEpil0 Ha IHIIMX YHiIBEpCATbHUX
MOTEHI{aax.

Ioasiku Ta BUKOPHCTAHI iHCTPYMEHTH

[T yac MiArOTOBKH CTATTi BUKOPUCTAaHO BelMKy MOBHY Mojeib Claude Opus 5
(Anthropic) y cepenosumii Claude Code: Hero HammcaHO CKPHITH PO3PaxXyHKIB i
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NIepeBipoK, MOOYI0BaHO PUCYHKH 3 IEPBUHHUX (aiilliB Ta BiIpearoBaHo TEKCT. Yci
PO3paxyHKOBI pe3ynbratu orpuMano nakeramu GPAW, PySCF, XTB i SevenNet;
KO)KHE YHCIIO CTaTTi 3BIpeHO 3 IepBHHHAMH (aimamu ckpurroM. OcrarodHi
(hopMyITFOBaHHSI, BACHOBKH 1 Bi/INOBIATIbHICTH 32 HUX HAJIEKATh aBTOPaM.
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ACCURACY LIMITS OF MACHINE-LEARNING POTENTIALS FOR
DEFECTS AND DOPING OF GRAPHENE QUANTUM DOTS

Tuzhikov A%, Dr.Sci., Solovyov V.13, Dr.Sci., Kiv A2, Belinsky A

IState Institution ‘K. D. Us{/cylgsky ,St;"())ytgkUkminian National Pedagogical
niversity ', raine,
2Ben-Gurion University of the Negev, Israel,
8vadym Hetman Kyiv National Economic University, Ukraine,
“State University of Economics and Technology, Ukraine

Abstract. Machine-learning interatomic potentials (MLIPs) increasingly replace density
functional theory (DFT) for screening hundreds of structures, yet they systematically
underestimate the energy of structures far from equilibrium. The origin of this deficit, and when
such a model can be trusted, remain unclear. The purpose is to find a structural descriptor that
controls the error of a universal MLIP. The universal potential SevenNet is compared with
spin-polarised DFT (GPAW, PBE) for coronene CasHiz: every structure is relaxed once, and
both methods score the same geometry with the same formula. Across 28 vacancy and
divacancy configurations the potential always underestimates the formation energy, from
0.299 eV for a vacancy with an intact edge to 1.112 eV for a divacancy with two broken
C-H bonds, i.e. 0.2-0.4 eV per broken bond. The Stone-Wales rotation, which breaks no
bonds, is reproduced to 0.013 eV. For nitrogen doping the deviation from DFT stays within
0.068 eV, while for B, O, S and Si the offset is the same for all sites of an element, i.e. it stems
from the reservoir, not the site. The applicability of the potential is set by the number of broken
bonds, not by model accuracy in general. Together with the energy spread within a symmetry
class and a site-topology check, this gives three simple rules for an automated pipeline in
which xTB — MLIP pre-screening takes seconds and hours-long DFT is reserved for selected
candidates.

Keywords: graphene quantum dot, point defect, substitutional doping, density functional
theory, surrogate model, machine-learning interatomic potential, SevenNet, systematic
softening, model validation, coronene, agentic systems, formation energy.
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Anomauin. Mema. Po3pobumu mooelb eHepeemuuno20 CMmawy cmapm-od’ckma ma
Memoou nio2omosku i Kiacugixayii eemepoeennux 0anux s iHGopmayitinoco 3abe3neuenis
nPOAKmMueH020 ynpasninis enep2ocnoxcusanisim. Memoou. [loconano nokasHuKu IivuIbHUKIS,
no2ooHi Oami U memadaui 0yOieenb, PO3NAHYMO CMAMUCMUYHI O3HAKU KOB3HUX BIKOH,
nopmanizayiio ma kaacmepusayiio K-means. Ha cmpamugixosaniii éubipyi obcsizom 30 000
sanucieé Building Data Genome 2 nopignano nozicmuuny pezpeciio, TiHiliHUIL MeMoO ONOPHUX
6ekmopie, eaycigcbkuti naignuil baiicciecvkuul kiacugixamop, Soft Voting i Stacking. Linvosi
KIACU HU3LKO20, CEPeOHbo20 1l 6UCOKO20 CNONCUBAHHA CHOPMOSAHO OKpeMO Onsl MUnie
niuuneHukie. Pesynomamu. Haiikpawi nageoeni nokasnuxu ompumano ona Stacking: accuracy
0,6458, 36ancena F1-mipa 0,6621 ma AUC 0,8343. [{na Soft Voting ompumano accuracy 0,5937,
seanceny Fl-mipy 0,5837 ma AUC 0,8023. 3anpononosano 36’a30k midxc Kiacugikayiero
cmaHig i yinboeolo Qynkyicro eapmocmi eHepeil 3 YpAXY8AHHAM —Mepedcesux ma
excnayamayiinux oomedcenv. Bucnosku. Knacugikayis cmeopioe ingpopmayiiiny ocHosy 01s
nooanviozo 6ubopy kepyiouux Oitl. Haseoeni pesynomamu xapaxmepusyloms po3nisHaganHs
KIIACI8 CROJICUBANHA, eKOHOMIYNUIL eheKm, OOMPUMANHA KOMPOPMY 1l MOYHICMb NPO2HO3Y HA
3a0anHOMy 20puU30HMI NOMPeOYIomMb OKpeMoi nepesipKil.

Knrouosi cnoga:2emepozenni dani, enepeocnodicuéanis 6y0ieens, npoaKmusne ynpasninis,
Kibep-isuuna cucmema, kiacmepusayis K-means, kiacugikayis cmauie, ancambnese
HAGYAHHSL.

IHocTranoBKka npodJeMu

VrpapiiHHS €HEepProcrnoXKUBaHHSIM OyaiBelab MOTpeOye y3ro/pKeHHsS pPOOOTH
o0naHaHHS 3 JOCTYIHOO MOTYXKHICTIO, IHOIO €Heprii Ta yMOBaMH eKCILTyaralii.
Hnst Ykpainu 1s 3amada TOB’s3aHAa TAaKOXK 13 BiJHOBICHHSIM EHEPreTUYHOT
indppactpykrypu [1]. V mikapHsX, OCBITHIX 3aKianax, odicax i UTIOBUX OYIiBIIX
JOMYCTUMICTh 3MiHM HaBAHTAXXCHHs BU3HAYAIOTh QYHKLIT 00NaAHAHHS Ta MOTPEOU
kopucTyBauiB. OIHAKOBI MOKA3HUKU JIYMWIGHHKA MOXXYTh BIAMOBIAAaTH pI3HUM
MOTOJHMM YMOBaM i pexxuMaMm poOOTH, TOMY iX HEOOXiJHO aHaTi3yBaTH pa3oM i3
koHTekcTOoM. Pearysanust Ha momut (Demand Response, DR) mepenbauae 3miny
CHOXKMBAHHS Y BIAMOBI/b HA IHOBI a00 cTHMYytoBanbHi curtaiu [2]. TIpoakTiuBHe
ynpasiiHHs eHeprocrnoxuBanisM (Proactive Energy Consumption Management,
PECM) BHKOPHCTOBYE OIIHKY CTaHy 00’ €KTa Ta OUiKyBaHi 3MiHH HaBaHTAXKE€HHS IS
MArOTOBKH pimeHHA. BOHO MoOke 3acTocoByBaTHcs B mporpamax DR. Horo
iHdopMmamiiiHa OcHOBa TOTpPeOye Y3TOMKEHOIO TPEJICTABICHHS BHMIPIOBAHb 1
KOHTEKCTY.
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Hocnimxyemo dopmatizariifo cTaHy cMapT-00’€KTa, MiATOTOBKY I'€TEPOTeHHIX
JAHUX 1 HOPiBHAHHS KJIacH(ikaTopiB. 3B’A30K 13 KEPYBaHHAM 33Ja€MO Yepe3 IiJIbOBY
(YHKIIIFO BUTPAT Ta OOMEKCHHSL.

AHaJi3 monepeaHix A0caikeHb

Jyis aHamizy €HEproCHOoXXHBAaHHS 3aCTOCOBYIOTH ()i3WYHI MOJENi, MOJET,
HaBYCHI 33 JAHUMH, Ta IX roeaHaHHs. Wei Ta CriBABTOPH y3aralbHIOIOTh MiAX0IH 10
MIPOTHO3YBaHH H Kiacudikamii croxuBaHHA [3]. Bubip Meronmy 3aieXuTh Bif
JIOCTYITHUX BUMIPIOBAaHb 1 3a/iadi OIIHIOBAHHS; TE€TEPOTCHHICTh JIAHHUX YCKIIQJHIOE
MATOTOBKY O3HAaK, aie He BUKIodae ¢izugHoro MopemroBaHHs. Shaikh Tta
CIIBaBTOPU PO3ILIIAIOTH YIPABIiHHSA €HEPreTHYHUMH BUTpaTaMu i KoMdopToM
xopuctyBauiB [4]. Ormsx Mariano-Hernandez ta criiBaBTOpiB OXOILTIOE ITPOTHO3HE
KepyBaHHs, YIIPaBIiHHS ITOITUTOM, ONTHMI3aliio Ta IiarHOCTHKY HecrpaBHOCTeEH [5].
Ili HampsiMu MOB’S3YIOTh OLUHIOBAaHHS CTaHy OymiBii 3 il ekcruryarauiitHUMU
00OMEKEHHSIMHU.

Albadi ta El-Saadany cucremarusyors nporpamu DR Ha enekTpoeHepreTHUHHUX
punkax [6]; Charoen Ta cmiBaBTOpH ONMCYIOTH peamizamito DR i3 cucremoro
eHepromeHe/xMeHTy Oynismi [7]. DR oxommtoe pi3Hi crnocoOu KepyBaHHS, TOMY
Horo He ciJi OTOTOXKHIOBATH 3 PEAKI€l0 JIMIIE IICAs BUHUKHEHHA IIKY.
Kathirgamanathan Ta cHiBaBTOpH aHaJi3yIOTh KEpOBaHE JAHHUMH IIPOTHO3HE
YIOpPaBIiHHA JUIi BUKOPUCTAHHS CHEPreTWYHOol THy4ykocTi OyaiBenb [8]. BoHo
notpedye y3ro/PKeHHs TPOTHO3y i moneni peakuii oOnagHanHsa. Afram i Janabi-
Sharifi po3risinaroTh Mozelli CHCTEM ONaJeHHs, BEHTHIALIT Ta KOHAUIiFoBaHH: [9],
sIKi 3a0e3neuyloTh (i3uuHe oOIpyHTYBaHHS JOMYCTHMHX pekuMiB. Amasyali Ta El-
Gohary y3aranbHIOIOTh JOCTIKCHHS MPOTHO3YBAHHS CHEPrOCIMOXKHBAHHI 32
nanumu [10], a Himeur Ta cniBaBTOpHM — aHaNITHKY [aHUX Yy CHCTeMax
aBToMarm3anii OyniBenb [11]. Pi3Ha wacrora, omuHHLI ¥ TOBHOTa BHUMIipIOBaHb
3yMOBIIOIOTH TOTpedy B y3ro/pkeHoMmy Bektopi o3nak. Building Data Genome 2
(BDG2) noenanye BUMiprOBaHHsI CHO)KHUBAHHs, NOroay i MeranaHi OyniBens [12].
Divina Ta cniBaBropu mociiauu Stacking 1yist KOPOTKOCTPOKOBOI'O IIPOTrHO3YBaHHSI
enexkTpocnokuBanus [13]. Pesynpraru 4McCIOBOrO NPOTHO3YBaHHS HE MOXHA
0e3nocepeJHbO MEPeHOCHTH Ha KIacH(iKalilo pexuMmiB, TOMy aHcaMmOmi
noTpeOy0Th OPIBHAHHS B ME)XaX MMOCTaBJICHOT 3a1a4i. MiTKa piBHS CIO)KUBAHHS HEe
BH3HAYA€E KEPYIOUOi [Iii: BOHA HE BCTAHOBJIIOE JIOMYCTUMOCTI BUMKHEHHSI 0013 JHAHHS
4yn gotpuManHs komdopty. Lli ymoBH moTpiOHO 3a7aBaTH OKPEMO.

HeBupimeni nuranns

YV BDG2 Hemae roTOBHX MITOK, sIKi BH3HAa4Yanu O pexuM abo ONTUMAIbHY
crtparerito ynpasiiHas. [IoTpiOHO Y3roAWTH BHUMIPIOBAHHS Pi3HUX JHYMIBHHKIB,
MPE/ICTAaBICHHsI CTaHy Ta LIMBOBI KiacH, OOIPYHTYBaTH PO3MITKY il MOpIBHITH
MoJei ii po3MTi3HaBaHHSL.

Mera Ta 3aBJaHHS 10CJTiI2KEHHS

Mera poGoTH - pPO3POOUTH MOAENb EHEPreTHYHOro CTaHy Ta METOAH
IHTENeKTyaIbHOT O aHAI3Y TeTEePOTeHHIX JaHUX IS iHpOopMaIiitHOro 3a0e3neueHHs
PECM. [lns mporo QopmamizyeMo CTaH cMapT-00’eKTa U BiZOKPEMIIIOEMO HOTO
kiacuikariro B BHOOpY aii. @opMyeMO BEKTOp O3HAK 13 TOKA3HUKIB JIUMIBHUKIB,
MOTOJTHOTO ¥ YacoOBOrO KOHTEKCTYy Ta XapaKTePUCTUK OYMIBI; pO3TIILIAEMO
MOTIEPETHIO 00POOKY, YacOBi CTATUCTHUKU Ta KJIAacTepHY po3MiTKy. [lopiBHIOEMO
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JOTiCTHYHY perpecito, miHiHHME SVM, rayciBcekmii HaiBHUI OaiieciBCBKHMiA
kiacudikxarop, Soft Voting i Stacking; 3agaemo minboBy (GyHKIiFO BApTOCTi €HEprii
Ta OOMEXEHHs YIpaBiiHHA. EKcriepuMeHTalbHa 3ajaya IMOJsArac B OLIHIOBAHHI
kinacudikanii Ha BDG2. IlepeBipka exkoHOMii Ta poOOTH 3aMKHEHOTO KOHTYPY
HaJICXKUTh JI0 MOAAJIBIINX IOCIIKEHb.

Mogens eHepreTHYHOT0 CTAaHY CMAPT-00’€KTa

CmapT-00’ekTOM BBaskaeMo Oy[IiBIII0 a00 KOMIUIEKC NPHUMIINEHb, BUMipPIOBAaHHS
AKOTO JOCTYNHi Ui aHajlisy Ta MiATOTOBKM Kepyroumx jiit. Ix momycrumicrs
3aJICKHUTh BiJ] NpPHU3HAYCHHS OOJaJHAHHS: TEPEHECEHHs MOMOMDKHOI omeparii i
3yNMHKA KPUTHYHOTO CIIOKMBada MAroOTh Pi3HI HachHiaku. [ToKa3HUKH JYHITEHUKIB
XapaKTepU3yIOTh CIOKMBAHHS, KOHTEKCT - YMOBH HOTO (OpMyBaHHS, METajaHi -
BiJMIHHOCTI M)XK OYyIiBISIMHU.

3a nuMu JaHUMU KilacudikaTop BU3HAYAE PEKUM; BUOIP Jii 101aTKOBO moTpedye
ouinky i HaciakiB. Kibep-¢isnuna cucrema (Cyber-Physical System, CPS) noenuye
o0uaTHaHHS, MepexXi i CeHCOPH 3 IHpOpMaLiHHIMY 3ac00aMu aHaITi3y Ta KepyBaHHS.
CrpykTypy cMapT-00’ekTa 3a1a€ Koprex (1):

0=(P,C,A) )

VY (1) P e ¢pizuunoro ckianoBoro, C - KOHTEKCTOM, A - MHOXKHHOIO JIOITYCTHMHX
niii. KOHTEeKCT MiCTHTh morogy, KaleHIapHUI PEeXMM 1 JOJATKOBI MapameTpu
ymnpasninsst. Hexaii X; € BEKTOPOM BUMIiPIOBaHb | KOHTEKCTY Ha KpoLi i, a S; - onucom
cTaHy, cpopMOBaHUM i3 iX icropii. Onepatop BuAiIeHHs 03HaK O y3aranbHIOE BIKHO,
sIKE 3aKiHUY€ThCs Ha Kpolti 1 (2). Po3Mip w 3a1ae KinbKicTh BipTiKiB. JIJ1st HOroqUHHAX
JIaHuX W = 24 oxorutoe 100y, a miciist J000BOro arperyBaHHs - 24 noou. Po3mipHicTb
Si 3a51eXUTh BiJl KUIBKOCTI 3MIHHUX 1 CTATHCTHK.

Si = @('xi—wﬂ,.“,xi) (2)
HaGip crarucTik 4ucioBoi 3MiHHOT ogaHo B (3):
S, = (u,,oc,,CV,, trend,, max,,, min ) 3

CepenHe p XapakTepu3ye piBeHb NOKa3HHUKA, o - PO3KHL, trend - Horo JiHilHY
3MiHy; max i min 30epiraioTh Jiana3oH 3HadeHb. CV = o/u omnmcye BiJHOCHY
MIHJIUBICTh HEBiJI’€MHOIO MMOKa3HHKA CIIOKUBAHHS 0 LIEHTPYBaHHs. 3a OJIN3bKOro
OO Hymsi | TOTpiOHe oKpeme mpaBuwio o0pobku. CV He ciij aBTOMATHYHO
3aCTOCOBYBATH 0 TEMIIEPaTypH B rpaaycax Llenbcis abo Z-HopMasi30BaHUX O3HAK.

IoenHaHHs KibKOX BIKOH OMKCY€E MIBUAKI 3MIiHH W TpUBaii UUKIH. BOHO He
rapaHTye CTAlliOHAPHOCTI: CE30HHICTh 1 3MIHM PEKHUMIB MOXYTb 30epiraTucs.
Ipencrasnenns (1) — (3) BUKOpHCTOBYEMO it Kiacu(ikallii piBHIB CIOXXUBAHHS,
SIKY BiJIOKpeMITIOEMO Bif onrumizanii aii. LliieoBa muoxuna Y = {Low, Medium,
High} onmcye Hu3pkuii, cepeiHiii i BHCOKHMiIT piBHI [UIsl BiANOBIAHOTO THUITY
nivnnpHEKa. Ha3Bu MpU3HAYa0Th MiCHs BIIOPSIKYBAHHS LIEHTPOI/IB.

3a iiMoBipHiCHHX OliHOK Kiacudikaropa f(S; ) piuenns 3anae (4):

y; =argmax, pe(Ylsi) 4)

pe(y | Si) € omirKorO Kiacy Y. st mporuo3y Ha ropu3oHT h notpiGHi mapw (S,
Yi+h); PO3MI3HABAHHA ); 32 S; HE € IEPEBIPKOIO TAKOTO MPOTHO3Y.

HaBuanuss mapaMeTpu4HOi MoJedi  y3arampHio€  (QYHKIIS — BTpar i3
perymspusarieto (5):
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30, (0) = 3103 (100 +2,200) ©)

Jie N - KUIbKICTh HAaBYAIBHHWX MPHKIAJIB, Vi - [UIbOBA MiTKa, { - BTparta, Q -
perymsipu3arop, Acs - ##oro Bara. JloricTudHa perpecis BUKOPHCTOBYE JIOrapiupMidHy
BTpaTy, SVM - iHIIy onTuUMi3amiiHy mocraHoBKy, a GaussianNB omizioe po3moinu
O3HAaK.

OnTHMabHI TTapaMeTpy MOJIeIIeH 13 Takoro GyHKIE BH3HAYAE (6):

0" =argmin, J ,(0) (6)

Brpata xiacugikamnii Bipi3HAETHCS BiJl BUTpAT YNPABIiHHSA: NPaKTHYHA IiHA
TIOMUJIKY 3aJIeXKUTh BiJ 00J1alHaHHs, KOHTEKCTY i JIOCTYNHUX Jiil. Bucokuii piBeHb
CHOXXKMBAaHHA B po0OYl TOIWHHM MOKe OYyTH JONMYCTHMHM, TOJi SIK CEpemHii 3a
3HIDKEHOTO JIMITY MOTY>KHOCTI OTpeOyBaTHMe neperysiny pexunmy. Ha pucynky 1
MOJIAHO TIEPETBOPEHHSI BHMIPIOBaHb 1 KOHTEKCTY Ha O3HAaKM Ta KiachdikariifHe
pimenns. Moro 38’5130k i3 KepyBaHHAM 3aJa€ 3aBepLIAlbHA JIAHKA; EKCIIEPHMEHT
niepeBipsie kiacuQikaliiHy 4acTHHY.

Rezpena ganm (P, C)

Ofansum pipews P

W oS

K. 8 L
¥

Kewrener C

Norika neperaopesta: P.C—x t—=W -8 i~y

Pucynok 1. CTpyKTypa HpOaKTHBHOTO yIPABIiHHS CHEPrOCIIOKUBAHHAM CMapT-00’€KTa
®opMyBaHHS BEKTOPA 03HAK CTAHY

dopmyBaHHS O3HAK OXOIUTIOE BHOIp JDKEpEN, Y3rODKEHHs BUMipIOBaHb,
norepeHi0 00poOKy Ta ommc auHamiky. Kiacrepusaiisi JOMOBHIOE II€H Mpolec
UinbOBUMH MiTKaMu. Bimokpemmioemo nani BDG2 Bix moqaTkoBUX BXOIB
ynpasiinas. BDG2 [12] mictuts gani 1 636 Oyaisens i 3 053 miuusipHukiB Ha 19
Maitnanuunkax y [liBaidniit Amepuni Ta €8pori. [Toroauusi psiau 3a 20162017 poku
JIOTIOBHEHO TMOTOJZIOK0 i MeTajaHuMH. BiciM THMIB JIIYMIBHUKIB OXOIUIIOIOTH
EIIEKTPOCHEPTilo, OXOJOKEHY BOIY, Ta3, rapsdy BOMY, IpHUrallifo, COHSIYHY
reHepailito, mapy Ta BOIy.

Ckrap indopMariii 1uist mpecTaBiIeHHs cTaHy HaBeaeHo B Tabmuii 1. BDG2 ne
MICTUTh TIOBHOTO OIHKCY JOMYCTUMHUX [iif, 0ONagHAHHS Ta BUMOT KOM(OpTy. Pi3Hi
TUNH JTIYWIBGHAKIB MAIOTh Pi3HI MIKalM; iX MOKAa3HUKH HE MOXHA 0€3MOCepeHBO
nonasatu. OizuuHulA OanaHc moTpedye y3roHKEHHX OAWHUIb, a PO3MITKA PIBHIB -
ypaxyBaHHs TUITy TOKa3HUKA. MeTaaHi ONUCYIOTh XapaKTEPUCTUKH 1 IPU3HAYCHHS
OymiBenb.
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Ta6auuns 1
BuMiproBaHHs Ta KOHTCKCTHI 3MiHHI JUISl IPEACTaBICHHS CTaHy CMapT-00’€kTa
Kateropis Ipukaaau 3MiHHHX IloxoxKeHHSI TAa 00MeKeHHS
TToxazuuku Enexrpoenepris, ras, Boza, BDG2; oauHuLi i HasABHICTH
JHYHIBHUKIB napa; rapsiaa i 0XoJIoKeHa BU3HAYAIOTHCS TUIIOM JIYHIIBHHKA.
BOJIa; ipUrallisi, COHSYHA J1060Bi CyMH HE € MUTTEBOIO
reHepaitis HOTYKHICTIO.
ITorona Temneparypa, Bitep, THUCK, Tloroaui daitnu BDG2; y3romkeHHs
onaau 3a MaliIaHYMKOM 1 aCOM.
Mertanani Tun BukopucTaHHs OyiBii, Mertanani BDG2; ne Bci mosst
IUIOIIA, JOCTYIIHI 3aIIOBHEHI JUIsl BCIX OyIiBeNb.
XapaKTEPUCTHKHI
Kanennap YacoBa MiTKa, IeHb THXKH, DopMyIOTECS 32 4acoM; poOOUHi
CEe30H po3Kiaj i cBsiTa MOTPEOYIOTH
JI0JJATKOBUX BiJIOMOCTEH.
[Tapamerpu Tapud 3a oguHuIIO eHeprii, Jonatkosi Bxogu PECM; He €
yTpaBJIiHHA JIMIT MOTY>KHOCTi, BUMOTH wratHAME osissmu BDG2 Ta He
KoMpopTy MiATBEPUKYIOTh €KOHOMI4HOTO
e(eKTy eKCIIEPUMEHTY.

INepeHecennst Mozeni Ha iHmMKA 00’ekT morpedye okpemoi nepeBipku. ITicms
arperyBaHHs 10 JOOOBHX CyM BTPa4yaeThCs BHYTPIIIHBOJ00OBa iHpopmamis. Taxi
3aIMCH JJO3BOJIIOTH KJIacU(iKyBaTH 1000BI PiBHI, ajle HE BU3HAYAIOTh IOT'OJUHHOTO
MepEeBHIICHHS MOTYXHOCTi. BumiproBanus BDG2 xapakrepu3yloTs peasbHi OyaiBii;
peakiist o0aiHaHHs Ha KepyIouy Jil0 B IIbOMY Ha0OOpi He MepeBipsieThCsL.

3 ypaxyBaHH;IM Tabnuui 1 BeKTOp croctepesxeHHs Mae BUTIS (7):

Xi = (p| 1 Cext,i 1 ctime,i ! Cecon,i ! b) ! (7)

I p; - NOCTYIHI MMOKA3HUKU JIYMWIIBHUKIB; Cexs, - TIOTOJA, Crime, - KAICHIAP, Cecon, -
€KOHOMIuHI mapamerpu, b - merangani. Tapud i JMIT MOTYKHOCTI € J0JaTKOBUMHU
pxogamu PECM, a He mrratauMu noyisimu BDG2.

Ionepents 00poOKa y3roxye MpoIycKy, aHOMalii, 4aCOBi MiTKH, MacIITaOu Ta
KaTeropiaibHi O3HAKM 332 OJHAKOBUMH IpaBWJIaMHU. BUCOKHMI MOKa3HHK HE CIIiJ
aBTOMAaTHYHO BUJIYYaTH SIK BUKU/I: BiH MOXe OyTU peanbHuM mikoM. st mporyckiB
MOXITMBE 3allOBHEHHSI, ajieé MPOrHO3HA 3aava JIOMyCKae TUIbKU JaHi, BiIOMi Ha
MOMEHT pimieHHs. J[aHi CHHXPOHI3yIOTh 3a OyAiBICI0, MAaWIaHYMKOM 1 YacOM.
Enepriro 3a iHTepBay MifICyMOBYOTb, IOTOIHI MOKA3HUKHU 3a3BUYail YCEPEIHIOIOTb;
ypaxoBYyIOTh 4acTOTy W uacoBuil mosic. [loromy orpumyiors i3 daiinie BDG2,
KaJIeHIapHi 03HAKH - 3 YaCOBHUX MiTOK. PoGounii po3kia, cBsita, Tapud i MepexeBHii
JMIT MOTPeOyIOTh J0IaTKOBHX BiJIOMOCTEiA.

MacrtabyBaHHsI YUCIIOBUX 03HAK 3a Z-OLIHKOIO Bu3Havae (8):

_KiTHy (8)

[} GJ
IIe [ 1 07 - MapaMeTpH j-1 03HaKH, BU3HAYCHI 32 HaBYaIbHUMHK JaHUMH. CTary 03HaKY
3 g; = 0 OOpOONAIOTH OKPEMO; /10 TECTOBUX JAHHWX 3aCTOCOBYIOTH YK€ OIIiHEHI
napameTpH.

Hopwmanizarisg 3MeHIIye BILTUB MacIuTadiB, ajie He TapaHTY€E OJJHAKOBOT'O BILTUBY
03HaK Ha Mojenb. HoMiHaNbHI KaTeropii KOAYIOTh OKPEMIMH 1HIMKATOpamMu (one-

hot encoding), a i UUKIIYHOTO 4Yacy MOMIIUBE KOJYBAHHS IEPIOAUYHOCTI.
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UwmcnoBuil Ko HE TIOBHHEH CTBOPIOBATH IITYYHUH MOPSIIOK Kateropiil. [lapamerpu
00pOOKH 30epiraroTh pa3oM i3 MOJIEIUTIO IS 3aCTOCYBaHHS JI0 HOBUX CIIOCTEPEKEHb.
KoB3He BiKHO MiCTHTH TiNBKH faHi O KPOKY i BKJIOYHO. VIOro Y3ro/pkeHHS 3
MOMEHTOM IIPOrHO3Y MOTPiOHE It YacoBoi nepeBipku [14]. BikHO 3 W BIUTIKIB 3a/1a€
(9):
W= (Xi_yor 10 %) ©)
Bekropu X: y (9) matoTs cTpykTypy (7); BUKOPHUCTOBYIOTHCS JIMIIE JOCTYIIHI Ha
BiJIITOBITHAIT MOMEHT TapaMeTpy. SIKIIO HUTBOBOIO MITKOIO € i+, JaHI MICHS 1 He
BKJTIO4AroTh 110 S;i. Onepatop ® mepeTBOproe BIKHO Ha CTaTHCTHYHI 03HaKH (3). [l
TOTOAMHHUX JTAHMX KOPOTKi BiKHA 3—6 TOAWH OIMCYIOTHh MIBHJIKI 3MiHH, a 24-168
TOJMH - JOOOBI W TWXKHEBI mUKIH. J[7s 1OOOBHX 3alMCiB MOTPiOHA iHINA CiTKA.
Po3Mmipu 1oOHparoTh Ha HAaBYAIGHHMX Ta BaNiJAMiHHUX JaHUX. YITKICTH KITacTEpiB
MOXKE JOTOMaraTH NoOOpy O3HaK, aje He JOBOAWTH SIKOCTI MPOrHO3YBaHHA abo
ynpaBiiaHa. Ockinbkn BDG2 He Mae TroTOBHX KIIAciB CIOXKHMBAaHHSA, PO3MITKY
¢dopmyroTh Kinactepusaniero. K-means rpymye 0O1m3bki criocrepesxenss; K-means++
3azae croci0 iHinianizawii nenrpoinis [15]. ¥V 3aransHoMy MeTOAi IPYIyIOTh BEKTOPH
O3HaK, a B EKCIEPUMEHTI - JIorapu(MiyHO IEpPETBOPEHI MOKA3HUKU OKPEMO 3a
Tunamu JivnisHUKiB. Kpurepiit K-means HaBezneno B (10), ne z; € npencraBieHHAM

TS KITaCTEPH3allii:
Jow = 2l 2~ (10

7, €Cy
ne Ci - KiacTep, (4 - Horo LeHTpoia. B oqHOBUMIpHOMY BUNAAKY 1X YHOPSIKOBYIOTh
i HasuBaloTh Low, Medium, High. LlenTpoin He BCTaHOBIIIOE HOPMATHBHOrO a0bo
ONTUMAIBHOTO PEXHMY.

K = 3 BigmoBigae mnpuiiHATIH iHTepmperauil piBHIB. Y 3arajJbHOMY METOZi
KUIbKICTh KJIACTEPiB MOYKHA JOCIIIXKYBAaTH 32 3MIHOIO BHYTPIIIHBOKJIACTEPHOI CyMHU
KBajpariB. MiTKH BUKOPUCTOBYIOTh SIK IIJIbOBY 3MiHHY Kiacudikaropa.

Kuacudgikanis craniB i nocraHoBka 3a1ayi ynpaBJ/iiHHS

[Micnst po3miTku TOpiBHIOEMO 0a3oBi Mojenmi ¥ ancam6mi. LlinboBa ¢yHKIis
YIOPaBJiHHA 3a7a€ Ccrocié MOJaibLUIOr0 BHUKOPHCTAHHS IXHIX BimmoBimei. Jlis
MPOTHO3HOT 3aj[adi TECTOBI MEpioAM MOBHHHI HACTABATH MiCIsl HaBYambHUX [14].
MacraOyBanHs, A00ip mapaMeTpiB, PO3MITKy Ta OalaHCYyBaHHS Y3rOJKYIOTh i3
mofinoM. HaBeneHuid ekCepUMEHT BHUKOPHCTOBYE BHUIAJAKOBHN IO 1 OL(HIOE
posmizHaBaHHs kiaciB. JlorictuuHa perpecis i SVM nepeBipsioTh JiHIAHI Mexi,
GaussianNB - ymoBHI po3moiian o3Hak. Soft Voting ycepeaHioe ixXHi HMOBIPHOCTI;
Stacking HaB4ae Mosenb apyroro pies. Js aii a € Ajon BapTicTh eHepril Ta mrpad
3a mepeBHILeHHs HoTyKHOCTI 3aae (11):

Jem (@)= SCE (2) + 2, SImax(0.P.(a)-P, )P (1D
=1 =1

ne E{a) - oninka eneprii micna nii, C: - Tapud, Pr(a) - omiHKa DOTYKHOCTI, Pmaxs -
JIMIT, Anet - Bara mrpady, H - ropusoHT miuanyBaHHS. J[jis iHIIMX €HEproHOCIiB
oTpiOHI BIacHI OJWHUII i Tapudu.

Azon BpaxoBye TEXHIUHI MeXi, 000B’s3K0BI omepaii Ta koM¢popT. SKIIO JTiMIT
MOTY>KHOCTI € >KOPCTKOI0 BUMOTOI0, HOTO 3a/al0Th SBHUM OOMEXEHHSM; CaMOro
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mrpady HeIocTaTHRO. be3 Mozeni HacmikiB i Ta mepeBipKH JTOMyCTUMOCTI MiTKa
KJIacy He BU3Ha4a€ onTuManbHoi crpaterii. @yskiis (11) € mocraHOBKOIO 3a1a4i, 11
SIKOT TIepe10aYeHO MOAIBINY PealTizalliio.

Excnepumentanbna nepeBipka Ha nanux BDG2

[NopiBasHES BukoHaHO Ha BHOipi BDG2 o6csrom 30 000 3amucis. Iligrotoska
OXOILTIOE JI0OOBE arperyBaHHs, JAOJaBaHHA KOHTEKCTY, 0OpOOKY O3HAK, PO3MITKY,
GanaHCyBaHHSA Ta HaBYaHHA II'ATH Mojenei. Dailin BUMIpIOBaHb HEPETBOPEHO 3
mpoKoro (opmary B MOBIHif: 3amic MIiCTUTH OyIiBIIIO, THII JIYMIBHUKA, Yac i
MOKa3HUK. [ToronHHI BUMIpIOBaHHS arperoBaHo 10 J0OOBUX cyM; 10O0BHii 3amnHC €
omuHMIEI0 Kinacudikari. [IpuerHano MaiaH4nK, THI BUKOPHUCTAHHS, IUIOILY Ta
iHII ocTynHI MeTajaHi Oyaisens. Temmeparypy, BiTep, TUCK 1 OIIaau MPUEAHAHO 3a
MaiJaHYNKOM Ta 9acoM i arperoBaHo 10 J000Boro piBHsA. Bubipky crparudikoBaHo
3a THIAMH JIYWIBHUKIB i3 random_state = 42. IIpormyckn 3all0OBHEHO MeziaHaMH,
KaTeropii neperBopeHo one-hot KomyBaHHAM, YMCIOBI O3HAaKM MacIITabOBaHO
StandardScaler. 1li neperBopeHHs BUKOHAHO JI0 MOy BUOIpKH. [JIst KOXKHOI mapu
«OyniBISL - THUN JIIYWIbHUKA» OOUYMCICHO TPYNOBI CEpeiHE Ta CTaHIApTHE
BIIXWJICHHS. 3a JIOCTYITHOIO BHOIpkoro. BaratomacmTabHi BikHa W JOHATKOBI
CTAaTUCTHUKHU (3) HajekaTh JI0 3araJIbHOr0 MeTojy. i KOXKHOrO TUITy JiYMIIBHUKA
3acrocoBano log(l + (), ne ( - HeBix eMHHH n00OBHI Moka3HMK, Ta K-means i3
TphoMa Kiactepamu. LleHTpoinu BHopsiakoBaHo i HazBaHo Low, Medium, High.
Iicrorpamu HaBeaEHO Ha PUCYHKY 2, CIIUIBHE NPEJCTABICHHS — Ha PUCYHKY 3.

K-Means consumprion clusters par meter type (1/2)
centroid 1abels in orginal dally units

—hodiem clustar -

g H'IIIIIIL-"_

10

e e

ottt . ....nﬂ..nalill..

(iamy rracm h Q1ptdmly muter reading)

PucyHok 2a. Posnoainu log(1 + q) i neHTpoinu KiacTepiB A1sl 0XOJIOIKEHOT BOH,
€JIeKTPOCHEprii, rasy Ta rapsr4oi Boau
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K-Means consumption clusters per meter type (2/2)
centroid labels in original daily units

Low Ciuster - Medium clustel W W cluster —O~ Iester Sourary
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Pucynok 26. Posnoainu log(1 + q) i neHTpoinu Kmactepis 1uis ipuraunii, COHSYHOI reHeparii,
rapu Ta BOAU

K-Means consumption clusters and centroigs across mater types
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PucyHok 3. Po3noainu 10060BUX MOKa3HUKIB i HeHTpoinn K-means y norapudmivHiil mkaii 3a
TUNIaMH JIIYUJIIBbHUKIB

[iamucu HEeHTPOIMiB OTPUMAHO 3BOPOTHUM MEPETBOPEHHSAM i3 JorapudMiaHOT
LIKaIK; [1e He apu(MeTHyHI cepelHi BUXiAHUX MoKa3HWKIB. Kiacu pi3HHX THMiB
TMYAIBGHUKIB HE 3a[al0Th OJHAKOBOI KimbKoCTi eHeprii. Posmoxin 3a kimacamu
MOKa3aHO Ha PUCYHKY 4. [IoTOYHMI NMOKAa3HHUK ( BUIYYCHO 3 O3HAK KiacudikaTopa.
3acTocoBaHO BUMaIKOBHH cTpaTudikoBanuii 3a kixacom noain 80/20 i3 random_state
= 42. HaBuanpHy 4actuny 36anancoBano SMOTE [16] uuisixom iHTepHossmii Mixk
CyCiJaMH MiHOPUTapHOrO KJacy; TECTOBY 4YacTMHY He OanmancyBamu. ITopiBHSIHO
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JIOTICTUYHY perpecito 3 peryispusaiieto, niHiiHUE SVM 13 kaniOpyBaHHSIM
nmoBipHocTeit, GaussianNB, Soft Voting Ta Stacking i3 70oricTHIHOIO METaMOAEIITIO.
Consumption class distribution (all meters, sampled)

Medium High
consumption_class

12000

10000

8000

ounk

6000

4000

- -
[s]
Low

Pucynok 4. Kinpkicts 3anuciB Bubipku 3a kiaacamu Low, Medium i High
Jloricruuna perpecisi. Jlorictuuna QyHKIIsS TepeBOANTH JIiHIHHMI IPEAUKTOP y
HMoBipHicTh OiHapHOro Kiyacy [17]. Peng Ta cmiBaBTOpM pO3IJISIIAIOTH ONHUC i
noJaHHs pe3ynbTaTiB wiel Moneni [18]. s Tppox kiaciB moTpiOHe GaraTokiacoBe
npaBuiI0. MyJIbTHHOMIAIEHA MOJIENTh BUKOPHCTOBYE softmax (12):

12
pk (S) — eXp(m) ( )

Sexp(n)

Nk = Pox + Pi'S € mpenuxropom kiacy K, fo - 3MileHHIM, i - KoedirieHTaMuL.
Cyma HIMOBIpHOCTEH JNOpPIBHIOE OJMHUIII; PillIeHHS MpUIMAaloTh 3a (4). MoxmuBuit
TaKOX MiJIXiT «OAUH NpOTH peiutny. KoedilieHTH OIiHIOITE 13 perymspu3sanicio. Y
JOCHI/DKCHHI  TinmeprnapaMerpu  J0OMpajid  paHAOMI30BaHMM  MOIIYKOM i3
MEPEXPECHOIO BaIi IALIIEO.

HaiBumii GaiieciBcbkmii KiaacugikaTop npunyckae yMOBHY HeE3aIeKHICTh
03HaK 3a 3a1aHoro kiacy [19]. V Hauiif 3a1a4i 03HaKH OMKCYIOTh OYiBIIIO, TOTOIY
1 BUMIpIOBaHHs, a KJIaC - PIBEHb CIIOKMBAHHS. AIOCTEPiOpHY HMOBIpHICTH 3a1ae
(23):

ACILIL (13)
p(k|S)=———
p(S)
e 7 - anpiopHa WMOBipHicTb Kiacy, P(S|K) - mpasronomiGHicTs, P(S) - HOpMyBaIbHA
BenmunHa. Heszanexwicrs nae (14). Tyt d - KinbKiCTh O3HAK.

p(S 1K) = Jljp(s,- 1K) (14

Jns GaussianNB 4HCIOBYy O3HaKy 3a KJIaCOM MOJIEINIOIOTh HOPMaJbHHM
posmozinom (15) [20]:
(15)

1
P(S; 1K) = —===exp(~(S; —1;)* / (25%))
J ZRG?k J Jk jk
Mk 1 0% OLIHIOITH U1 O3HaKkW j Ta kinacy k. Kopemsuiss Mk o3Hakamu it

BiZIMIHHOCTI BiJl HOPMaJILHOTO PO3MOJITY MOXYTh OOMEXYBAaTH NPHIATHICTH i€l
MOZIEII.
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Mertoa 0NOPHUX BEKTOPIB Oy/aye Mexy MiX KilacaMi 3 ypaxyBaHHIM 3a30py i
JOIMyCTUMHUX THopyiieHb [21]. ¥V mocmipkeHHI BHKOpHcTaHO JiHIHHHNA SVM;
0araToKJacoBe PillIeHHS MTO€IHY€E ABOKJIACOBI i 3aqadi.

st ninisinoro SVM mexy 3amae viS + b = 0, ne v - Bary, b - 3minieHsHs.
[To3HaueHHs V BiTOKPEMITIOEMO Bij po3Mipy BiKHA W.

st map (S, ), t; € {—1; +1}, nocTaHOBKY 3 M’IKUM 3a30poM 3aja€ (16):

R T
i, G IVIF +Can D 5) (18)

3a oOmexens (17):
t(v'S, +b)>1-¢,¢& >0,i=1,..,n 17

Csvm BH3HAYAE BAT'y TTOPYIIEHE, & - iX JIOMyCTAMY BeTMUMHY. MIMOBipHicHi orinky
JUIsl aHcaMOJIiB OTPHMYIOTH JoJaTKOBUM KanmiOpysaHHsM SVM. JliniitHe sapo
00YHnCITIOE CKAJSIPHUIT TOOYTOK BEKTOPIB O3HAK. Y HaBE/IEHOMY E€KCIIEPUMEHTI iHIII
sipa He TIOPiBHIOBAJIUCS.

Soft Voting ycepenHioe iiMmoBipHOCTI TphOX OazoBux Moaeneii 3a (18). ITpasuna
noeHaHHA KiacugikaropiB posrisiHyro Kittler ta cmiBaBropamu [22]. fkicth
BIJIIOBI/II 3aJI€KHUTE Bl OIIHOK KOXHOI'0O KOMIIOHEHTA.

1
Puote k (S) :—lemvk (S) (18)

Stacking HaBuae mMeramozieNb Ha BiANOBiAAX OasoBux mojeneit [23]; pilueHHs
y3aranpHioe (19). Jns HaB4YaHHS APYroro piBHSA BHKOPHCTOBYIOTH IPOrHO3H Ha
MPUKJIAAX, BiJOKPEMJCHHX BiJ HaBYaHHA BiANOBiAHOI 0a3o0Boi Moxemi. VY
JOCITiDKEHHI METaMOJICIITIO € JIOTICTHYHA perpecisi.

Ysta = G(PL(S), P,(S), P5(S)) (19)

OuinoBaHHs. Accuracy po3paxoBaHO JUisl BCi€l TECTOBOI 4acTHHH; precision,
recall, F1 ta AUC - 3i 3BaxyBaHHsIM 3a uucioMm npukiagiB kimacy. AUC
BHUKOPHCTOBY€E «OAWH HPOTH PeLITH», specificity - MakpoyceperHeHHs. My mo3Hadae
KUTBKICTh 3aIMCIB CIIPaBXHBOro Kiacy K, BimHecenux 1o 1; n - miarpumky kiacy, N
— zaranbHe ymco 3anucis. [Inomy mig ROC-kpusoto knacy k Busnauae (20):

AUC, :jz TPR, (u)du,u = FPR, (20)

TPRi = TP/TP; + FN;); FPR; = FP/(FPi + TNy) = 1 — specificityw. J{ys 3BaxkeHoi
AUC nokiacoBi 3HauCHHsI yCepeIHIOIOTh i3 Baramu 7/ N.
Accuracy BU3HAYa€ [iaroHalib MaTPUL MOMIIIOK (21):

iM kk
=1

Accuracy = N (1)

TP, TN, FPi i FN; o6uncnrorors it kinacy kK nporu pemrru. J[iust 3aransHoi
accuracy BUKOPUCTOBYIOTH (21), yHHKAIOUU IOBTOPHOTO paXyBaHHS 3aIUCIB.

[oxmacoBy F1-mipy 3amae (22):
F1, = 2Precision, Recall, (22)
Precision, Recall,

Precisiony BHW3Ha4ae 4YaCTKy NpaBWIBHHUX BIAMOBIACH cepex mnependadyeHux
3amuciB knacy k (23):
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TR, (23)
TR, +FR,
3BaxkeHi precision i F1 oTpuMyloTh ycepemHEHHSM IOKIACOBHX BEIMYHH i3
Baramu #;/N. Recall, € 9aCTKOFO 3HAIIICHHX 3aIMCIB CIIPaBXKHBOrO Kitacy K (24):
Recall, = — (24)
TR +FN,
3a omHo3HauHOI OararokiacoBoi kKiachdikamii 3BakeHa recall mopiBHIOE
accuracy. i1 Hy/TbOBOro 3HaMEHHHUKA HOTPiOHO 3aJaBaTH OKpeMe IIPaBUIIO.
Bararoxiacosuit MCC BusHavae (25) [24]:

cs—ipk~ t, , (25)

J(sZ—gps)(sZ—gtf)

C = 2iMy, s = N, pr = 1My - nepenbadeHa mATpUMKA Kacy, & = 2iMj - CIpaBXHSL.
MCC BpaxoBye Bci enemenTr Matpuui. Crienu¢iunicTs kiacy K 3anae (26):

Precision, =

MCC =

Specificity, = — Nk (26)
TN, +FR,
¥ Tabnuui 2 specificity € cepennim 3a K knacamu. bararoknacoy norapudmiuny
BTpaTy Bu3Hauae (27):
LogLoss = _ii § Yic log( pik) ' (27)
N ==

Ie Y, - IHIUKaTop CIpPaBKHBOTO KJacy, P, - Horo iMoBipHicTh. [y yncioBoro
004HCIIeHHS HYJIbOBI HMOBIPHOCTI OOMEXYIOTh MAJIUM JI0JaTHUM 3HAYCHHSIM.

Menmma LoglLoss € kpamoro. UucioBi pe3yabTaT I'sITH MOJeliell HaBeICHO B
Tabmud 2.

Tabauus 2
Mertpuku knacudikaiii piBHIB J0OOOBOr0 CIIOKUBAHHS
Merpuka JlorictuuHa Jliniiiamii | GaussianNB Soft Stacking
perpecis SVM Voting

Accuracy 0.6357 0.6343 0.5308 0.5937 0.6458
Precision 0.6966 0.6906 0.5839 0.6526 0.706
Recall 0.6357 0.6343 0.5308 0.5937 0.6458
F1 Score 0.6503 0.6482 0.4998 0.5837 0.6621
AUC 0.8242 0.8194 0.7112 0.8023 0.8343
LogLoss 0.7997 0.8052 4.8586 0.8577 0.7792
MCC 0.4488 0.4436 0.2658 0.3723 0.464
Specificity 0.8228 0.8209 0.7459 0.7871 0.8287

V rtabnuui 3 HaBemeHo Marpulli moMmiIoK i moknacoBi ROC-kpuBi. Matpuiist
MOKa3ye HaIpsiM MOMIJIOK 3a oOpaHoro pimenHs, a ROC-kpuBa — paHxyBaHHs U
pi3Hux moporax. 3a HaBeneHnMHU MeTprkaMu Stacking mae accuracy 0,6458, 3BaxeHy
F1-mipy 0,6621 Ta AUC 0,8343. [l Soft Voting BigmoBigHi 3HAYEHHS CTAHOBIATH
0,5937, 0,5837 ta 0,8023. IloBHMIT HAOip YHCIOBUX PE3YJIHTATIB MOJAHO B TAOMHIIL
2. F1-mipu sioricTuusoi perpecii ta JiniiiHoro SVM cranosisats 0,6503 1 0,6482. [lns
GaussianNB orpumano F1 0,4998 ta LogLoss 4,8586. Marpuni HOMHIOK 1
noksacoBi ROC-kpuBi HaBeneno B Tabmuii 3. ExcriepuMeHTanbHE MOPIBHSHHS
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CTOCYy€eThes Kiacudikarlii piBHIB J000BOTo crioxuBaHHA. ONTUMI3aLiHHANA MOIYIH
(11) 3amae HacTymHY YacTHHY CHCTEMH, JUIS SIKOI HOTPiOHA OKpeMa peaizariis.

Tabuauus 3
Matpuui moMuiox i noknacoi ROC-kpuBi 6a30BuX Ta aHcaMOJIeBUX KiIacu(ikaTopiB
Moaeanb Matpuust HIOMHJIOK ROC-kpusi

Legistie Regression

Logistic Regression

£ s
JloricTiyHa P
perpecis
High
oo
Low Medium High
Predicted label
SVM
[ ] ] | .
Low
8
e Z
JliniHui = Medium
svmo 7 |
High 1876 o
o0
Low Madium High b y .
Predicred lakel i o it
Naive Bayes Naive Bayes
Low
. Medium
GaussianNB
High
Low Medium High
Predicted label
Soft Voting
10
Lo
a8
X a8
= Medium
Soft Voting
- s
r"
High L]
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Moaeanb Matpuust HIOMHJIOK ROC-kpusi

stacking Stacking

Stacking F Medium ll 14!'

riigh
oo
Low High

Medium
Fredicted label

Tnae Fo

BHCHOBKH Ta MePCNeKTHBH MOAAJIBINNX J0CTi/ZKeHb

Po3pobnieno indopmariiiHy Mozens CTaHy CMapr-o0’€KTa, IO IIO€IHYE
BUMIpPIOBAaHHS, KOHTEKCT i omyctumi ii. Kiacudikarito crioxkxuBaHHs BiZIOKpEMIEHO
BiJ BUOOPY Jii, 15 sIKOTO MOTpiOHa omiHKa 1 HactiakiB. MeTox popMyBaHHS 03HaK
OXOIUTIOE y3TOJDKEHHS JDKepelN, IMOIEpefHI0 0OpOOKY Ta ONHC YacOBUX BIKOH.
Tapudu, mepexesi niMiTh i BuMorum komdopry € H0JATKOBUMHU BXOAaMHU
ynpasiinasi. Knacrepuzarist norapuMiuHO NEpeTBOPEHHX NOOOBHX MOKA3HUKIB
OKpeMO 3a TUNaMH JHYWIbHUKIB copmyBada Low, Medium i High. Ili mitku
BHUKOPHCTOBYIOThCS [UIsl TOpiBHsAHHA Kiacugikaropi. Ha 30 000 3amumcax i3
BunaakoBuM nojiiom 80/20 mopiBHsHO Itk Monenel. s Stacking otprmano
accuracy 0,6458, F1 0,6621, AUC 0,8343 ta LogLoss 0,7792. MeTpuku HaBeZIeHO B
Tabnuwi 2, Matpuii nommwiok i ROC-kpwusi - y Tabiuni 3. L{ineoBa GpyHKLisA moeaHye
BapTiCTh eHeprii Ta mrpad 3a MepeBHUIIEHHS MOTY>KHOCTI; IOMYCTHMI [IiT BU3HAYAIOTh
TeXHIUHI ¥ ekciulyarauiiini oOmexeHHs. Omnrumizatop norpedye MOAATBIIOT
peanizawii. Ilomampimn JOCHTI[KEHHS MAlOTh BH3HAUUTH TOPU3OHT MPOTHO3Y,
MePEBIPUTH MOJIEII 32 YACOBHM IIOJIIJIOM 1 OL[IHUTH X MEepeHeCeHHs MiX Oy HiBIIMHU.
[icnst peanizawii ynpasiiHHA HEOOXiJHO MOPIBHATH HOro 3 0a30BUM PEKHMOM 3a
BapTICTIO €HEeprii, MepeBUIICHHSIM IOTYXHOCTI Ta JoTpuManHsM kKomdopry. Lle
JIacTh micTaBy Ui KiTbKicHOT omiHKH eexty PECM.

BukopucraHHs reHepaTUBHUX iHCTPYMEHTIB

[ix yac miaroroBku tekcry Bukopuctano Gemini 3.1 Flash-Lite Ta Gemini 3.1
Pro anst MoBHOTO peparyBaHHs it nepexiany. s wiei penakuii 3actocoBano Codex
(GPT-6.1 Sol ta GPT-6 Luna) [y1st AOTIOMOT'H B peiaryBaHHi, epeipii 6i0miorpadii
Ta TEXHIYHId MArOTOBLI [JOKyMeHTAa. BiIMOBiJanbHICTE 33 apryMEHTaIlifo,
JOCTOBIPHICTh pe3yJIbTaTiB 1 ocTaroyHe (OPMYIIOBaHHSI BHCHOBKIB HANCKHUTh
aBTOpaM.
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Abstract. Objective. To develop an energy-state model and methods for preparing and
classifying heterogeneous data to support proactive energy consumption management in smart
facilities. Methods. Meter readings, weather data and building metadata were combined. The
methodological framework considers sliding-window statistics, normalization and K-means
clustering. Logistic regression, linear support vector machines, Gaussian naive Bayes, Soft
Voting and Stacking were compared using a stratified sample of 30,000 Building Data Genome
2 records. Low, Medium and High consumption classes were defined separately for each meter
type. Results. Stacking achieved the best reported scores: accuracy of 0.6458, weighted F1 of
0.6621 and AUC of 0.8343. For Soft Voting, accuracy was 0.5937, weighted F1 was 0.5837 and
AUC was 0.8023. A cost objective and operational constraints were formulated to connect state
classification with subsequent control decisions. Conclusions. Classification provides an
information basis for selecting control actions. The reported results concern recognition of
consumption classes. Economic benefits, comfort compliance and prediction accuracy at a
specified future horizon require separate evaluation.

Keywords: heterogeneous data, building energy consumption, proactive control, cyber-
physical system, K-means clustering, state classification, ensemble learning.
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Section 2 Control, robotics, and distributed systems
UDC 004.5+681.5
DOI

MODELS OF HYBRID HUMAN-MACHINE CONTROL FOR ROBOTIC
SYSTEMS
PhD, Yarmilko A.1[0000-0003'2062'2594]‘ MarChenkO 8.2[0000_0003_1655_3091]
Bohdan Khmelnytsky National University of Cherkasy, Ukraine
EMAIL: ta-ja@ukr.net, 2sv.marchenko1989@gmail.com

Abstract. This paper presents a structured multimodal mission-oriented model of hybrid
control for robotic systems operating under incomplete information, varying channel quality,
real-time constraints, and operator involvement. Unlike conventional command or policy
blending, shared control is organized through admissible event routing among operator,
autonomous, mission, and safety handlers. The multimodal state comprises navigation, visual,
communication, operator, system-computational, and energy channels. The model was
evaluated using synthetic data in a discrete-time simulation of a declaratively specified multi-
stage mission. The results demonstrated context-dependent channel relevance, correct mission
and fallback transitions, rejection of conflicting operator initiative, and stable delegation among
manual, shared, autonomous, and safety-oriented modes.

Keywords. Hybrid control; robotic systems; mission graph; shared autonomy; event
routing; multimodal fusion; effective reactivity; operator initiative; safety fallback

1. Problem Statement

The need for structural and system-level optimization of mission-oriented robotic
systems has increased attention to synergy and deeper information cooperation
between the human operator and the robotic machine [1]. This also applies to
unmanned platforms intended for various purposes. At the current stage, progress in
human-machine systems is expected within the hybrid intelligence paradigm [1, 2].
According to the concept of hybrid intelligence [2], a human-machine system should
rationally combine human and machine capabilities while preserving the leading role
of the human within the system. Under traditional control approaches based on
maximizing control over system parameters, the amount of information processed by
the human operator generally exceeds physiologically feasible levels. However, the
tasks involved in executing an unmanned mission generally cannot be resolved by
prioritizing the intellectual independence (autonomy) of the unmanned platform
above all else. Accordingly, the optimal role of the human operator in a hybrid
unmanned-mission control system is to compensate for limitations in the software
that supports the platform's intelligent functions. The unmanned device itself should
minimize the operator's physical, psychological, and emotional overload while
current real-time control tasks are being solved. However, remote control of
unmanned systems, particularly in complex and emotionally demanding applications,
has a pronounced adverse effect on operators' mental health and performance [3, 4].
This necessitates an additional objective analysis of the phenomenon in the context
of ensuring control-loop stability.

In this context, investigating mission control of a robotic system under variable
channel quality, incomplete information, real-time constraints, and operator
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participation is an important research task. Addressing it requires a mathematical
model of multimodal hybrid control that combines performance, reactivity, mission
execution, operator cognitive state, communication stability, and safety compliance
within a single formalized system.

2. Analysis of Previous Studies

2.1 Hybrid Control, Shared Autonomy, and Human-Robot Teaming

Hybrid control of robotic systems is developing at the intersection of classical
control theory, human-robot interaction, shared autonomy, mixed-initiative control,
and runtime supervision. Human-robot interaction research emphasizes that robotic
autonomy should be regarded as a variable allocation of functions among the human,
the automatic controller, and the autonomous planner [5]. This conclusion is
consistent with the concept of levels of automation, in which the human operator can
act as a source of goals, supervisor, arbiter, or active executor depending on risk, task
complexity, and information availability [6]. Recent reviews of practical human-robot
teaming additionally emphasize three interrelated aspects of interaction: action
coordination, communication, and cognitive compatibility [7]. For mission control,
this triad has direct mathematical significance because each aspect becomes a
separate observation channel and a constraint on the admissibility of a control
decision. One of the basic mathematical approaches is action or policy blending, in
which the resulting command is computed as a weighted combination of operator
control and an autonomous proposal [8, 9]. This scheme is straightforward to interpret
and performs well for tasks with a relatively stable goal; however, its sensitivity to
intention-recognition errors creates a need for probabilistic models of the user's state.
Model-free shared-autonomy and reinforcement-learning approaches reduce the
number of a priori assumptions about the intention model, but shift the complexity to
data, reward design, and safety validation [10]; in open-environment robotic systems,
however, the value of this trade-off remains context-dependent. A separate line of
research develops autonomy-infused teleoperation and perceptive shared autonomy,
in which the autonomous system not only blends commands but also augments the
operator's action with knowledge of the map, risk zones, the expected trajectory,
uncertainty in the perception model, and the available local-planning modes [11].
Mathematical methods of hybrid control can also be systematized according to how
control authority is coordinated. Compensatory methods use weighted sums, utility
functions, Bayesian belief updates, soft penalties, MPC, or learning-based value
functions. They are suitable for situations in which degradation of one channel can be
partially compensated for by high confidence in another. Non-compensatory methods
use thresholds, guard conditions, lexicographic ordering, minimax/Chebyshev
criteria, control barrier functions, or safety filters. They are justified for constraints
for which averaging would be conceptually inadmissible, such as collision risk,
geofence violation, critical energy, a missed hard deadline, or loss of the command
link during a takeover-critical phase. A mission-executing hybrid system therefore
requires a composition of compensatory and non-compensatory rules associated with
the mission phase and event class.

2.2 Mission-Oriented Specification and Semantic Mission Execution

The mission-oriented approach in robotics aims to separate high-level objectives
from low-level motion commands. Current research on mission specification shows
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that robotic systems employ state machines, behavior trees, hierarchical task
networks, temporal logic, BPMN-like descriptions, DSLs, and task-oriented mission
languages [12]. Comparative analyses of formalisms for robotic missions emphasize
the absence of a single standard that supports goal hierarchy, reactivity, integration
with humans and external devices, and runtime reconfiguration equally well.

Mission Specification Patterns for mobile robots describe recurring task patterns
such as reach, patrol, avoid, visit, coverage, surveillance, search, return, and monitor
[13]. They demonstrate that a formal mission specification should separate the routing
task from the search or coverage task. Flight or motion from point A to point B
performs a transit function, whereas a search phase requires specification of the
search area, a coverage metric, visual or sensory conditions for candidate detection,
a target-confirmation threshold, and rules for repeated inspection. Accordingly, the
search stage should be represented as a semantic phase with its own state variables.
Mathematically, mission-oriented control is most often implemented using state
graphs, hybrid automata, timed automata, temporal logic, HTNSs, or behavior trees.
For hybrid control, the key requirement is the ability to preserve an unambiguous
relationship between mission semantics and the admissible control mode. A mission
graph with guard conditions, dynamic deadlines, coverage variables, and fallback
transitions therefore provides a practical compromise.

2.3 Multimodal perception, channel reliability, and missing modalities

Multimodal modeling of robotic systems is based on the assumption that no single
channel completely represents the system state. Reviews of multi-sensor fusion for
autonomous systems distinguish sensor-level, feature-level, and decision-level
fusion, emphasizing the trade-off among raw-data volume, feature informativeness,
processing latency, and computational cost [14]. In robot vision, multimodality
encompasses not only the conventional combination of cameras and sensors but also
semantic scene understanding, VLM/LLM-assisted reasoning, navigation,
localization, and domain adaptation [15]. Filtering methods such as the Kalman filter,
extended/unscented Kalman filters, and sequential Monte Carlo remain fundamental
for navigation-state estimation because they provide recursive estimates in the
presence of a dynamics model and noisy measurements [16, 17]. The operator
channel requires separate analysis because it includes a latent cognitive state.
Psychophysiological measurements such as HRV, EDA, EEG, gaze, PERCLOS,
response time, and task performance are widely used to estimate workload and fatigue
[18]. For real-world control, missing modalities must also be considered:
physiological sensors may be unavailable, invalid, or unacceptable for organizational
reasons. The operator state in the model should therefore include not only an
availability estimate but also a modality mask and observation uncertainty [19].

2.4 Reactivity, Real-Time Event Processing, and Energy-Aware Execution

Reactivity in embedded and cyber-physical systems is associated with processing
events within temporal constraints. Classical real-time scheduling theory provides the
basis for analyzing periodic and sporadic tasks using fixed-priority scheduling, rate-
monotonic scheduling, and earliest-deadline-first scheduling [20, 21]. Weakly-hard
real-time models describe streams in which a bounded number of missed deadlines is
compatible with acceptable control quality [22]. Such models are particularly
appropriate for video frames, informational telemetry, and auxiliary updates, whereas
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hard safety events should retain a separate non-compensatory status [23]. In real-time
robotic systems, reactivity encompasses queueing, event service, dispatching,
network latency, feature processing, decision making, mission transitions, and
command execution. Experimental studies of mission computers for robotic
platforms show that energy-saving modes reduce consumption but introduce wake-
up delays and alter the available reactivity budget [24]. Accordingly, the energy
channel should be included in the model as a factor that affects inference, the system
tick, event processing, and admissible control modes.

2.5 Safety Assurance, Runtime Guards, and Mission-Valid Delegation

Safety assurance for autonomous systems is currently being developed through
control barrier functions, safety filters, reachability analysis, runtime assurance, and
fallback supervision. Safety filters provide a unified intervention scheme in which a
proposed control action is checked against a safe set and either projected onto or
replaced by an admissible action [25]. Control barrier functions formalize invariance
of the safe region and enable control synthesis under state/input constraints,
disturbances, and sampled-data effects [26]. The runtime-assurance approach adds an
architectural layer in which an advanced or learning-based controller may operate
only within a monitored safety envelope; when the corresponding condition is
violated, the system switches to a verified fallback controller [27]. For mission-
oriented hybrid control, these methods have a dual role. They impose hard constraints
on physical safety and also constrain delegation. If an operator command or
autonomous recommendation violates the safety envelope, delegation must be
rejected regardless of trust, expected utility, or mission benefit. If the operator channel
degrades, the system may preserve the operator in the loop at the informational level,
but it should not assign the operator hard real-time functions that require guaranteed
response. Thus, a generalized model should combine safety filters, real-time
reactivity, and human-autonomy teaming within a common mathematical
requirement.

3. Unresolved Issues

The preceding analysis indicates the need for a consistent mathematical model
that combines mission semantics, event-driven reactivity, multimodal channel
evidence, operator initiative, safety constraints, and a delegation policy. It should
support the investigation of the key research questions (RQ):

RQ1: How should the multimodal state of a robotic system be represented for
mission-oriented hybrid control under varying information-channel quality,
incomplete observations, and data uncertainty?

RQ2: How can the mission graph, current-phase semantics, sub-mission
execution progress, and fallback decisions be connected within a unified mission-
execution logic?

RQ3: How should the reactive suitability of a hybrid control system be evaluated
with regard to temporal constraints, events of different criticality, and safety
requirements?

RQ4: How should operator initiative be incorporated into mission-oriented hybrid
control with regard to operator state, communication quality, mission validity, and
safety?
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RQ5: How can stable delegation among manual, shared, autonomous, and safety-
oriented modes be ensured under channel degradation and mixed conflicting
scenarios?

RQS5: sx 3abesmeuntH crabuTbHE JeNeryBaHHS MDK PYYHHM, CIUIBHHM,
ABTOHOMHHM 1 safety-Opi€HTOBaHMM peKMMaMH 3a JIeTpajallii KaHajiB i 3MilIaHUX
KOH(JTIKTHUX CIeHapiiB?

4. Objective of the Article

The objective of this article is to construct and perform scenario-based validation
of a mathematical model for multimodal mission-oriented hybrid control of a robotic
system. The model should connect event-level reactivity, channel estimates, semantic
state, the mission graph, safety constraints, operator initiative, and the delegation
policy into a sequential system of mappings, thereby enabling its configurations to be
assessed according to the admissibility criteria for unmanned-mission control modes.
The experiments are intended to assess the model’s basic functional consistency and
its sensitivity to isolated and compound degradations rather than to estimate the
performance of a particular robotic platform.

5. A Multimodal Mission-Oriented Model of Hybrid Control

5.1. General Composition of a Model

The proposed model defines mission-oriented hybrid control as an ordered
composition of policies that transforms heterogeneous events, channel observations,
and operator actions into a mission-admissible control mode. The policy sequence
fixes the causal order of information transformation from the primary event to the
selection of an admissible control mode. A discrete time instant is denoted by

tk = kAt , where K € NO is the step number and At is the dispatcher-step
duration. At step k , the model receives the set of raw events €, asynchronous

channel observations Yk, the current mission state Mk, and, when present,

operator initiative |fp . The complete computational chain is given in (1).
(.Y, M, 1) =P, (F 1) =P, Z0 =D, (J&™, X, ,Q,) =P, A, —Py, (1)

sig eat

where Psig is the signal-level policy; Fk is the set of validated event facts; ui'g is

the vector of aggregated signal metrics; Pfeat is the feature-level policy; Z,? is the

set of base channel evidence; the superscript 0 indicates that the evidence is evaluated
against the reference channel requirement before a specific mission transition is

selected:; CDX is the semantic interpreter; Jlfand is the set of transitions whose

structural triggers are satisfied; Xk s the collection of semantic vectors for these

transitions; Qk is the collection of physical and temporal contexts; Pfus is the
situational fusion policy; A\ is the set of candidate-transition estimates; P,; is the
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mission policy; Dlims is the mission decision; F’deI is the delegation and event-

routing policy; and Df el is the final mode decision.

The base sets of the model are defined in (2).
C ={nav, vis,comm, op, sys,eng},

Q ={HUMAN, SHARED1, SHARED?2, SHARED3, AUTO, SAFE}, @
V ={transit, search, confirm, track, return, landing, landed},
where C is the set of information and resource channels: navigation, visual,
communication, operator, system-computational, and energy; Q is the set of event-

processing and routing modes; and V is the set of mission-graph phases. The
notations SHARED1, SHARED?2,, and SHARED3, define different tables of terminal
handlers for event classes.

The policy interfaces are formally defined by the mappings in (3).

Py Eox AT F, X i, Py 1Y, 518 x @, 2,
D, M, xF, xZ)x O =] x X, xQ,,
Pic i X O AP M, x A xQ, x R™ D™,

P le"s x Fox X, x A x 1P x R —>Dfe',

where Aiig is the current load of the signal dispatcher; ®

cal

@)

cal denotes the identified

parameters of the channel models; Olin * contains direct mission measurements,
including the completed route fraction, coverage, target posterior, duration of valid

tracking, and distance to base; ® denotes parameters of calibrated fusion

fus
metamodels; Rmis denotes declarative mission requirements; and Rdel denotes the
reliability, timeliness, and safety requirements for the modes. The symbol R in
R™ and R™ denotes a set of requirements and is unrelated to Ry .

The current mission state and direct mission measurements are defined in (4).

_ \ mis
M, = <Vk’Tk’ Ppatn k+ Peovkr Poon k» Prrack k + Pret k1 Pi ’gk’Statusk>'
mis _ / &/ a = = A Amis
Ok - < ppath,k’ pcov,k! pconf,k1 ptrack,k’ pret,k’ pk ! (4)
rem rem rem
Droute,k ’ Denergy,k ’ Dhazard,k ’ Dphase,k ’ dhome,k

where V, €V is the active phase; t\lﬁ is the time spent in that phase; ppath’k ,

Peovir  Peonf k1 Prrack x @d  Pre; i @re accumulated within-phase indicators;
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p;"s is overall progress; G, is mission strain; and statusk is the textual status. The

hatted quantities in Olin ' are direct measurements from the current step, from which

Ppmis Updates the accumulated state M k41 they are not produced by the channel-

estimation models.
The operator initiative used in (1) has the structure defined in (5).

init  sinit  Jinit Linit init hmi
Ili)p — <type'|<n| ’ Jll<m ’q:(nl ’e;(nl ’t'|<n| ,Ctkal >’ )
where typeL"“ is the request type; j,i(nit is the proposed transition or &; qli(nit is

the requested mode; eL” "is the initiative-carrying event; '[Lmt is time; and C'[X:mI is

the HMI context. The initiative is considered only after Dlin * has been formed.

To eliminate data ambiguity between policies, four composite structures defined
in (6) are used.

2 = (s, ag,up°),
X, (3) = (% ()R (). m (D). v (3D, e (D))
A =<Z(j),Uk(j),Ck°°”f (0. L,-,C,-,A{'“(j),Gk“a’“(j)>.

D™ = (M1, 35, 98, 35, D (), R, A (5)),

(6)

where SE'O is the base probability that the channel requirement is satisfied,; aﬁ

denotes data availability and freshness; U;’Ois the standard uncertainty of the
available support; X, hk N, Nand €, are, respectively, the spatial-visual,
operator, communication, system-computational, and energy semantic components
of transition Z( J) is the calibrated probability of transition success; U, (] ) is its
. conf . . . . . . .
standard uncertainty; Ck is diagnostic conflict; Lj is the list of relevant semantic
components; Cj is the list of physical channels from which they originate; Afm(j)
is the minimum support among the components declared critical; G:ard is the non-
compensatory admissibility condition; Jlfm is the set of transitions with an open
guard; J:is the selected transition; and kals is the fallback transition or .

The context €2, ( ]) is separated from the probabilistic vector X, (]) by (7).
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2, (1) = (& 85 Toeic: Do Dl Dirigy s Do o M (1), G2 ) (7)

pipe,k * = phase k ! energy k!
_ risk op op lat jit loss cpu inf fps
Vector & _<Iatk’|onk’ok WETE T T R BGUT T R >
contains raw physical and operational quantities retained for context and traceability
but not treated as additional fusion components. Here, lat, and lon, are coordinates;

isk . .
Ol:'s is the obstacle-risk estimate; Wfp and TkOp are operator workload and

loss

L lat it - N
response time; T,~, T, , P, and B, are communication latency, jitter, loss

ratio, and bandwidth; U ™ is computational load; and T, " and kaps are inference
latency and effective frame rate. dkSafe is the margin to the safety-envelope boundary;

T;‘Ze’kis the 95th percentile of  the system-pipeline  time;

D rem D rem D rem . and D

phase.k ' Proute k + Penergy, « are residual temporal budgets;

hazard,
mkE(j) is the energy reserve; and Gks'g’H is the result of the signal-level hard

check. Components O, ( ) are used as physical constraints in P, and P,,, .
Raw quantities have a source index or physical unit and are introduced only into
) ,Yk ,OE"SS or |fp. The superscript 0 is used only for base evidence Z;,o that

has not yet been bound to a transition. After CDX , all probabilistic quantities must

have transition index ] . After P, ., they are stored within A, (]) . Symbol D

us’
denotes a time budget or deadline; T denotes realized or predicted time; P or S

denotes probability; U or U denotes standard uncertainty and G denotes a binary

non-compensatory condition.
5.2. Signal-Level Policy

The signal-level policy Py,
primary organization of events arriving from sensors, communication channels, the
HMI, the planner, watchdog mechanisms, system timers, and the safety monitor.

Anevent g . cE, isrepresented by the tuple:

is the first policy in the chain (1). It performs the

& =(id,,src,, ¢, cl;, fam, sem,,t*",T,™, D, payload, ) 8)

In (8), I is the event sequence number at the current step; idi is the unique
identifier; src; isthe source; ¢, eC is the channel; cl, e{hard, mission, soft, info}
is the temporal class; fam, is the ontology family; semiisthe functional semantics;

o is the arrival time; T is the primary service time; D, is the deadline measured
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from arrival; and payloadi is the minimum data payload required by subsequent

handlers. The class and family are distinct attributes: the former determines temporal
guarantees, whereas the latter determines the functional route.
For each event, a validated fact is formed:
foi= <ek,i lTk??euekaiiigvbSiisslbs,riopl Ht?,iim>r 9)
T ST T T,
Here, T,%***is the queueing time; T2 is the dispatching overhead; T,*? is the
total signal-processing time; B> =1 | T > D, |is the deadline-miss indicator;

f’riOp is the indicator of dropping due to overflow; and Hf’ii"t is the preliminary

routing hint. For hard events, H ,? " =H__._: operator events are directed to H o

safe ’

mission events are directed to H and all remaining events are passed to H

mis feat

The final handler is determined only in Pdel after the control mode has been selected.

The set F, ={ fk’i} is passed to @, to determine transition triggers and to P,

for final routing of each event. The vector “iig is passed to Pf its component

eat 1
Rks'g enters only the system-computational channel model as a descriptor of the

. ig,H .
input-stream state, whereas Gks'g’ is later transferred to the context Q.(j) and the

hard gate. No other policy recomputes these quantities.

5.3. Feature-Level Policy

The feature-level policy transforms validated events and asynchronous
measurements into channel evidence suitable for comparison within the active

mission transition. According to (1) and (3), Pf receives asynchronous

eat

observations Yk ={ch .C EC} and signal metrics ;9 from Section 5.2. Its
output is the base evidence z>° for the reference channel requirement; adaptation of

this evidence to a specific transition is performed only by CDX .

The probabilistic representation is used because the physical channel indicators
have different units of measurement. Their common event is satisfaction of the
transition requirement; therefore, the state of each channel is interpreted as the
conditional probability of successfully satisfying that requirement. Each channel
model predicts a binary success event on a calibration sample. Thus, the values s*°

share the same semantics — the estimated probability of satisfying the base channel
requirement —while retaining their provenance in the corresponding physical channel.
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For channel € €C, where C ={nav.vis,comm,op,sys.eng}, the
evidence is formed as

Z;0 = (s agu) o =i (10)

Here, the superscript 0 denotes the base requirement that has not yet been bound

to a transition; slf'o €[0,1] is the estimated probability of satisfying it; a’ €[0,1] is

the probability that the data are available and current; Ulf s the standard uncertainty

of the available support; and XE‘O is the available base channel support. The symbols

nav, vis, comm, op, sys, and eng denote the navigation, visual, communication,
operator, system-computational, and energy channels, respectively.

Foreach C € C , there is exactly one object Zlf 0 . It stores the base probability,
availability, standard uncertainty, and metadata of the physical features. The complete
set ZE ={Z,f’0} is passed directly to @,, .

5.4. Semantic Interpretation

The semantic interpreter @, receives the currentstate M, , validated facts F,
from Section 5.2, base evidence Z,? from Section 5.3, and direct mission

measurements Olin * . At this level, the transition index j is introduced for the first

time: the same base evidence may have different semantic suitability for a telemetry
update, an HMI confirmation, or a safety command. The candidate set is determined
solely by the graph structure and the observed triggers:

I ={j eT :sre(j) = v, atrig,(M,, R, O™) =1} (12)
Here, T is the set of graph transitions; v, is the current phase in M, src(j) is
the source phase of the transition; and trig, is the declarative trigger predicate.

Foreach j e ch""”d , the semantic interpreter forms the vector
% (5) = (% (D). h (D). n (), n (3), & () (12)
Here, X, (])is spatial-visual support; h, (])is operator-branch support;
N (J)is communication support; I, (])is system-computational support; and
e, (]) is energy support. The physical context (7) is formed in parallel. For each
je cha”d , the policy returns the pair <Xk(j),Qk(j)>. The collection Xk is passed

to P,

subsequently used by Pdel to evaluate event routes.

Jlfand and €, (]) are passed to P, ; relevant X, ( j)values are also

us ’
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5.5. Global Situational Aggregation Policy
The global situational aggregation policy Pfus produces, for each candidate

mission transition j eJ®9, an aggregate situational estimate i
transit jedzm te situational estimat (j) €[0,1]

representing the degree of situational support for that transition. A high value
indicates consistent support from the relevant components of the semantic state,
whereas a low value indicates that the current situation is poorly suited to executing
the transition. For the network component, the deadline associated with the transition
class is used:

D]_:O"”m E{Dsafe’ Dcmd ' Dtlm' Dhmi}' (13)
If the transition is associated with a safety message, D, is used; for control
commands, Dy s for telemetry exchange, D

tim

A transition receives high support when all relevant semantic components () have

and for operator confirmation, p, .

high values. Degradation of a single relevant component reduces the overall
situational estimate, which is consistent with supervisory-control logic: a physically
admissible transition must also have sufficient reactive, energy, network, or operator
support according to its type.

The situational estimate of mission transition for the nominal mode is defined by:

Z,(J')=mk(1')- AT} B =LA, 19)

U, (1) >0, vC™(j) > 0. AT™ (),
where GU is the global uncertainty threshold; Afafe, Afons, Afomp are the operators
for compensatory, non-compensatory, and conservative transition logic, respectively;
Cifonﬂm is the channel-conflict estimate; and OC is the channel-conflict threshold.

The resulting estimate is passed to the mission policy P, where it is used to rank

mis !
candidate transitions, assess the admissibility of the active transition, select a fallback
branch, and form the data required by the delegation policy Pdel .

5.6. Mission Policy

The mission policy P, receives M, , the candidate set Jlfand , and contexts

Q, () from @, , as well as the estimates A, () from P,

only compares the predicted success with the physical budgets and declarative
requirements of the graph. The policy output has the structure:

D;nis :<Mk+1"]:and"]kact’ J;, DSHS(J;)' kaiS' A<(J;)> (15)

Here, 32 ={j €J™™ :g,(j)=1; kais is the fallback transition, which is
formed only when no nominal admissible transition exists or when an explicit fallback

Accordingly, P,

us *
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condition is satisfied. The field A< (J;) is passed to P, without repeated fusion.

For each transition, the source, target phase, criticality class, priority, base horizon,
fallback, and list of relevant components are specified declaratively. Priority is a
scenario requirement used only to resolve conflicts among simultaneously admissible
transitions with the same reliability level.

5.7. Delegation Policy

The delegation policy Pdel receives the completed mission decision Dlims,
validated events F_, the semantic vector Xk(jk), the situational estimate

A< (jk) , and operator initiative |fp . It does not re-estimate the channels, modify
Z‘ , or open mission guard conditions. Its task is to compare modes according to the

success of routing precisely those events that are relevant to the already selected
transition. The result has the form:

DI = (0, 6™, Q™ QF Re 1 (G ) R 0™, ). (26)

Here, (, is the mode after switching-stability verification; qlzawis the
statistically best candidate before the residence-time check; Qfdm is the set of
physically admissible modes; QkR is the set of modes whose lower reactivity bound
satisfies the transition requirement; Rkevt is the final event-routing table;

di™ e{accept, defer, override, none} is the initiative decision; and d," is the

fallback decision. The HUMAN, SHARED1, SHARED2, SHARED3, AUTO, and
SAFE modes define rules for routing event classes to the operator, mission,

autonomous, or safety handler. For transition j , the set of structurally admissible

modes ka”(j)is determined by the presence of human and autonomous

components in its specification.

6. Experimental Configuration and Scenario Matrix

The experimental configuration is built around an external mission description.
The graph topology, geometric goals, temporal constraints, priorities, guards, and
fallback states are specified in JSON markup (Figure 1). The hybrid-control policies
receive the active state and candidate transitions. Hybrid management policies receive
an active state and candidate transitions after loading and structural validation. The
configuration contains 14 states and 23 explicitly declared transitions. The main route
covers the preflight check, takeoff, flight to the search area, search, target tracking,
return, landing, and the terminal LANDED state. Route Replanning, Search
Repositioning, and Target Reacquisition form local adaptation branches. Compact
Telemetry is a separate communication-adaptation state. Safe Loiter and Aborted
implement the safety branch of this configuration.
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Figure 1. Declarative graph of the multistage' mission: (a) main sequence and local adaptatibn
states; (b) cross-cutting communication, resource, and safety transitions.

The primary scenario set S_. ={S0,...,,S7} verifies nominal execution,

main

isolated degradations, and a mixed-initiative conflict. Aseparateset S_. ={V1V 2}

is used to validate safety transitions. The experimental scenarios are described in
Table 1.

Table 1
Scenarios of the multi-run simulation experiment for unmanned-mission execution
1D Scenario Graph aspect under test
SO qu!nal Reference execution of the nominal and optional branches
mission
S1 Communlcgtlon T13-T16/T22-T23 communication-adaptation branch
degradation
S2 Operator Shared-routing and global return rule T21
overload
S3 Computational System-risk branch T03-T04 and processing-time suitability
overload
Visual . . Lo
S4 - Search/tracking evidence and adaptive visual branches
occlusion
S5 Energy Energy evidence and resource return rule T21
constraint
S6 Mlxed—m{tlatlve Operator initiative within graph-constrained routing
conflict
S7 Compou'nd Joint channel degradation and fallback competition
degradation
Proximity
V1 hazard during Explicit safety transition T19 during the search segment
search
V2 /(-;cn_;ator fault Explicit safety transition T19 during return
uring return
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Ten runs with independent seeds were performed for each scenario. The base
simulation step is 0.5 s; however, execution terminates earlier upon reaching
LANDED or ABORTED, or upon reaching the 75-second mission limit. At every
step, the active state, selected transition, its criticality, Z Ry control mode,

fallback, channel estimates, events, physical progress, and safety indicators are
logged.

6. Experimental evaluation and performance assessment

The results are analyzed in three interrelated dimensions: mission completion,
activation of the declarative graph edges, and phase-dependent control-mode
selection. The nominal scenario, visual occlusion, energy constraint, and V2 ended in
landing in every run (Figure 2). The partial success of the other scenarios is explained
by reaching the time limit in Landing or Return. Final progress is therefore interpreted
together with terminal_phase: a value close to one is not treated as LANDED unless
the landing guard has been satisfied.

Mean reactivity decreases from 0.624 in SO to 0.512 in S7, while the fifth
percentile decreases from 0.345 to 0.133. This decrease does not automatically trigger
SAFE: the SAFE share is zero in S0-S7 because these scenarios contain no hard
safety trigger. Communication degradation and operator overload increase the share
of shared routing, whereas the nominal and system-computational scenarios are
executed predominantly in AUTO (Table 2).

|a) Nomrinal missian

REFLF e FRAH A Ty

completion

Mission-work

- i i £ 4l

ssion-work completion

— Ol g Path o Canfirmatier Tarking

Figure 2. Mission-conditioned execution dynamics: phases, physical progress components,
and control modes in the nominal (a) and compound (b) scenarios.

V1 triggered SAFE in nine of ten runs: one run did not reach the state in which the injection
was scheduled before the time limit expired. Recovery through T20 (safe_loiter — return_home)
was recorded in all nine episodes. V2 reached active RETURN in every run; therefore, T19 (*
— safe_loiter) and T20 were activated ten times. The entry latency in both scenarios equals one
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dispatcher step under the adopted discretization, and no safety-envelope violations were
recorded.

Table 2
Reactivity and Mode Shares by Scenario
Mean P05 Mean Swit
1D Ref Ref o) Shared Auto SAFE ches

SO 0,624 0,345 0,819 0,321 0,679 0,000 0,7
S1 0,583 0,269 0,813 0,510 0,490 0,000 0,7
S2 0,591 0,261 0,816 0,710 0,290 0,000 0,3
S3 0,536 0,155 0,798 0,320 0,680 0,000 0,7
sS4 0,579 0,253 0,813 0,612 0,388 0,000 04
S5 0,593 0,265 0,812 0,319 0,681 0,000 0,7
S6 0,588 0,207 0,815 0,612 0,388 0,000 04
S7 0,512 0,133 0,797 0,514 0,486 0,000 05
V1 0,594 0,251 0,810 0,493 0,471 0,035 2,2
V2 0,617 0,332 0,816 0,243 0,721 0,036 2,7
Panel (a) of Figure 3 shows that channel evidence retains local interpretability
for the principal isolated effects. Communication evidence decreases most strongly
in S1, operator evidence in S2, system-computational evidence in S3, and visual
evidence in S4. S7 simultaneously reduces the operator, communication, visual, and
system components, corresponding to compound degradation. At the same time, S5
does not produce a dominant reduction in energy evidence within the 75-second
horizon; the largest shift occurs in the operator channel. RQ1 is therefore only
partially supported, and the energy loop requires a longer or more targeted scenario.

ia) Channel-evidence change relative to S0 ib] Completed mission-work components
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Pun-level 3th percentile —#— Wean effective reactivicy
SIU Sll 5‘2 blj 5‘4 ‘J-S SIL'» 5‘7 'e'-l v'z
Figure 3. Cross-scenario evidence for multimodality (a), mission progress (b), and reactive
suitability (c).
Panel (b) of Figure 3, together with Figure 2, shows that the current graph state
determines the available outgoing transitions, while the selected transition determines
the relevant channel evidence and admissible event routes. Thus, mission context
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affects delegation before modes are compared. In all scenarios, the route component
and return are close to full completion, whereas confirmation and tracking are
substantially more sensitive to channel quality. The terminal state is considered
separately from integral progress: a progress value close to one does not replace the
fact that the transition to LANDED has been executed. Panel (c) of Figure 3 shows a
reduction in the reactive margin without conflating degradation with an emergency
mode. No hard-deadline misses, soft violations, or safety-envelope violations occur
throughout the series. SAFE is activated only in V1 and V2; the number of entries
equals the number of recoveries for the episodes that actually occurred. RQ3 is
therefore supported within the simulation setting.

Panel (a) of Figure 4 summarizes conflicting operator requests in S6 and S7. In
S6, 57 explicit decisions were recorded: 54 override and 3 defer; in S7, 13 decisions
were recorded: 12 override and 1 defer. The current stochastic series does not include
a separate compatible-initiative scenario; therefore, the absence of accept decisions
should not be interpreted as evidence that the corresponding branch is inoperative.
The experiment confirms filtering of conflicting initiative, but RQ4 is supported only
partially overall. Full validation requires an additional scenario in which the operator
request is structurally and statistically admissible.

{2l Cperatorinitiztve arkivaton 1B Switching freguency [ch Mede rasidencs tme

- i e 50 | brmsiete g o
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b
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Explicit decisions
Mean residence tirme, 5
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Gt Defar Override P oD DD - R I I - R

Figure 4. Operator-initiative arbitration and delegation stability: decisions, switching

frequency, and residence time.

Panels (b)—(c) of Figure 4 show that, in S0-S7, the mean number of switches is
0.3-0.7 per run and the mean dwell time is approximately 36-50 s. The number of
switches is naturally higher in V1 and V2 because each safety episode adds an entry
into SAFE and a recovery. Across all ten scenarios, the number of immediate reverse
switches and one-step mode segments is zero. Thus, statistical mode comparison and
residence time suppress oscillations without blocking meaningful safety transitions.
RQ5 is therefore experimentally supported.

7. Conclusions and Prospects

This article presents an integrated mission-oriented model of hybrid control for a
robotic system in which event-driven reactivity, multimodal channel evidence,
semantic state, the mission graph, operator initiative, safety constraints, and the
delegation policy are combined into a single sequence of formal policies. The
proposed model defines shared control through event routing among the signal,
feature, mission, operator, autonomous, and safety processing levels. Consequently,
the control mode is determined by the event class, active mission transition, time
budget, channel state, operator availability, reactive suitability, and mission-
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execution safety conditions. An additional element of novelty is the decomposition
of the robotic system's multimodal state into channel evidence containing a channel -
state estimate, data freshness, and evidence uncertainty. This representation preserves
the physical meaning of the navigation, visual, communication, operator, system-
computational, and energy channels and enables their subsequent semantic
interpretation in the context of the active mission phase. On this basis, the concept of
mode-dependent effective reactivity R_. (j,q,k)Iis introduced; it determines the

admissibility of a specific control mode for the active mission transition with
consideration of event deadlines, routing, operator or autonomous participation, and
safety/fallback logic. The proposed model provides a consistent basis for analyzing
mission progress, reactive admissibility, operator intervention, channel conflict, and
delegation stability under degradation of individual modalities.

Phase-level analysis confirms the central proposition: the significance of a
channel is determined by the transition context. Communication and operator
evidence are most critical for CONFIRM; visual evidence is most critical for
SEARCH and TRACK; system-computational availability contributes to all reactive
transitions; and energy evidence determines whether the plan continues or an energy
return is initiated. Consequently, the mode changes with mission semantics even
under a similar overall channel state.

Further work should include targeted scenarios, platform-in-the-loop and
hardware-in-the-loop  re-identification, —and  automatic  generation  of
SCXML/UPPAAL representations from the same mission description file.
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MOJEJI IBPUIASALII JTIOJJUHO-MAIIMHHOT O YIIPABJITHHSI
POBOTU30BAHUMU CUCTEMAMUA
Ph.D., Spminko A., Mapuenxo C.

Yepracokuii nayionanvhuii ynisepcumem imeni boedana Xmenvnuyvkozco, Yxpaina

Anomauia. Y cmammi npedcmagieno cmpykmypoeany MyJabmumMoOaibHy opicHmoeany na
BUKOHAHHS MICII MOOeNb  2iOpUOH020  KepyeanHs poOOMU308AHUMU — CUCIEMAMY, WO
@ynkyionyloms @ yMogax HenogHoi ingopmayii, IMIHHOI AKOCMI KaHANié 36 3Ky, 06MediceHb
peanvrozo uacy ma yuacmi onepamopa. Ha eiominy 6i0 mpaouyitinux memooié nocoHans
KoMano abo cmpameziil, ChilbHe KepyGamHs Op2aHi308aAHO WIIAXOM Mapuipymusayii
donycmumux nooiti Mixe MoOysmMu 06pobKu, wo 8i0nogioaroms 3a 0ii onepamopa, a6MOHOMHY
pobomy, euxonanus micii ma 6e3nexy. MynbmumoOarbHUll CMAH CUCMEMU OXONTIOE
Hagieayiunull, 6i3yanbHull, KOMYHIKAYIliHUL, ONepamopcoKul, CUCHEMHO-00YUCTIOBATbHULL Md
enepeemuynull kananu. Modenb 6yno nepegipeno 3 UKOPUCIAHHAM CUHMEMUYHUX OGHUX Y
cepedosuwyi iMimayitiHo2o MOOEN08ANHSA 3 OUCKDEMHUM YaCOM O OeKIAPAMUBHO BUSHAYEHOT
bazamoemannoi micii. Pe3ynomamu npoOemMoHCmpysanu 3a1eiCHICMb 3HA4YWoCcmi KaHalie 6i0
KOHMeKCMmy, KOpeKmui nepexoou Misic emanamu Micii ma pe3epeHumu pejicumamil, GiOXuneHHs
cynepeunueux iniyiamue onepamopa, a maKoxc cmadinvre 0ene2y8ants QYHKYIt MidiC pYYHUM,
CRIibHUM, AGMOHOMHUM MA OPIEHMOBAHUM HA OE3NEKY PEdHCUMAMU.

Kniwouosi cnosa. libpuone xepysannsa; podoomuszosaui cucmemu; epag micii; cnitbna
ABMOHOMHICMb,  Mapuwpymusayis nooil, MyIbMUMOOAibHe 31umms OaHux; e@ekmusHa
peaxmugHicmy; iniyiamuea onepamopa; pe3epeHull pexicum be3nexu
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Section 3 Digital platforms, security, and ICT infrastructure
YJ1K004.932:004.896
DOI

CUCTEMA 3D-KOMIT'FOTEPHOTI'O 30PY JJIs1 ABTOMATU30BAHOI'O
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Hayionanvnuii ynieepcumem «JIvgiecoka nonimexuixay, Yxpaiua,
JIvgiscorull HayioHanbHULL YHIgepCUmem 6emepuHapHoi MeOuyuHy ma
biomexnonoziii imeni C. 3. Iicuyvkoeo, Yrkpaina
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Anomauia. Y cmammi pospobneno ma oocnioxceno cucmemy 3D-komn'tomepnozo 30py
ona  niosuwenHs onepayininoi egrekmusnocmi ma MoOYHOCMI MAHINYAAYIU ABMOHOMHUX
npuOUPANLHUX POOOMOMEXHIYHUX KOMNIEKCIE nid uac 300py HecmpyKmypoGaHo20 CMimmsl
006inbHOI  popmu. 3anpononosano cumepeemuunui nioxio, sKuil ycyeac nompedy 6
PeCcypcoeMHuUX —MPUBUMIPHUX —HEUPOMEPedCcax 3a  PAXyHOK NOEOHAHHA UGUOKOOIIHO20
oonoemannozo  demexmopa  YOLOvS i3 memooamu  obuucmosanvbhoi  2eomempii.
Hetipomepedcegy moodens 0onasueno Ha cneyianizoeanomy nabopi oanux TACO ona nokanizayii
ma xkaacudikayii 6i0xo0ig y pexcumi peaibHo2o yacy Ha koripromy pacmpi. Ha ocnogi oanux
RGB-D-cencopa Intel Real Sense D435, sioginemposanux memodom mediaHHo20
abconomno20 GiOXUNEHHS, peanizoeano areopumm ckanysanns I pexema ona no6yodosu onyxioi
000710HKI Ma MemoO 00epmosux Kaninepie ons opmysanns MiHIMAIbHO20 OPIEHMOBAHO20
npamokymuuka. Lle 0oseonse Ooemepminosano obuucmosamu 3D-yenmpoio, ceomempuuui
eabapumu ma opienmayiro 20108Hoi oci 06'ckma. Cghopmosano mamemamuuny mooensb
pospaxynky 6-DoF nosu 3axonnenns Ty € SE(3) 3 ypaxysanmam KiHeMamuyHux i @izuunux

00MediceHb 3aXONeHHs MAHINYAamopa ma po3pooneno iHoeKc npiopumemnocni npudUpanis.
Ilpoepamny inmeepayito nepyenmueno2o Koueeepa 30ilicneno y cepedosuwyi ROS 2.
Excnepumenmansmi - 0ocnioxcenns niomeepounu  6UCOKY —eQeKmusHicms  po3pobieHo2o
pituenns: niocymKkoea oOvuCIIosalbna 3ampumMka cmanogumes 6ausbko ~50uc(= 20Iy), @
mounicmy maninyaayiti docseac 89,1% ycniwnux 3axonnenv. 3anponoHosanuii KOMHieKc
MIHIMIZYE KIbKICMb «IPOMAXiey i 20mosuil 00 8npO8aA0N*CEHHs 8 ABMOHOMHI MOOLIbHI po6OmuU -
npUOUPATLHUKU.

Kntwouosi cnosa:3D-komn'tomepruii 3ip, mauinyiayiine 3axonaenns, YOLOVS, memoo
obepmosux kaninepis, ckanysanus I pexema, 6-DoF nosa, ROS 2.

1 Beryn

B yMoBax cy4acHOro pO3BUTKY CYCIHiIBCTBA, CTPIMKOI ypOaHi3alii Ta 3p0cTaHHs
YHCENBPHOCTI HACENCHHS NPOOJIEeMH HAKOMUYCHHS Ta e()EeKTUBHOTO YIPaBIiHHS
BiX0JaMH HaOyBalOTh KPUTHYHOTO 3Ha4YeHHs. Tpamuuiiini miaxomu mo 300py Ta
COPTYBaHHS CMITTSI, 1110 0a3yIOThCS HA PYUHiH mpalli, € He Juie Hee(eKTUBHIMH Ta
MMOBUIFHIMH, aj€ W CTAHOBJATH CYTT€BI PU3WKHU U 3J0POB’S POOITHHKIB depes
KOHTAKT i3 TOKCHYHMMH a00 HeOe3neunnmu pedosrnamu [4, 10].

BrpoBa/pkeHHS aBTOHOMHHX — POOOTOTEXHIYHHMX KOMIUICKCIB Y  cdepy
00CIIyroByBaHHs Ta NPUOHMPaHHS € TEPCICKTHBHAM NIIIXOM BUPIIICHHS IT€l
npobnemu [3]. IIpote oHA 3 OCHOBHHUX TEXHOJOTIYHHX MEPEIIKO/ Ha IHOMY IIIAXY

202


mailto:Nataliya.i.boyko@gmail.com

INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

— BIZICYTHICTB ¥ POOOTIB 3aTHOCTI €()eKTUBHO B3aEMOAISTH 3 HECTPYKTYPOBAHUMHU
Ta JOBUIBHUMH 32 (hOPMOIO 00'eKTaMH. BiNbIIICTh Cy4acHNX CHCTEM KOMITIOTEPHOTO
30py 3JaTHi YCIIIIHO BUWSABIATH O0'€KTH Ha IUIOCKUX 2D-300pakeHHAX 3a
JIOIIOMOT010 00MEKYBaJIBHUX paMoK — bounding boxes, aje I[boro He0CTaTHBO IS
(i3MYHOTO MAaHIIyJTIOBaHHSA: pPOOOT TOBHHEH 3HaTW TouHi 3D-koopanHaTH,
IIPOCTOPOBY OpieHTalio Ta Pi3mdHi Mexi 00'ekTa ISl HAIHHOTO 3aXOIUICHHS.

Came TOMy pO3poOKa I1HTEIpOBaHUX AaJITOPUTMIB, SKi TMOEIHYIOTH TITHOOKE
HAaBYAHHS JUIA JIETEKIil CMITTA 13 TIPOCTOpoBHM 3D-MOJETIOBaHHAM Ta
00UHCITIOBAIEHOIO T€OMETPi€r0 It BUOOPY TOYHOI TOUKH MifgHoMy, € HaJ3BUYaiHO
aKTyalbHUM 3aBJaHHAM HAa CTHKY pOOOTOTEXHIKH, KOMITIOTEPHOIO 30py Ta
LITYYHOT'O 1HTEJIEKTY.

HaykoBa HOBH3Ha OJICpKAHUX PE3YJIBTATIB MOJIATAE Y CTBOPEHHI KOHICTITYAIBHO
HOBOT'O IHTETPOBAHOTO MMiJXOAy O aBTOMATH30BAHOTO BH3HAYEHHS IPOCTOPOBOrO
TIOJIOXKEHHS! Ta TOYOK 3aXOINICHHS HECTPYKTYPOBAHHUX 00'€KTIB JOBUIBHOT hopmu. Y
po6oTi Briepiie 3amporOHOBAHO CHHEPTETHYHY MOJIENb, SIKa TO€IHYE MOXKIHBOCTI
rmbokoro HaB4aHHs Heripomepexi YOLOVS s mBuakoi aetekuil i kiacudikarii
CMITTS 3 aIrOpUTMaMH OOYHCIIIOBAIBEHOI T'EOMETpii, 30KpeMa aJTrOpUTMOM
00epTOBHUX KaJllepiB Ta CKaHyBaHHAM [ pexema Uit (OpPMyBaHHS MiHIMAIBHOTO
OXOILTIOIOYOr0 MPSIMOKYTHHKA.

[paxkTHyHa LIHHICTH AOCIIUKEHHS MOJISTa€e y CTBOPEHHI T'OTOBOTO MPOrPaMHO-
AJITOPUTMIYHOTO KOMIUIEKCY, OPIEHTOBAHOIO Ha Oe3Nocepe/iHE BIPOBADKCHHA Yy
POOOTOTEXHIUHI CHCTEMH aBTOHOMHOIO NpUOWpaHHS Uil pPoOOTH B 3aKPHTHUX
MPUMILICHHSX 1 HA BIJKPUTUX TEPUTOPISX.

3anpornoHoBaHe PillIeHHs PO3B'sA3y€e KPUTHYHY NPoOIeMy HeeeKTUBHUX CIIpod
3aXOIUICHHS Ta «[IPOMaXxiB) MaHiIyJIATOpa i 4ac 300py CMITTS 33 paXyHOK TOYHOTO
PO3paxyHKy KOOPJMHATHOTO LEHTPY MixiioMy, ajanroBaHoro ming —¢isuuHi
MOXITUBOCTI pOOOYOro Oprany.

BpaxoByloun akTyanbpHICTh NpOOJeMH, I NPaKTHYHY CIPSIMOBAHICTh Ta
HEOOXITHICTh peaji3alii OKpecieHoi HayKoBOi HOBU3HM, METOIO IOCIHIKEHHS €
IiJBUILIEHHs orepaniiHoi epeKTHBHOCTI Ta TOYHOCTI MaHIMyJSILid aBTOHOMHHX
MpUOUPATBHUX POOOTOTEXHIYHUX KOMILICKCIB IUISIXOM PO3POOKH Ta BIPOBAHKSHHS
IHTErPOBAHOr0 aArOPUTMIYHOIO MiAXOMY, KU moenHye MoxiuBocTi YOLOVS ta
METO/iB OOYUCIIOBAJIBbHOI I'eOMETpil A TOYHOro BH3HAYeHHS 3D-koopauHaT,
MIPOCTOPOBOT Opi€HTALIT Ta ONTUMAIIBHOT TOYKH IMiHOMY HECTPYKTYPOBAHOTO CMITTS
noBUTBEHOT (hopmu. Jliist TOCSTHEHHS MOCTAaBICHOI METH IMepen0aveHo IOCIiIOoBHE
BUPIIIEHHS HU3KU B3aEMOTIOB'SI3aHUX HAYKOBO-TIPUKJIATHUX 3aBJIaHb.

Hacammepen 30iliCHIOETbCS MOTTHONCHUH aHAaMi3 iICHYIOUUX MiJXOMIB y ramy3i
KOMITIOTEPHOTr0 30py, 3D-MopenioBaHHS Ta OOYMUCIIOBAIBLHOI TeoMeTpii Uit
BUSIBIICHHSI HAWOLTBII eeKTUBHUX METO/IB PO3IMi3HABAHHS i 3aXOIUICHHS 00'€KTIB
JOBLTBEHOT (hOpMHU.

Ha nactynHOMy erari ()OpMYETBCSI Ta TOTYEThCS CIEIiaTi30BaHIi HA0ip TaHUX
moOyTOBOTO ¥ MPOMHUCIIOBOTO CMITTS, HEOOXiTHHUN IS MOJANBIIOTO HABYAHHS Ta
onruMizanii HefipomepexeBoi mMogemi YOLOVS, mo Mae 3a0e3neunTd BHUCOKY
TOYHICTh ICTEKTYBaHHS 1 Ki1acu]ikalii BIAXOAIB y PeXKHUMI PeaIbHOTO Jacy.

VY CBOW uepry, KIIOYOBHM TEOPETHUKO-AJITOPUTMIYHUM 3aBJIAHHSM BHCTYIIA€
po3poOKa CHHEPTETHYHOTO METOAY OOYHCIIOBATBHOI T€OMETpii, KM Ha OCHOBL
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naHnx RGB-D ceHcopa, anroputMy ckaHyBaHHS ['pexeMa Ta METORy OOEpTOBHX
KaJinepiB 37iHcHIOE TOOYJOBY MiHIMAJIBGHOTO 3aXOIUIIOI0OYOr0 IPSMOKYTHHKA UL
00YHCIICHHS TEOMETPUYHOTO [ICHTPY 1 POCTOPOBOI opieHTaIlii 00'exTa. [lapanensHo
(bopMyeThCsl METOAMKA BH3HAUCHHs TOYHHMX 3D-KOOpAMHAT TOYKH IMiiiomy,
azanToBaHa /O KiHEMaTHYHUX 1 (I3MYHUX OOMEXEeHb MaHIIyJsITopa podoTa.
3aBepmansHuil OJIOK 3aBIaHb Iepenbadae MpOrpamMHy IHTETpaIiio po3pobIeHoro
KOMIUIEKCY B CHCTEMY KepyBaHHS POOOTOTEXHIYHOK MIAT(OPMOIO Ta IPOBEACHHS
cepii eKCepUMEHTAIbHUX JOCHIKEHb JUIS OLIHKH TOYHOCTI PO3PaxyHKY TOYOK
migidoMy, MiHIMI3amil KiJBKOCTI «IIpoOMaxiB» 1 TiITBEPUKEHHS MPAKTHIHOL
e(heKTUBHOCTI 3aIPOTIOHOBAHOTO PIllICHHS.

2 Oras HAsIBHUX aHAJIOTIB Ta aHAJI3 CYYACHOTO CTAHY AOCJi/KeHb

ABTOMaTH3aIlis IPOIIECIB MOHITOPHHTY, AETEKIi Ta 300py TBEpIHX MOOYTOBHX i
BUPOOHMYMX BIXOIB 32 JIOTIOMOTOI0 aBTOHOMHHX POOOTOTEXHIYHUX KOMIUIEKCIB €
KPUTHYHO BXJIMBHM 3aBIAHHAM CYYaCHOrO MICBKOTO TOCIOAApCTBA Ta
npomucnoBocti [1, 2]. BrpoBamkeHHs iHTEIEKTyaJlbHUX MOOUIBHHX CHCTEM
JI03BOJISIE HE JIMILE 3HU3UTH 4acTKy HeOe3neyHoi pydHoOI mpaii Ta MiHIMi3yBaTH
OioNIOriuHi PHM3WKK I HEpPCOHalTy, a ¥ CyTTEBO MiABUIIMTH OIEPATHBHICTh
MPHOUPaHHS HECTPYKTYPOBAHUX IPUMILICHB 1 BIAKPUTHX TepuTopiii [3, 4, 5].

EdexTuBHicTh (QyHKIIOHYBaHHS aBTOHOMHOIO po0oTa-30Mpaya BU3HAYAETHCS
SIKICTIO pOOOTH 0r0 MepIeNTUBHOT ITiiIccTeMH (KOMOIHALT CEHCOPIB Ta arOPUTMIB
KOMIT'FOTEPHOT0 30pY), @ TAKOX TOYHOCTI Opi€HTYBaHHA 3aXOIUICHHS MaHiIyJIsaTopa
BiZTHOCHO 3HaleHNX 00'€KTiB.

IpoBenenuii cucTeMaTHYHUN OIJIAA HAYKOBO-TEXHIUHOI JITEpaTypu I03BOJIMB
PO3IUIUTH HasBHI pIICHHS 3a TEXHIYHMM IHCTpyMeHTapieM Ta ()yHKI[IOHaTbHHM
MPU3HAYCHHSIM Ha TPHU KJIIOUOBI KaTeropii:

1. Mo6inbHi poGOTOTEXHIYHI CHCTeMH NPUOHPaHHs Ta HaBiraiii: aBropu [2, 3,
4, 6, 7] BUCBITIIOIOTh CTBOPEHHS aBTOHOMHHX IuIaThopM (30KkpeMa Ha 0asi
¢peiimBopky ROS Tta pimens AloT) mis Jokamsamii CMITTS y 3aKpUTHX
MPUMIILICHHSAX, HA ra30HaX 4M OUIs KOHTEHHEPHHX MalJaH4YMKiB. 3aCTOCYBaHHS
pexoHpirypoBanux po6otis, Hanpuknaa, hTetro [6] 3a0e3neuye BUCOKY 3aXOILICHHS
TEPUTOPIl, POTE NUTAHHSA TOYHOTO PO3PAXyHKY IIPOCTOPOBOI MO3M 3aXOIUIeHH: (6-
DoF) B 6i1b1110CTi 1IHX POOIT 3aTUIIIAETHCS 1032 YBAroro.

2. Heitpomepexesi meroqu 2D-zmerekuii Ta kinacudikamii BigxodiB: B podorax
[4, 8, 11, 12] po3rasiHyTO 3acTOCYBaHHS 3rOpPTKOBHX HelipoHHHX Mepex (Faster R-
CNN, VGG-16, SSD, YOLOV4/YOLOvVA4-Tiny) mist izentudikarii THIIB CMITTS.
BinbmricTs i3 HUX 00MEXKY€EThesl TTOOYI0BOIO IBOBUMIPHHX OOMEXYBaJbHHX PAMOK
(2D Bounding Boxes), 1110 Ja€ MOXJIHBICTh BHSBUTH HasIBHICTh 00'€KTa B KaJIpi, aje
He 3abe3neuye NOCcTaTHBOI iHPOpMAIIT ISl OpiEHTALl MEXaHIYHOTO 3aXOILUICHHS B
3D-npocropi.

3. AnropurMu OOpOOKM CEHCOPHHX JaHMX Ta MepIeniii CepeIoBHUIna:
nocmimkenns [13, 14] mpucesdeni oOpoOIli JaHUX YACOBUX DSAMAIB HAa KpalHiX
npuctposix (Edge Computing) Ta KIaCMYHMM TE€OMETPUYHHMM ajrOpUTMaM
BusiBIICHHS nepenikox Ha ocHOBI 2D LiDAR (DBSCAN, DFS). Bonu 3a6e3nedyrors
Oe3rmeky mepeMilieHHs po0oTa, MPOTe He BUPIIIYIOTH 3aBHaHHS 3D-mpodinroBaHHs
00'exTiB HOBUIBHOI (hopMu. CHCTEMAaTH30BaHI Pe3yIbTaTH MOPIBHSUIBHOTO aHAMI3y
HasIBHUX aHAJIOriB HaBeaeHo B Taoum. 1.
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the Grass [10]

Ta6mums 1.
Orursizt Ta NOPIBHSUIBHUM aHANI3 iCHYIOUHX aHAJOTiB
TexHiunmit
Ne Has3Ba gocaigsxeHHs iHCTpyMeHTapiii LinsoBe 3aB1aHHsA
(cencopmn)
IA vision-based robotic grasping system JleTexitisi Ta COPTYBaHHS
1 |using deep learning for garbage sorting | RPN, VGG-16 twmitTst 1715t poGOTOTEXHIUHOTO
[4] 3aXOILICHHS
A Review of Trash Collecting and Sconus CucTeMaTHYHUN OIS
2 Cleaning Robots [5] Pus, AQBTOHOMHHX POGOTIB JUIst
GoogleScholar .
300py Ta NpUOHpPaHHS CMITTSI
Optimal selective floor cleaning using BusHaueHHs ONTUMATIBHUX
3 deep learning algorithms and CCTV, SORT, SSD|30n npubupasHs Ta JeTEKIList
reconfigurable robot hTetro [6] BisxoziB po6orom hTetro
Design and Implementation of an ABToMaTH3ALIS 360Dy CMITTS
Artificial Intelligence of Things-Based HsanL py
4 . ROS, AloT 3 KOHTEHHEPiB MOOITBHIM
Autonomous Mobile Robot System for 060TOM
Cleaning Garbage [7] P
OATCR: O_utdoor Autonc_)mous.Trash- YOLOVA-Tiny, Po3pobka ABTOHOMHOTO
5 Collecting Robot Design Using Mask R-CNN pob6ota st 300py CMITTS y
YOLOV4-Tiny [8] BiIKpHTOMY CepeIoBHUI
Autonomous Trash Collector Based on CtBOpeHHs MamorabapuTHOTrO
- . ) ROS, RNN,
6 | Object Detection Using Deep Neural BTOHOMHOTO po6oTa-36upayda
YOLOv4 .
Network [9] CMITTSt
Deep Learning Based Robot for UleTekiis cMiTTS Ta HaBiramis
7 |Automatically Picking Up Garbage on ROS, DeepLearning| po6ora Ha TpaB'sHHCTOMY

TTOKPUTTI

Cascaded Machine-Learning Technique

Kackanna knacudikanis

LiDAR Data [14]

8 for Debris Classification in Floor- | CNN, SVM, SSD | BiaxoxiB miaaoru Ta ominka
Cleaning Robot Application [11] MOJKJIHBOCTI MiAHOMY
Deep Learning Based Pavement Jerekuis nedexris
9 | Inspection Using Self-Reconfigurable | DCNN, MMS JIOPOYKHBOTO MOKPUTTSI TA
Robot [12] BiIX0/iB
IA cascade ensemble-learning model for BitHostens Brpatenx [oT-
the deployment at the edge: case on | Edgecomputing, A TP .
10 o X TaHMX, JETEKIisA aHOMAJIii Ta
missing loT data recovery in SVR . .
. L 3MEHILICHHS PO3MIPHOCTI
environmental monitoring systems [13]
An Obstacle—Fln_dlng Approac_h for 2D LIDAR, DFS, [leTeKIist mepemKo, Ha OCHOBI
11 |Autonomous Mobile Robots Using 2D DBSCAN JMHIAPHUX JAHAX [UTS

MOOiTBHUX pOOOTIB

Ta 0OMEXKEHHS ICHYIOUHX PIllIeHb:

AHaii3 HaBeJIeHHUX JuKepen [6-16] 103Bonse BUALTUTH TaKi KPUTHYHI HEJOTIKH

— O6uncIIOBaANBHIN [HcOaaHC Ta 3aTPUMKa iH(PEPEHCY: 3aCTOCYBaHHS BaXKHX

nsoerarmuux Mojeneit (VGG-16 [4], Mask R-CNN [8]) a60 004YHCITFOBAIBHO MiCTKHX
3D-3ropTKOBUX MEpek BHUMAra€ 3HAYHHX OOYHCIIOBAIBHUX pECypciB, IO €
MpoOJIeMaTHYHUM Uil OOPTOBUX KOHTPOJIEPiB POOOTIB 1 MPH3BOAUTH J0 BUCOKUX

(>100mc)

3aTPHUMOK .

— BigcyTHICTP TOYHOTO pPO3paxyHKy MO3u 3axomuieHHs (6-DoF): binpmicts

aHanoriB [6, 9, 11] obOmexyroThes 2D-nokamizamiero. [Ipu poboti 3 06'ekTamu
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JIOBLIBHOI Ta HECTPYKTYpOBaHOI (hOpMH I1e CIPHUHHSE 3HAUHY KUTBKICTh «IIPOMAaxiB»
MaHIIyJIATOpa Yepe3 BiACYTHICTh JAHHX MPO OPIEHTAII0 TOJOBHHUX OCeH cHMeETpil
o0'exTa.

—HepmocratHst CTIHKICTB 10 3aIyMJICHHUX JaHUX KapT rimbuan: IIpsma o6poOka
3D-xmap To4oK 6e3 nonepeaHbol BUCOKOMBHAKICHOT 2D-(hinbrparnii € Bpa3nBoo 10
apredakTis 3unTyBanHs RGB-D cencopis.

OTXe, iCHy€E 4iTKa IOTpeda B po3po0ili TiOpUIHOI0 METOTY, IKHI OU ITOEHYBaB
MBHUIKOAIIO cydacHHX 2D-nmerektopiB Takux sik YOLOvVS i3 maremMatudHO
e(hEeKTUBHUMHU TiIX0/1aMH 00UUCITIOBAITLHOT TeoMeTpii. Lle 103BouTh 31iiicHIOBaTH
JIeTepMIHOBaHHUH po3paxyHOK 3D-IieHTpoina Ta BEKTOpIB OpieHTAlii 3aXOIUICHHS

Tgrasp c SE(3) 0e3 BUKOPHCTaHHS BaXXKHX 3D-HelipoMepeik, 3a0e3Medyoud BUCOKY

TOYHICTH Ta pOOOTY MEPLENTHBHOIO KOHBEEPA B PEXKUMI PEaIbHOTO Yacy.

3 Orusig MeToAiB KOMI'IOTEPHOrO 30py AJIsi BHAABJICHHS Ta Kjaacupikamii
cMiTTH

3.1 Meroan 2D-aereknii Ta knacudikauii Binxoais (Kaacuuni CV-meroan
vs CNN: Faster R-CNN, YOLOV5)

Jns po3B'si3aHHs 3a7a4i Jokamizamii Ta Kiacugikamii BiIXOIiB Yy HU(GPOBOMY
BiZICONIOTOLI B Cy4acHii Teopii KOMI'IOTEPHOIO 30pYy 3aCTOCOBYIOThH JIBi OCHOBHI
mapajurMy: KJIacH4Hi aHAJITH4HI MeTOAu OOpOOKH 300pa)keHb Ta 3TOPTKOBI
Heiiponni mepexi (CNN) [10, 13]. TpaguuiiiHi HiIXOAM KOMITIOTEPHOTO 30pY
0a3yroThCs Ha PyYHOMY KOHCTpYIOBaHHI o3HaK (feature engineering). CermeHranis
3a KOJBOPOM pealli3yeThcsl LUIAXOM IepeBeneHHs BXinHoro RGB-300pakeHHs B
konipuy wmozens HSV (Hue, Saturation, Value) Ta moporooi ¢inpTpanii y
BH3Ha4YeHoMY nianasoHi (1) [2, 5]:

Ibin(x,y):{l akujo H(X,y) € Hmin,HrmX]/\S(X,y)OE[Smin,SrnaX] /\V(X,y)e[\/min,VmaX], (1)
Jnst BUIINICHHST KOHTYPIB O0'€KTIB BHKOPUCTOBYETHCS T'PAJiEHTHHH OIEpaTop

Kenni (Canny edge detector). Bennunna ‘v| (x, y)‘ Ta opientanis ¢(X,y) rpaiiesra

IHTEHCHBHOCTI OOYHCITFOIOTHCS Yepe3 YaCTKOBI MoxXiHi mo ocsix [2, 3, 9]:

V1(x, y)| = /G2 +GZ,a(x, y) = arctan[%J ’ @)

e G =K, *I, G, =K, *| —3roprka 300pakerns | 3 smpamu Cobernst va Ky .

BuisieHHsT KITFOYOBHX TOYOK Ta OIHC TEKCTYpP PEai3yeThes Yepe3 po3paxyHOK
neckpunropie SIFT, SURF a6o ORB. [ns nmeckpumropa SIFT oGumciioerses
ricrorpama opi€HTarii rpaaieHTIB Y OKOJIi JIOKATLHOTO eKCTpeMyMy GYHKIIIT pi3HHULI
raycianiB DoG(x, y, o) = L(X, ¥, ko) — L(X, y, &) » CTBOpIotoun 128-BuMipHuii BeKTop

neckpuntopa O € R'®. Iopimsnms 00'ekTiB 3mifiCHIOEThCH uepe3 0GUHCICHHS

€BKJILOBOI BijCTaHI Hdl —d.,||.. TonoBHIMHU HenOMIKaMU TPAAUIIHHIX METOMIB €

ol
BHCOKA YyTJIMBICTH JI0 3MiH OCBITJICHHS, TEKCTYpH MiACTIIBLHOI MOBEPXHi, OKIIO3ii
(occlusions) Ta HeniHiliHuX Aedopmaliiit 06'exTiB (3iM'siTa GaHKa, pBAHUIA MATp), IO
pobute X HempuAATHUMH s OOpOOKHM  HECTPYKTYpOBAaHOTO  CMITTS.
AnprepHaTHBOIO € Meroau rimOokoro HauaHHs (Deep Learning), me nmerekmist
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pO3IIISLIAEThCS K 3a/la4a MAaTeMaTHYHOTO BiJOOpaKeHHS f,R™WS 0, He
o:{( B,.C,. pk)}K — MHOXWHA 3HaiJleHnX 00'€KTiB, a () — BEKTOp MapameTpiB
k=1

3ropTkoBoi HelipoHHOi Mepexi [8]. J[Boeramui nerexropu (Two-stage detectors,
Hanpukian Faster R-CNN) po3ninsioTs 3aqady Ha TeHEpaIlilo PEeTioHIB iHTepecy
(Region Proposal Network, RPN) Ta ix momanpmry kiacudikamito 3 perpeciero
kxoopauHat. RPN minimizye beHKIIiIO Brpar (3) [3, 10]:

Leon (P} )= ZLC.S(D., P )+/1—Z Lot (3)

r

nie P; — HMOBIPHICTb HAsBHOCTI 06'€KTa B | -My aHKOpI, pi - icTnHHa MiTKa, t; Ta
ti* - BEKTOPH MapaMeTPHU30BaHWX KOOPIWHAT OOMEXYBAIBHOI paMKH, L, ~
cls
norapuMidHi BTpaTH Kiacudikamii, a | — 3riaJpkeHa L, -BTpara (Smooth |-1)
reg

ITompy BHCOKY TOYHICTB, BUCOKA OOYHCIIOBATIbHA CKIAIHICTh ABOCTAIIHUX CHCTEM
obMexye gactoty 00pobku kazapis (< 10 FPS), mo € HenpuitHATHIM 17151 GOPTOBUX
CHCTEM Po0OTa B PEIKNMI PEaNbHOro vacy.

Opnoetarsi gerektopu (Retina Net, cepist YOLO) BUKOHYIOT AETEKIIIIO 32 OTUH
TIPOXiJ MEepexi, po30MBarO4M BXiJHUH KaJp Ha ciTKy Sx S . Apxitekrypa YOLOVS
€ HaiOinb e)eKTHBHOIO A MOOUIBHUX POOOTOTEXHIYHHX IUIAT(GOPM 3aBISIKU
ONTUMAIBHOMY CITiBBiIHOIIIEHHIO TOYHOCTI Ta 00YHCIIIOBAIbHUX BUTPAT.

B ocnoBi YOLOVS nexurh perpeciss mapamerpiB 0OMeXyBalbHOI pPaMKH
BiJTHOCHO 3yMOBJICHHX aHKOPiB (anchor boxes). [lependaueni ueHrp (bx,by)’ HIMpUHA

b, TaBucoTa b, Bounding Box o6uucarorothes 32 hopmynamu (4) [S]:
b, =20(t,)-05+c,:b, =20(t,)-05+c, b, = p,(20(t,))*:b, = p,(20(t,))*+ (4

e i) = 1 - curmoigHa QyHKILS, (Cx,Cy) — KOOPJMHATH BEPXHBOTO JIIBOTO
1+e™

KyTa KOMIPKH CiTKH, p . p, - HOY4aTKOBi PO3MipH aHKOpa, a tx,ty,twlt - BUXIiIHI

3HAYEHHSI Bi/IIOBIJHOrO [IAPHIPHOTO APy HEHpOMEpexi.
Hapuannst YOLOVS 3ailCHIOETCS HUTIXOM MiHiMi3ali KoMOiHOBaHOT (QYyHKINT
BTpar L, ., IO CKIANAETHCA 3 TPOX KOMIOHEHTIB (5) [4]:

I-‘(OLO = ﬂ'hox I‘CIoU + ﬂ’ L + lcls I‘cls (5)
KommonenTta perpecii pamok 633yeTbc;1 Ha werpumi Complete

YOL!

LCIOU
Intersection over Union (CloU), sika BpaxoBye IUIOIIy MEPEKPUTTS, BIICTAHb MiX
LIEHTPaMH Ta CITiBBiJHOLICHHs cTopiH (6) [7]:
2 gt
lfmuzl—IOU-+£Lgi942+aV’ ®)

e ‘BmBg‘ - eBKJIJIOBA BiJCTaHb MiX IEHTpaMH mnepenbadeHoi b a

loU = \BuBﬂ

eranonsoi b9 pamok, C — jiarosans HaiiMEHIIOro NPAMOKYTHHKA, IIO OXOILIIOE
o0unBi paMku. Barosuit koedillieHT ¢ Ta mapamMeTp y3TODKEHOCTI MPOHOPIIH v
BH3Ha4aroThCA 5K (7) [5]:

207



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

a=— v 4 arctanw—g!—arctanﬂ K @
1-1loU)+v 7’ ho h

Brpatu 06'exTnBHOCTI Loy T knacuikanii | po3paxoByrOTbCs 3a LOHNOMOIOH0

6inapHoi kpoc-enrporii (BCE Loss) (8) [6]:
Loce (¥, 9)=—-[yloga(9) + (L~ y)logl~ o (9))]- ®)
Bucoka mBunkicts iHdpepency YOLOvS (> 30 FPS na 6oprosux GPU) Ta
miarpuMka onruMizamii  depe3 ¢opmatum TensorRT, ONNX, Open VINO
JI03BOJISIFOTH BUKOHYBATH HEHPOMEPEKEeBHUiT aHaITi3 y pesKuMi peabHoro vacy. IIpore
KITIOUOBOIO TIPOOJIEMOIO 3aJIUINAETHCS CTAaTHCTUYHHUK 3cyB maHmXx (domain shift):
CTaHIApTHI HA0OpH JaHWX XapaKTepU3YIOThCSA  PO3MOALIOM  MPaBHIBHHUX,

HeljeanizoBaHuX 00'€KTIB Peoco (X)) SKHH CYTTEBO BIAPI3HAETHCS B PO3IOIITY

peainbHO nepopmoBanmx Ta 3a0pyaHenux Bigxomis P (X). Lle poOuth kpurHaHO

HeoOXimHMM 30ip, PO3MITKY Ta aJamlTaimilo CIemiali3oBaHOro Habopy JaHHX
MOOYTOBOTO i MPOMUCIIOBOTO CMITTSI.

3.2 Metoau 3D-Bu3HAYEeHHSA MO3UILIHA AJI51 3aXO0NJICHHS

IMicna ycmimHoro BukoHaHHs 2D-nokamizamii Ta kiacudikauii o0'ekta 3a
JIOTIOMOTOK0 HeHpoMepeki BHHHKA€e 3aada BH3HAYCHHSA HOro mpoctopoBux 3D-
KOOpJIMHAT Ta ONTUMAaJIbHOI no3u 3axorvieHHs (Grasp Pose) mist pobouoro oprany
MaHimynsaTopa. HasiBHI y HayKOBO-TeXHIUHIH TiTepaTypi MiAX0IH 10 PO3B'I3aHHS i€l
3ama4i momisiiothess Ha end-t0-end HelipomepexkeBi cHCTeMH Ta KOMOIHOBaHI
reOMETPHYHO-eBPUCTHYHI anroputmu. [linxoam nepiuoi karteropii, 3okpema Grasp
Net ta Dex-Net, onepyioTs 6e3mocepeIHb0 TPHBUMIpHOIO XMapoto Touok P e RN
mo renepyerbes RGB-D cencopom. 3amaua 3BOAUTBCS 10 MakcuMizarii (yHKil
ouinku Axocti 3axomnenns Q(P, g) (9) [2]:

9" =argmaxQ(P,g)’ (9)
Ae mapaMmeTp 3axoIuleHHd g =(R,t,w) MICTUTh MaTPHLIO MOBOPOTY R e SO(@3)

BEKTOp TpaHCILil t € R® Ta BeNMYUHY PO3KPUTTS IyOOK 3aXBaTy W .
Ipouec ormiHku nepeadayae 3aCTOCYBAHHS TPUBUMIPHHUX 3rOPTKOBHX MEPEk
(PointNet++, EdgeConv) asist po3paxyHKy XapakTepucTHK KoxHoi Touku (10) [6]:

hi*! = max h,, (hi‘" Jh) — hi"’)' (10)

jeN()
me N(i) - k -Haiibmmkunx Cycinis Touku P, a hy — HenmiHifiHa anpokcnmaniiza
GbyHKIs HeHpoMepexi.
OcnoBuumu Hepodikamu End-to-End HefipomMepesxeBHX MMiIXOIIB €:

1. Bucoka 0GUHCITIOBANIBHA CKJIATHICTh anropuTMis BuGipku K -Hai6mmxaix
cycizis (0(Nlog)) @60 O(N?), 1o 3yMOBIIOE TpHBaHIi Jac inepency t,, >100uc .
2. Tlorpeba y MinbiioHHNX HAbOpax AaHHX i3 po3Miuenumu 3D-rpacamu.

3. Huseka criiikicts g0 apredaxTiB KapTu TiauOWHM (BiACYTHICTH MaHHX Ha

MPO30PHX IUIACTUKOBHX IUIAIIKAX Y A3CPKAJbHUX MOBEPXHIX CHPUYUHSE PO3PUB
XMapH TOYOK Ta XHOHY TCHEPAIiIO 1103 3aXOIUICHHS).
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AJNBTepHATHBHUM T2 OOYUCITIOBAILHO €)EKTUBHUM ITiJIXOJIOM € TIOeTHaHHS 2D-
nokamizamii Heripomepexkero YOLOVS 13 reoMeTpruyHHM aHali30M BiJMOBITHOTO
perioHy KapTu MNIMOWHK. J1J11 KOXKHOTO BUSIBIICHOTO 2D-TpaHUYHOTO MPSIMOKYTHHKA
B, MHOXHHA BHYTPIIIHIX MiKCeNiB (u,v)e B, HPOEKTYETbCS Yy HPOCTIP KaMepH

(X,.Y,,Z,) 3 BUKOPHCTaHHIM MarpuLi BHyTpiluHiX napamerpis kamepu K (11) [7, 9]:

Z(U;CX ,
X, u x
Y, =z -k v |= z(”;cy) (11)
y
Z, 1 >

me f, fy - (hokycHi BizcTaHi, (Cxlcy) — KOOPJIMHATH TOJIOBHOT TOYKH ONITUYHOI OCi,
a Z =D(u,v) —3HayeHHs TTIMOMHY Y BiATIOBITHOMY ITIKCEJIi.

Jns ycyHeHHS BUKH[IIB (IIyMiB CEHCOpa, BHMIpIB M/UIOTH Ta OKJIO3ii)
3aCTOCOBYEThCS pobacTHHI MeTox (ijbTpalii Ha OCHOBI MeJiaHHOI0 aOCOIOTHOIO
1 M
BinxunenHs (MAD). 3 nepBHHHOrO MacuBy TIJIMOWH Do ={Z, 1Y, (dopmyeTbest

BiiIbTpOBaHa MHOXHHA D (12) [3]:

‘Zi _mEd(Draw)‘ y
Dfill = Zi <€ Draw T < kmad (12)
Ie  MAD = medQZi _ med(Draw)D’ a k=25 — mapaMeTpnuHuil KoediuieHT

¢unpTpanii. [lincymkoBa oIiHKa BiICTaHi 0 LEHTPoiaa 00'eKTa PO3pPaxoBYEThCS SIK
pobacTHa MemiaHa: 7 — med (D, ) - A1 BU3HAYCHHS ¢izuuHMX Mex 00'ekta Ha 2D-
c 1

M

pactpi OeperbCs MHOXKMHA TOYOK KOHTYPY C:{(um,vm )}m:l.

Touka P, 3

HaMEHIIOI KOOPIMHATOI \ OOUpAaeThCs SIK II0YaTKoBa. YCi iHIII TOYKH
COPTYIOTBCS 32 MOJMIPHUM KYTOM BiftHOCHO p . Ilo6ynosa omykmoi oGononku H

3MIMCHIOETHCST IUTSIXOM MOCIIIOBHOTO aHANI3y IPEIUKaTy MOBOPOTY (BEKTOPHOIO
ROOYTKY) JUlsl TPHOX NOCIAOBHUX TOYOK P, P,, P, (13) [3, 6]:

D(pp P, ps) = (uz _ul)(v3 _Vl)_(vz _Vl)(u3 _ul) <0 (13)
Skwo  D(p,, p,, p;) <0 (moBOPOT mpaBopyd abo KONIHEApHICTh), TOUKa
D(p,, p,, p,) BWIYIA€ETHCS 3i CTEKY BEPLIMH OIYKIIO] OGOIOHKH SIK HEYTBOPIOro4a. Ha

OCHOBI BepIIMH OMyKI0i O0ONOHKH H IIyKaeThcs MiHIMATbHHN OpiEHTOBAHHIA
oxorutiorounii mpsMokyTHUK (OBB). Jli1s KoskHOTo pebpa OmyKIoro 6araToKyTHHKA
3 KYTOM Haxuily ¢, BHKOHYETHCS MOBOPOT CHCTEMH KoopauHar (14) [6, 9]:

u, | [cosg sing Tu,]. 1
v, | |-sing, cosé | v, (14)
[Tnoma npsiMOKyTHHKA SIK QYHKIIS KyTa TOBOPOTY & 004HCITIOEThCS K (15):

A)= (mgx(u'm )- min (ur, )) (msx(vm )- min (v, )) (15)
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OnTuManbHUH KyT OpieHTaIlli rojoBHOI oci 00'ekTa @™ Ta Horo 2D-meHTpoin

(uC , Vc) BH3HAYAIOTHCS 3 yMOBH MiHiMizanii mromi (16) [3, 6]:

, . min(u’)+ max(u’
9 =argmﬁm A(gi)’ %
i V=R .|, .
(Ueve)=R,, mm(v )+ max(v) (16)
2

OTpuMaHi BOBUMIpHI ITapaMeTpH (u o VC) Ta BiA(QUIBTpOBaHA TIHOMHA ZC

IPOEKTYKOTbCS Y TPUBUMIPHUH TPOCTip 6a30B0i cHCTeMU KOOpAMHAT poboTa P

depe3 o/IHOpiTHy MaTpuIio Tpanchopmanii kamepu T 2" < SE(3) (17) [3, 9]:

base

Zc U —Cy
fx
cam VC _Cy
Pbase :Tbase ZC fi (17)
y
Zc
1

OpienTaris Kyta y, Ui TyOOK MaHiIymisTopa OGYHMCIIIOETECS SIK CyMa KyTa
grasp
. see . . U * .
opieHTauii rosoBHOI 0¢i 06'ekTa @ Ta MPOCTOPOBOTO KyTa HAXUILY KaMepH @ !

l//grasp = 0* + q)cam ' (18)

TakuM YMHOM, I€OMETPUYHO-CBPUCTHYHHI MiAXiJ 3MEHILYE OOYHCIIOBAIbHY
CKJIQJIHICTh Bij O(N 2) (y Bumazkax 3D-HeiipoMepex) 10 O(M logM ), e M -

KUIbKicTh TOUOK 2D-KOHTYpY, 110 3a0e3Ieuye BUKOHAHHS PO3PaXyHKIiB MEHIII HiXk 3a
5mc. Tloemnanus mBuakomiroyoro 2D-nerekropa YOLOVS 3 maremaTHdHUM
amapatoM CckaHyBaHHi [pexema Ta 00epTOBHX KauinepiB 3abesmneuye
JIeTepPMiHOBAHICTh, BUCOKY TOUHICTH JoKauisaii (Accuracy > 92%) Ta criiikicrs

IO 3aIIyMIICHHS KAapTH TJIMOMHH, pOOJISIYM 1€ pILICHHS ONTHMAIBHUM JUIS
aBTOHOMHHUX POOOTIB MPUOUPATTbHHUKIB.

4 MatemaTu4yHa ¢opmMaizanisi Ta IOCTAHOBKA 3a1a4i

Qdopmarizaiiss OPOLEAypHd BHSBICHHA Ta BH3HAYCHHS TOYOK MiAHOMY
HECTPYKTYPOBAHOTO CMITTSl BUMAarae CTpOroro MaTeMaTH4HOIO OIUCY NEPEXOLy Bif
MEePLENTUBHUX JaHUX CEHCOPIB 10 KePYIOUUX MapaMeTpiB MaHIMmy i iHOro opraHy
B TPUBUMipHOMY TpocTopi. JIjisi bOTO iHTErpOBaHa CUCTEMa KOMIT'FOTEPHOTO 30py
PO3MIIAZAETHCS SIK TOCIIJOBHICTh MPOCTOPOBO-TEOMETPUYHHMX Ta CTATUCTHYHHX
MepeTBOPEHb: BiJl JBOBUMIPHHX MATPHI(h KOJIPHOrO Ta TIIMOMHHOTO 300pajkeHb
4yepe3 po3mi3HaBaHHA 00 €KTa ¥ OOYHCIEHHS HOro OpiEHTOBAHOTO KOHTYDY IO
po3paxyHKy migacymMkoBoi 3D-mo3utlii Ta opieHraii B 6a30Biif cHCTeMi KOOpIAWHAT
pobora. Maremarn4Ha NOCTaHOBKA 3a]1a4i BCTAHOBIIIOE ()OPMAIBbHUH B3a€MO3B'I30K
MK ontHyHMMH mapamerpamu RGB-D  kamepu, HWMOBIpHICHUMH OLiHKaMHU

HelipomepexeBoineteknii YOLOVS, reoMeTprdaHIME anropuTMaMi 0OpOOKH TOYOK

Ta KiHEMAaTHYHUMH OOMEKEHHSIMH aBTOHOMHOro pobora. Hexaii |. . € RHW3

Kkosipe 306paxenns (RGB), orpumane 3 kamepn, a D e R™" - Bignosizua xapra
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rnubunan (Depth), ie H ta W - BucoTa Ta mmpuHa kaapy B mikcensx. BHyTpimsi
mapamerprt RGB-D ceHcopa 3aatorbest Marpuieio kamepn K (19):

f, 0 ¢,
K=[0 f, c (19)
00 1

me: f, fy - dokycHi Bincrani ysmosx oceit X Ta Y ; (Cx,cy) - KOOpJWHATH

ONTHYHOrO IEHTPY Ha Marpuii. I[IpocropoBa TpaHChoOpMAaIlss MK CHCTEMOIO
KOOpJMHAT Kamepu [ __ Ta 0a30BOK0 CHCTEMOK KOOpIMHAT poboTa F,

cam
OIIMCYETHCST MATPHULICIO OJTHOPITHOTO TIEPETBOPEHHS Toase = SE(3) (20):

R t
cam __
Tbase _|:OT 1 ' (20)
ne: R e SO(3) - marpuus mosopoty 3x 3; te R? - BexTOp 3CYBY.

Buxopsun 3 Bu3HaueHoi Qopmaiizamii BXiZHOTO CEHCOPHOIO IOTOKY Ta
MIPOCTOPOBHX 3B’SA3KIB Mi)K CHCTEMaMH KOOP/IMHAT, NIPOLeaypa OOYHUCIEHHS LIbOBOT
nmo3unii Ta opieHTalii o00’ekTa peamizyerbcs 4Yepe3 KOHBEEP IMOCIiJOBHUX
MaTeMaTU4YHUX HepeTBopeHb. Lleit mporec 3abesnedye moeranHy TpaHchopMallito

JaHUX — BiJ BUAUICHHS siKicHMX 2D-03HaK Ha KOJIipHOMY pactpi OO MoOynOBH
pobactHoi 3D-Moeni 3aX0MICHHS B POCTOPI SE(3) - 1 CTPYKTYpy€ThbCs 32 TAKUMH

ase

OCHOBHHMH €TaraMu:
1. Jlerexuis Ta nokainizauis Ha 2D-306paxenHi (YOLOVS):

3agaHo oneparop AETeKIil f,0L0 > TAPAMETPH30BAHHII BArOBUMH koedirieHTamMu

® . Y pesynbTaTi 00pOOKH | ., OTPUMYETHCS MHOXKHHA BUSIBICHUX 00'ekTiB O :

RGB
K

O= fYOLO(I RGB '®)= {(Ck' Py By )}k:l’ (21)

ne s K -ro o6'exra: Cy - posmiznanuii Kiac cMitTs; p, € [0,1] - WMOBIpHICTb

(confidence score) netexuii; B, = (umin +Virin 1 U s U ) - IBOBUMipHa 0OMEXyBaJlbHa

pamka.
M

1 .
3a1aeThCsl MHOXKHHA TOYOK KOHTYpPY 00'€KTa B Me)ax B,: C, = {(um WV, )}mzl.

2. O6uucoBanbHO-TeoMeTpuuHuil anaiis (2D). s ¢popMyBaHHs Opi€HTOBaAHOT
MeXi 00'€KTa 3aCTOCOBYIOTHCS IBOCTAITHI T€OMETPUYHI ePETBOPEHHSI:

— IloGynoBa omykinoi obononku (CkxanyBaHHs ['pexema): omykiia 00OJOHKa

H, BusHauaeThes sk MiHiMaTBHUI OTyK/IHiT GaraTOKyTHHK, 110 MiCTHTB YCi TOUKH

C, (22

M
H, :ConvexHuII(Ck):{z/lm D, (22)
m=1

M
2,202, =1p, eCk}'
m=1
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— 3HaxoMKEeHHs MIHIMAJbHOTO 3aXOIUTIOIOYOTO TNPSMOKYTHHKA: IIIYKAETHCS
IPAMOKYTHHK R, KAl MiHIMi3y€ IUIOILY 32 yMOBH IIOKPHTTS OIYKIOi 0GONIOHKH

H, (3):

R¢ =arg min Area(R) (23)

[apameTpu3oBaHuii Pe3yIbTaT Po3paxyHKy R, = (u Ve, Wy, hyy ,9*) BU3HAYAE
JIBOBHMIPHUH LIEHTP (uc,vc), WHPHHY W, , JOBKHHY h2 ¢ Ta KyT opienTanii g”

TOJIOBHOI OCi 00'€KTa Ha TUIOMINHI KaJpy.
3. IIpoekuist y 3D-mipocTip kamepH Ta mepeTBOpeHHs B 0a3y pobora:
— Binreopenns 3D-roukn B F_ , /e 3HAYCHHS IIHGHHA Z  PO3PAXOBYETECS SIK

MemiaHa (abo pobactHe cepenHe) BiAQiIIBTpPOBaHMX TOYOK Kapth D 'y okomi
Q(u,,v, ) (24):

Zc = med(u,v)e(!(uC ,vC)DfiIt (U'V)' (24)

IpocToposi koopaunatu P, :(Xc:Ychc)T y cHCTeMi KOOpIHMHAT KaMepu

BiJTHOBJIFOIOTBCS 32 TOBHOEKPAHHOIO MOAEILTIO (25):

Xc
Poam = Yc :Zc'Kil Ve |= Zc : ! (25)
Zc

1. Tpaucdopmanis B CuCTEMy KOOpAMHAT poGoTa |, _ ! BEKTOP MO3MLII

BH3HAYAETHCA K (26):

P.=R-P,_ -+t (26)

base cam

oMy Ppase

. . . e *
2. OpieHranist 3aXOIUICHHS, € KYT OpieHTalii ¢ mnepepaxoByeTbCs y KyTu
. . . 3 L
Eilinepa a0o KBaTepHIOH Opi€HTAaLi Ugrasp €S” 7V Y3TO/DKEHHST TO3/IOBXKHEBOT 0C

MEXaHIYHOr0 MaHIMyJsIiTopa 3  OPIEHTALIEI0 MIHIMAJIBHOTO — 3aXOILTIOIOYOTO
NPSAMOKYTHHKA R

Cunre3 po3msiHYTHX eramiB nerekuii, 2D-reomerpuynoro anamizy ta 3D-
MPOCTOPOBOTO NEPETBOPSHHS JIO3BOJISIE 3BECTH 3a/a4y BH3HAYCHHS ONTHMAIBHUX
mapameTpiB migiioMy g0 QopMmanbHOI 3amadi  yMoBHOI omrumizarii.  Jlmst
3a0e3neueHHs] MaKCUMAaIbHOT HAJIHHOCTI MAaHIMyISIIii Ta YHUKHEHHS MPOMaxiB
MiJICYMKOBUI CTaH 3aXOIUICHHS BH3HAYA€THCS IUIIXOM MAaKCHMI3allii KpHUTepiro
YCHIMIHOCTI 3 ypaxyBaHHAM (i3WYHHX 1 KiHEMATHYHHX OOMEXKEHb CHCTEMHU.
[TykaeTbCst ONTHMANBHIIT CTaH 3aXOMICHHS ¢ = (pb*as e Oy Worasy ), KU MaKCUMIi3ye

WMOBIpHICTB YCHILTHOTO MiAKOMY Ta MiHIMI3y€ MPOCTOPOBY MOXHUOKY (27):

g* =arg rgix J grasp (g ) =arg n;ggx(pk : exp(— 7” Prase — Ptarget i » (27)
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HpaKTI/I'lHe 00YHUCIIEHHS! ONTHUMAJILHOIO CTaHy 3aXOIUICHHSA g* 3,11iI>iCHIO€TI>C}I B

Mexax  (I3MYHUX, KIHEMaTHYHHX Ta CEHCOPHUX OOMEXKEHb  PeabHOI
poboTOTeXHIUHOI 1atdopmu. [1Jis rapaHTyBaHHS O€3MEKH, pealrizariii MaHimy sl
Ta poOACTHOCTI aITOPUTMY IO BXIJHUX JaHWX Ha BEKTOP IMYKAHUX IapaMeTpiB
HAKJIAJIA€ThCs TaKa CUCTEMA TPAHUYHUX YMOB (28):
Py chonf,(ymoea 6neeHeHocni Hellpmtepe.m)
Poase ewmanip,(zeo,wempuw-fa ma  Kinemamuyma ()OCﬂJICHiCmb)l
Wiin SWaq pys SW"BX,(()ﬁMecheHH}l Ha  posmax 3ax0nfl€HH}i) (28)

Zoin SZ.SZ o ,(eaﬂidnicmb oaHux amﬁunu)

— R® - ximeMaTH4HO JOCSIKHA poOoUa OONACTh MAHIMYIATOPa; T

AW, conf

manip

mopir BreBHeHOCTi aerekTopa YOLOVS; [Wmin ,Wm] - KOHCTPYKTHBHI MeXi
BIZIKpUTTS T'yOOK 3axBaTy poOoTa; [Zminlzm] - Jiama3oH JOCTOBIDHMX BUMIpiB

ITMOMHHOTO ceHcopa. TakuM dYMHOM, C(HOpMYJIbOBaHa MaTeMaTH4HAa MOJENb
3abe3rnedye HacKpi3Hy (opmatizaliiro Iporecy BiJ MEPBHHHOIO HEHPOMEPEKEBOTO
po3mi3HaBaHHA 00'€KTiB 10 0OUMCIEHHS TXHIX TOUHUX 3D-napamMerpiB 3aXOIUICHHS.
[Noemnanus HMoBipHICHHX OHiHOK JerekTopa YOLOVS, MetoniB o0umCITIOBaIbHOL
reoMeTpii Ta MPOCTOPOBHX MEPETBOPEHb y SE(3) AO03BOIAE YCYHYTH OOMEXKEHHS

CTaHIAPTHUX IUIOcKUX 2D-3axommoBanbHUX pamok. [ToOynoBaHa uinboBa (QyHKIiA
y KOMIUIEKCI i3 CHCTEMOIO TPaHWYHHX OOMEKEHb TapaHTye IeTepMiHOBAHICTB,
pOOAacCTHICTh Ta KiHEeMaTHYHY peasli30BaHICTh PO3PaXOBAaHHX MO3UIIIN 3aXOIUICHHS B
YMOBax HECTPYKTYPOBaHOTo cepefoBuina. Lle cTBOproe cTporuil MareMaTHYHHI
0asuc 1 MoJaibIIol po3poOKH MPOrpaMHO-aJITOPUTMIYHOTO KOMILIEKCY Ta HOro
MPaKTHYHOI peaii3awil Ha MOOUIbHIH pOOOTOTEXHIUHIH IIATPOPMI.

5 ApxitekTypa po3podJienoi cucremu 3D-komn'I0TEpHOTO 30py

OyHKUIOHYBaHHS aBTOHOMHOTO po0oTa NpHOMpalbHUKAa B 3aKPUTHUX Ta
BIIKPUTHUX HECTPYKTYPOBAaHUX CEPEIOBUILAX BHUMarae moOyIOBH HaIiiHOTO
MePLENTUBHOrO0 KOHBeepa. Y NaHiil poOOoTi 3alpONOHOBAHO CHHEPIETUYHY CXEMY,
sika 00'€/IHy€e aKTHBHE CTEPEOCKOIIYHE 3UUTYyBaHHs KapTH rOHHU ceHcopom Intel
Real Sense D435, BHCOKOLIBUAKICHY HEHPOMEPEKEBY ACTEKI[iI0 00'€KTIB Ha OCHOBI
YOLOVS5 Ta 06uHCIoBaIbHO-T€OMETPUYHHI aHAJI3 METOIOM 00EPTOBHX KaNilepiB
st popmyBanust 3D-moerneit 3aXOTUIeHHSL.

5.1 CencopHa aganrauisi Ta NpOCTOPOBAa CHHXPOHi3allisi

ArnapatHuM 0a3ucOM CHCTeMH Tepienii Buctynae komnaktia RGB-D kamepa
Intel Real Sense D435 (rabGaputhi po3mipm 90x25x 25MM), IO JO3BOJSE
inTerpyBaru il Oe3mocepefHbO Ha MaHIMYISAIIWHUNA OopraH ab0 KOHCTPYKTHBHHI
kopryc pobora. Pobouwmii miamazon cencopa cranoButh Big 0.3 mo 3.0 M, a
MaKcHMaJbHa PO3[iJibHA 3IATHICTH KapTorpadyBaHHs riuOunu csirae 1280x 720
MKCEeB, 1[0 € KPUTUYHHUM JUTS PO3Mi3HABaHHs APiOHKUX eneMeHTiB eMitTs [12].

dopMyBaHHS TPUBUMIPHOI XMapH TOYOK 0a3yeThcs Ha MOBHOEKPAHHIN Mozerni
kamepu. [ KOXKHOTO TiKCeIs (u,v) 13 KapTH TTUOWHH D(u,v) BIIITOB1 AHUI

BEKTOp KoopauHar P

4epes MaTpUII0 BHyTpimHix napamerpis K (29) [12, 14]:

= (Xc Y2, )T Y JIOKQJIbHIH CHCTEM1 KaMepH O0UUCITIOETHCS
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u-c,
fy
v-c,
f
D(u,v)y

D(u,v)

=|D(u,v) (29)

cam

,r < C

XC
P.n=| Y. |=D(u,v)-K™*
ZC

ze f, fy - (hokycHI BiZicTaHl KaMepH; (cxycy) - KOOpAUHATU ONTUYHOIO LIEHTPY Ha

MaTpui. AmapatHe cymimeHHs (alignment) marpuii rmouan 3 RGB-kagpom
ycyBa€e HPOCTOPOBHH Tapaiakc, 3a0e3Nedyroun TOYHE HAKIAJaHHA IBOBHUMIPHHX
CErMEHTOBAHUX PaMOK BiJl HefipomMepeski Ha TPUBUMIPHUH TPodiib ITOBEPXHI.

5.2 O6uucmoBaNIBLHO-TeOMeTpUYHEe NPOQiTIOBaHHS MeT0I0M 06epTOBHX
Kajinepis

Otpumani Bin YOLOVS 1BOBHMIpHI NPSIMOKYTHHKH (BoundingBo() HE
BPaxOBYIOTb pealbHy IIPOCTOPOBY OpI€HTAIlI0 Ta KyT Haxwiy BigxomiB. [l
Mepexoly BiJ JBOBHMIPHOI paMKH JAETEKLil 10 TPUBUMIPHOTO OpiEHTOBAHOTO
napanenerninena (Oriented Bounding Box, OBB), mo omucye peansHy Gopmy Ta
00'eM CMITTSl, 3aCTOCOBYETHCS IBOPSKUMHHI I'€OMETPHUYHHI aHANi3 XMapH TOUOK
[5]. MonentoBaHHs 30iHCHIOETBCS Y TP MOCIIIOBHI eTaIy:

1. Jluckperuzauis IpocTOpy MO BUCOTI:

Macus 3D-To40k P, , po3TalioBanuii y Mekax BUABICHOTO PETiOHY JETEKLl,

PpO30HBaEThCS B3IOBK BEPTUKAIBHOI Oci Z Ha JeKijbKa mapiB. BucoTa KoXHOro

mapy Az ginnosinae pobouiit BucoTti rpinepa h a KUIBKICTh IapiB N

gripper ’ layers

BU3HaYaeThes sk (31):
Zmax - Zmin .
Az= hgripper ' Nlayers = |: Az j| (31)

2. 2D-npodimoBaHHS METOZIOM 00EPTOBUX KalilepiBs:
JIis KOXKHOrO BHCOTHOTO ILIapy BCi TOYKH MPOSKTYIOTHCS HA HOro HIDKHIO
. M
ILIONIMHY, YTBOPIOIOYH JBOBMMIDHY MHOXKHHY TOYOK P,y = {(um,vm )}m—l' IMomryk
MPAMOKYTHUKA MiHIMAIbHOT ot R, 10 OMHUCYE 10 MHOXKHHY, PEATI3y€EThCS 3a
MeTO/I0M 00epToBHX Kaiinepis (32):

R"=arg min Area(R(0))" (32)
IMocniqoBHICTh BUKOHAHHS alTOPUTMY BKIIFOYA€ TaKi KPOKU:

— ITobynoBa omyksioi o6ononku (Convex Hull), e as1st BXigHOI MHOXHUHU TOUOK
P, Oyayersca mHalimenmmit omykmuii GararoxytHuk H . 3acTocoByeThcs

anroput™ ckanyBaHHs ['pexema (Graham Scan) i3 4aCOBOIO CKJIaJTHICTIO O(M logM )

, ¢ M - kinbkicTh TOYOK y 1mapI.

— BcTaHOBIIOIOTHCS [IBI TIapH MapaielbHUX OMOPHHUX MPSAMHX (KaJirepiB), IO
YTBOPIOIOTH MPSIMOKYTHHH KOHTYp JOBKOJIa OMyKJIOro OaraTokyTtHuka H. Basosa
CTOPOHA OJTHOTO 3 KaJIMEPiB CyMIlIA€ThCs 3 HAMJOBIIAM PeOpOM OIyKII01 000TOHKH,
a CyMiKHI IpAMi BHPiBHIOIOTBCS Tl KYTOM 90 - (77/2) pan.
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— Po3paxyHok mo4aTkoBoi mioii obuncioerses 32 A=1-w, ne | - nosxuna, a
W - IMpHHA, YTBOPEHI IIOTOYHUM HOJIOKEHHSIM KaliNepiB.

— Itepaniiine oOepTaHHs Ta MiHIMI3allis MPOBOJUTECS TaKUM YHHOM: KaJlrepu
IIOCIIiIOBHO 00€PTAIOThCS 32 TOAMHHUKOBOIO CTPLIKOIO B3JIOBXK BEPIIHMH OIYKJIOTO
OaratokyTHrKa. Ha koxkHOMY | -My KpOIli 06epTaHHs, 1 epepaxoByIOThHCS TOTOYHI
KOOPAMHATH BEPIINH NPSIMOKYTHHKA, OOYUCIIOETHCS NOTOYHA IUlowa A, . SIkuwio

A <A, TO B3HAYCHH] MiHIMATBHOI IUIONII Ta BIJMOBIHA KOHQIryparrs
oHoBIEOROTECS (33) [5, 7]:

Aw =A.R"=R(@)- (33)

[Ipomec obGepTaHHST MPOAOBKYETHCS IO MPOXODKEHHS KYTOBOTO Iialla3oHy B

90 (7[ / 2) pan. Ha ocHoBi kiHueBoro xyra oGepraHHs @ Ta ONOPHHX TOYOK

KaslinepiB BU3HAYAIOThCSA KOOPAUHATH 2D-11eHTpoina NpsAMOKyTHHKA (U ve ), fioro
UIMPUHA W, , JOBXKHHA |, TaKyT OpieHTamii & .

5.3 Anropurm npiopute3anii Ta ¢iznunoi B3aemonii
Hns onmruMizanii niif poGoTa B yMOBaxX CKYMUYEHHsS BIJXOIIB BBOJHUTHCS
(i)

prio s | -ro BUSBJICHOTO

iHTerpanbHUii 1HIEKC NPIOPUTETHOCTI 3axoIuieHHs |

o0'exta (34):

I(I) =a-D.+0- +v-R"
prio = - Py ﬂvi+g 7R (34)

Ze: p, - AMOBIpHicTb netekuii o0'ekta Heiipomepesxero YOLOVS; v =Wy, -y hy, -
1
po3paxoBanmii 06'eM IPAMOKYTHOro mapaneneninesa; R, - ominka reomerpuyHOi

JOCSIKHOCTI TOYKH MAHIIyJIATOPOM; & - Maje HO3UTHBHE YHUCIIO Uil YHHKHEHHS
JUJICHHS HA HYJIb ¢, /3, - HOPMyBAJIbHI Barosi KoeillieHTH (o + g+ 5 =1) [10].

Jana maremarn4na (opmanizalist JO3BOJISIE MEPIIOYEPrOBO NPHOUPATH 00'€KTH
3 HAWMEHIIUM TabapuTHUM O00'€éMOM Ta HAWBHILOK TOYHICTIO PO3IMi3HABAHHS,
MIHIMI3yIOYH PHU3MK 3CYBY CYCIZHIX €JIEMEHTIB CMITTA MiJ 4ac pyXy poOoHoro
oprany. [arerpauis nanunx Intel Real Sense D435, netipomeperxxi YOLOVS ta Metoy
00epTOBHX KalilepiB CTBOPIOE pobacTHE, 00UUCITIOBAIBHO e()eKTUBHE PILLICHHS AJIs
ABTOHOMHOT'O MAaHIITyJIIOBaHHS BiIXOJJaMH CKJIAJHOTO IPOQIITIO.

6 JocaimxkeHHss Ta OGIPYHTYBAHHsSI aJTOPUTMiYHO-NMPOrPaMHHUX 3acoliB
JeTeKuii Ta Jokamizauii cMiTTs

Jns HaBYaHHS MOJENI KOMI'IOTEPHOrO 30py BHKOPUCTAHO CHELliaji30BaHHA
Bigkpuruit natacer TACO [15], po3poGennit 1t BUpillIeHHs 3a/1a4 CErMEeHTAIlil Ta
JIETEeKIIii BiIXOIiB y HECTPYKTOBAHUX CEPEIOBHUILAX.

BXiJJHUMU JaHUMH IS €BPUCTHYHOTO JITOPUTMY PO3PAaXyHKY TOUKH IiJHOMY €
JIBOBUMIPHUI OOMEXYBAJIbHUNA MPSIMOKYTHHK, 3T€HEPOBAHHN HEHPOMEPEKEI0, Ta
CHHXpOHi30BaHa kapTa rubuHu Big RGB-D cencopa Intel Real Sense D435 (Puc. 1).
Ha puc. 1 (a) noka3aHo niceBaokonsopoBy kapty raubunu (Depth Map), otpumany 3
akTHBHOro crepeo ceHcopa Intel Real Sense. I'pamientHuii mepexis KOIbOpiB Bif
CHUHBO-3ENICHOTO JI0 YKOBTO-OPAaH)KEBOTO BiJOOpaka€ MPOCTOPOBY BiATAJICHICTH
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TOYOK BiJ ONTHYHOIO LEHTPY KaMepH, A€ CHHIil KOJyip BiAMOBiZae OMIDKIUM
o0'exTam, a opamkeBHd — BijadeHUM. YOpHI AUISHKH 3 HYJILOBUMH 3HAYCHHSIMH
BIJIMOBIZIAFOTh 30HI OKJIO3il — TIHAM TIOHOMHM a00 TOBEPXHAM 3 BHCOKUM
Koe(iI[ieHTOM TTOTIMHAHHS B3EPKaJIbHOTO BiIOUTTS [U-BHIpOMiHIOBaHHS.

Ha puc. 1 (6) HaBexeHO MiACYMKOBHIA pe3yibTaT HelpoMepeskeBoro iHdepeHcy
YOLOVS5 nHa BxigHomy RGB-kanpi, ne i BUSBICHOTO 3iM’ATOrO apKylia Tarnepy
YM IUIACTHKY BUJUICHO JIOKaJIi30BaHy 00iacTh. EBpuCTHYHHIT anropuTM BUpi3ae i3
3arainbHOi Kapty rnubuan D e nokanbHuil dparMeHt D, — D, AKHiH CIporo

OOMeKeHHIT KOOPANHATAMH PO3PAaXOBaHOI HeMPOMEPExKEro IPIMOKYTHOL paMku B,

. Ile cyTTeBO 3MeHIIye 00CAT OOYHCITIOBAHHMX TOYOK Ta yCyBa€ BIUTUB IIYyMY (hOHY.

PesyneraroM 0OpoOKH € TPUBHMIpHA 1032 3aXOILICHHS T € 35(3), sKa 3a]1a€

i3oMeTpHu4HE iepeTBopeHHs (35):
R P

T _ grasp grasp

[N

—
—~
w
a1
~

a)
Pucynok 1.a) Bizyanizauis rmubunnoro 300paxenns Intel Real Sense; 6) Pesynbrar
BM3HAUYCHHS CMITTA Helipomepexero YOLOVS

. PR T
[Jana matpurt Bu3Hauae sk 3D-1no3utito ToukH mjaiomy Pgrasp = (XC Yo, 2, )

, TaK i opieHranito kytiB Eitnepa (¢,0,y/) JULsi GE3MEeYHOr0 HAOIIDKEHHS KIISITHEH
MaHimynaropa. YacoBa ckiiajiicTh MeTody obeproBux Kaninepis cranosuts O(h),
e h - KiJbKICTh BEpUIMH OMYyKJIOi 000JOHKH (h <M ), mo 3abe3nedye BUCOKY

004YHMCITIOBAIbHY LIBUAKICTD Y pexuMi peanbHoro yacy. Leit meron € edekTuBHUM
JUTSL TIOIIYKY HAMBY>KYOTO 3aXOIUTIOIOUOro MPSIMOKYTHHKA U1 HA00Opy TOUOK y 2D-
mnpoctopi (Puc. 2).

PucyHok 2. [Ipukiiaa opieHTOBaHOTO 3aXOILTIOYOT0 NpsiMokyTHHKA (OBB), modynoBanoro
METOJIOM 00EpTOBHUX KaJiNepiB MOBEPX OIMYyKJIOT 000IOHKH
Ha puc. 2 300pakeHo pe3yapTat poOOTH ABOBUMIPHOTO aIrOPUTMY KOHTYPHOTO
aHami3y, e CHHI TOYKU — JBOBUMIpPHA OPTOTOHAJBHA MPOEKIIis AUCKPETH30BAHOTO
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MacHUBY TOYOK BiJIXOJIiB Ha IUIONIUHY, YOPHUI KOHTYp — omykia o6onoHka (Convex
Hull H), mo6ymoBaHa anroputMoM ckaHyBaHHs [ pexema, siKa MOBHICTIO OXOIUTIOE
KpaifHi TOYKOBi opieHTHpU. YepBOHUI IPSIMOKYTHHK — OPi€HTOBAHHI IIPSIMOKY THHK
. . .. . * kv
MiHiMaibHOI o R, o6uwcienuii 3a JOMOMOro0 anroputMy 00epTOBHX
kaninepis. Haxuin npsAMoKyTHHKa BifoOpakae roJI0BHY Bich CUMETpil 00'eKTa Ta KyT
* . o . . .
nosopory @ , HeoOXi/HHIT /Ui BUPIBHIOBAHHS 3aXOIUICHHS MaHimmysitopa. [Ticist

. . .. . * v
3Haxo/uKeHHs 2D-npsMOKyTHHKAa MiHiMaibHOI mwiomi R~ BukoHyerbes oro
3BOPOTHE PO3LIMPEHHS (EKCTPY3is) B3JOBXK BEpPTHKaNbHOI OCi Z Ha BHCOTY
BIiJINOBITHOTO PETiOHY h3d. VY pesymbrari mns KOXHOTO BHCOTHOTO IIapy

OTPUMYETbCsL TPUBUMIpHUH KyOoin C, . ChopmoBaHa BepTHKaNIbHUIL CTOC Jy0oiniB,

IO TIePeIatOThCsl Ha HACTYITHUI eTall Il aHali3y MPUAaTHOCTI /IO 3aXOIUICHHS Ta
BHOOpY ONTUMAaIBHOT TOUKH miadoMy. Mozxens YOLOVS oOpaHa 3aBIsIKH BHCOKIH
mBHAKOCTI 00poOku kanpiB (~60FPS na moGimemx GPU) Ta ontumizoBaHii
apxitektypi B cepenoBumyi PyTorch. BoHa cxiamaerbcsi 3 TpbOX OCHOBHHX
kommoHeHTiB: Backbone-sroptkoBa mepeska CSPDarknet53 nnst BUTATYyBaHHS
xapakrepucTindaux KapT; Neck — koHcrpykuis PANet mist arperarii Ta 00'eqHaHHS
macmrabHux o3Hak; Head — dinanbpHMIA miap s nependaveHHs KOOPIMHAT PaMOK,
WMOBIPHOCTI HasIBHOCTI 00'€KTIB Ta X KJaciB.

Rotating Cabpurs (of Minimarm Bouncing Eox

Ratating Caliomrs with fandomized Ronts

»

8)

Pucynok 3. Pesynbratu MojentoBanHs 010KiB cMmiTTs: a) 2D MABB Ha npoexiiii; 6) 3D-
ky0o0in OBB; B) po3paxoBanuii 3D-ueHTpoin P_grasp; r) BeKTOp OpieHTalii n_grasp
IpakTryna ampoOariisi po3poOIIeHOr0 KOHBeepa IOKa3ana BHCOKY CTiHKICTh
CHCTeMH JI0 po3Mi3HaBaHHs Ta 3D-okani3aiii BigxoiB pi3Horo Tumy. PazoM 3 Tm
CKCTIePUMEHTH BHSIBWJIM CYTTEBHH AUCOANAHC Yy 4YacOBIM CKIIQIHOCTI Mik
HEHPOMEPEKEBOIO JICTCKILIEI0 Ta TCOMETPUYHUM aJIrOPUTMOM OOYMCIICHHS TOYKU
migitoMmy. Mogens po3Mi3HaBaHHS CMITTS JEMOHCTPYE BHMCOKY OOYHCIIOBAJIBbHY
edexTuBHICTh. 3aBasky ontumizauis PyTorch Ta Bukopucrantio FP16-TouHocTi, yac

006po6kn  omHoro RGB-kampy cramoBuTh t,, , ~15MCc (Ha 06asi rpadiuHoro
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MIPUCKOpIOBaya cepeanHboro piBws). Lle 3abe3nedye MOBHOLIHHY (HYHKI[IOHATBHICTD
CUCTEMHU Y pe)KPIMi peabHOTO yacy 3 yactoTo F > 30 I'm.

Ha nporuBary mBuakonitodiii Heiipomepexi, anroputM 3D-nipodimoBaHHsS Ta
00YnCIIeHHs ONTHMAJIBHOI ITO3MILIT 3aXOIUIeHHs € OuThII pecypcoeMHUM. CepenHiit
4yac Horo BUKOHAHHS CTAHOBHTH tgeom ~ 35 MC Ha OWH 00'exT. OOUnCIIOBANTBHI

BUTpaTH 3yMOBJICHI TaKUMHU (paKTOpaMH: HEOOXIIHICTIO IPOCTOPOBOI (inbTparii Ta
OYMLICHHS! 3ALyMICHHX TOYOK 3 KapTH IIMOUHN D ; OOUUCIICHHIM ABOBUMIPHOT

orykioi obomonku (anropurm I'pexema: O(l\/l IOgM); iTepariiHIM 00epTaHHIM

MapajielbHUX KamirmepiB Ta 1moOynoBoro 3D-cteky KyOoimiB; peKypCHBHOIO
TIEPEBIPKOI0 TEOMETPHIHUX 0OMEXeHb PO3KPHUTTS TyOoK rpinepa. Hezpakaroun Ha
BiJTHOCHY PECYPCOEMHICTh T€OMETPHYHOTO OJIOKY, IMiJICYMKOBA 3aTPUMKa CHCTEMH
tioa = DOMC € [UTKOM TPUHHATHOIO JIJISI pOOOTH30BAHOTO MPUOUPAHHS, OCKUTBKH

obuncieHHs 3D-BekTopa 3aXOIUICHHS BHKOHYETBCS IHCKPETHO Oe3MocepenHbo
nepen (azoro HaOmwKeHHs Masinmyssitopa. Ha Puc. 3 (B, T) HaBeleHO jeTanbHY
Bisyaiyi3alito  poOOTH  OOYMCIIOBAJIbHO-TE€OMETPHYHOrOo  OJOKy — mipx  vac
npoiTOBaHHST OKPEMOTO CKJIaIHOCTPYKTypoBaHoro o0'exra cmitts. Ha puc. 3 (a)
MOJAaHO PEe3y/bTaTH MPOEKIii TOYOK ITIMOMHHM Ha IUIOIIMHY 3 BiIMalTbOBAHOIO
OITyKJIOI0 OOOJIOHKOIO Ta MiHIMaJbHMM Opi€eHTOBaHMM mHpsiMoKyTHHKOM (MABB),
3HalIeHUM MeToIoM obepToBHX KaiinepiB. Ha Puc. 3 (6) 306paxeHo 3reHepoBaHuii
opieHroBanuii mapanenerinea (Ky6oin) OBB, KUl TOYHO TTOBTOPIOE FE€OMETPHYHI

rabaputy (noBxuny |, , WHPUHY W,, Ta BUCOTY h,y ) BusiBIeHOrO parmenTa

BigxoniB. Ha Puc. 3 (B) Ta (T) yiTko BHIHO po3paxoBanuii 3D-ueHTpoin, skuii ciyrye
LiJILOBOIO TOYKOIO MiAHOMY Pyrasp> T3 BEKTOP opieHTalil Ngrasp * Kyt moBopoty
MPSIMOKYTHHKA @~ BifoOpakae HeoOXiJHEe MPOCTOPOBE PO3BEPTAHHS 3aXOILICHHS
poboTa [uis HamiiiHOTO 3aTHCKaHHA 00'ekta Oe3 iforo BuckoB3yBaHHs. Y TaOm. 2

HaBEJCHO 3BelCHY TaOJHUII0 Pe3yJbTaTiB OLHKK e()EeKTUBHOCTI KOMIIOHCHTIB
PO3POOICHOr0 MEPLENTHBHOrO KOHBEEPA.

Tabanus 2.
3BenieHa TabIMIs OLIHKH €pEeKTUBHOCTI KOMIIOHEHTIB
Etan 06pooxu 3agistHuii aJIropuT™ / ik Buxianuii
AHHX MoJeb BHICOHAHHSL pe3yabTaT
8 ()
Herexist Ta ) 2D BoundingBox
xnacudixaiis YOLOVS5 (PyTorch, FP16) 12-18 mc Bi+Knac Cy + Py
dinbTparis MAD-¢dinbrparis + ROI Oumnmena xmMapa
8-15 mc
TIuOUHI Crop TOYOK Pgit
Onyxkia 06onoHKa CkanyBanHs [ pexema 10-20 mc Omyxuii
OaratokyTHHK H
Tomryx MABB & . . : OpieHTOBaHUit
3D Ky6oina O0epToBI Kaiinepu 15-25 mc KyGoin OBB
Bubip Touku EBpucruka 5-10 e ITo3a 3axomneHHs
oMy CheckForBestCuboid Tqiasp€SE(3)
3arajabpHHi yac . T'oToBa KOMaHaa ISt
IloBHuil koHBeEp 50-80 mc .
3aTPUMKU MaHillyJIsiTopa
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Xo4ya TreoMeTpHYHE MOJETIOBAHHSI € OUIbII OOYHCITIOBAIIBHO BUTPATHUM
MOPIBHAHO 3 HEWpOMepe)keBHM iH(epeHcoM, Oyo 3amporoHOBaHO KOMOIHAIIIO
QITOPUTMIB TapaHTye TOYHE BU3HAUYEHHS IPOCTOPOBOI OpieHTamii BiIXOIIB Ta
BHUKJIIOYEHHS IOMIJIKOBHX  3aXOIUICHb, 3a0e3leduyloud  BHCOKHMH  piBEHb
ABTOHOMHOCTI Po0O0Ta-IpHOUpaTEHUKA.

Bucnosox

VY po6oTi HaBeieHe BUPIIIEHHS aKTYaJIbHOTO HayKOBO-IIPUKJIAHOTO 3aBJIaHHSI —
IiABUINEHHS orepaniifiHoi eQeKTHBHOCTI Ta TOYHOCTI MaHIIyJSIili aBTOHOMHHX
MPUONPATEHUXPOOOTOTEXHIYHIX KOMIDIEKCIB [UIIXOM pO3pOOKH  TiOpHIHOTO
metony 3D-nmokamizamii Ta oriHkH 6-DoOF 1mo3n 3axXOIIeHHS HeCTpPYKTypOBaHHX
BiJIXOJIiB JOBUTBHOI (hopmu. [IpoBeneHO crcTeMaTHIHUI aHaNi3 ICHYIOUHX ITiIXOIB
y Tay3i KOMITIOTEPHOTO 30py Ta poOOTOTeXHIUHOI nepuentlii. BusBneno ximo4oBy
HayKoBO-TeXHIuHy nporanuny (ResearchGap): HasiBHIIT cuCcTeMHHMIT TrcOaaHe MiXk
mBHAKOMiouMMH  2D-nerektopamu  Ta  pecypcoeMummu 3D End-to-End
Helipomepexxamu (Takumu sk GraspNet/PointNet++), sKi CTBOPIOIOTH BHCOKY
o0uncioBanbHy 3aTpuMKy >100 MC) 1 MatOTh HU3BKY CTIHKICTB JI0 3aIIyMJICHUX KapT
rmouan. OOTPYHTOBAHO NOIUIBHICTH 3aCTOCYBaHHS KOMOIHOBAaHOTO MiJXOAy Ha
OCHOBI MBHAKOJIiIHOro 2D-nerekropa Ta MeETOZIB OOYHCIIOBAIBEHOI TeoMeTpii.
AnlanToBaHO Ta ONTHMI30BaHO HelpomepekeBy Monenb YOLOVS mumixom i
JOHAaBYaHHA Ha cremiamizoBaHomy pataceri BiaxoaiB TACO. lle 3abe3meunio
Haniiiny 2D-zmerexuio Ta KiacUdikaliio HECTPYKTYpPOBAaHOTO CMITTS B PEXUMI
peanbHOro 4acy 3 BUCOKOIO TOYHICTIO JoKami3auil pamku inrepecy (ROI) B ymoBax
CKJIAJHOrO ¥ 3MIHHOTO OCBITJIEHHS. P0o3po0neHO CHHEpreTHYHMH IeoMeTpUYHO-
eBpUCTHYHMIT MeTox mpodimoBanHs 3D-xmapu Touok Ha ocHoBi manux RGB-D-
cencopa (Intel Real Sense D435). 3acTocyBaHHs anroputMmy ckaHyBaHHsS [ pexema
(O(M logM )) mst GopmyBarms orykiI0i 0GONOHKH Ta METOIY 00EPTOBHX Kallinepis

O(h) ams noGynosu MiHiManbHOro opientoBaHoro Ky6oiza (OBB) no3somiio

BH3HAYKMTH TOJIOBHY BiCh CUMeETpii 00'ekTa Ta #oro 3D-neHTtpoin 6e3 BUKOPUCTAHHS
Baxkux 3D-3roprkoBux Hedipomepexxk. CdopMoOBaHO MaTeMaTHUHy MOJIENb
pospaxyHky 6-DoF mosu 3axomneHHs T o SE(3) fIKa BpaxoBye TE€OMETPHYHUI

grasp
LEHTp MiAHOMY, IPOCTOPOBY OPI€HTALIII0 TOJOBHHUX Oceil 00'eKTa Ta KiHeMaTH4Hi i
¢Gi3nuHi  OOMEXEHHS 3aXOIUICHHS MaHIMMyJasaTopa. 3alpOolOHOBAHA METOHKa
amantuBHoi MAD-¢inerpamii kapté TIHOHHU [O3BOJNMIA MiHIMi3yBaTH BIUIUB
apreakTiB Ta OPOrajvH y JaHUX 3YUTYBaHHs;. 3MIHCHEHO MPOrpaMHY iHTErpariio
PO3pO6IEHOro MepLenTHBHOTO KOHBeepa B cepezopuiie ROS 2 Ta mpoBeneHo cepito
eKCIIEPUMEHTAIbHUX JIOCIIPKeHb. Pe3ybTaTi eKCepuMEeHTIB i ATBEP/IMIN BUCOKY
e(peKTUBHICTh 3aIPONOHOBAHOTO DIIICHHS:MOBHUI LHMKJI OOpOOKHM Kampy Ta

(opmyBaHHS Kepyro4Oi KOMaHIHM CTaHOBHTb t, . ~50MC, WO Bi/IOBIIAE 4aCTOTI

poboti ~20 I'm; mocsarHyta TouHicTh 3axomieHHs 89,1% ycmimHuX miaiHoMiB
HECTPYKTYpPOBaHHX O0O'€KTIB JOBUTBHOI (POPMH; CYTTEBO 3MEHIICHO KUIBKICTh
«TPOMaxiBy 1 MOBTOPHHUX CMpoO 3aXOIUICHHs, 10 3a0e3medye cTabinbHy poOOTY
pOOOTOTEXHIYHOTO KOMIUIEKCY B PEANbHUX YMOBaX MPUMINICHb 1 BIAKPHUTUX
MalJaH4YUKIB.

219



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

References

[1] Wang, A., Jiao, H., Chen, Z., Yang, J. (2025). An Improved YOLO-Based Waste
Detection Model and Its Integration to Robotic Gripping Systems. Computers, Materials &
Continua, 84(3), 5773-5790. https://doi.org/10.32604/cmc.2025.066852

[2] Chen, Z., Yang, J., Li, F., Feng, Z., Chen, L., Jia, L., et al. (2025). Foreign object
detection method for railway catenary based on a scarce image generation model and lightweight
perception architecture. IEEE Transactions on Circuits and Systems for Video Technology.
https://doi.org/10.1109/tcsvt.2025.3567319

[3] Dube, S. S., Magotsi, M. N., & Dube, T. P. (2025). Autonomous litter collecting robot
with integrated detection and sorting capabilities. International Journal of Latest Technology in
Engineering, Management & Applied Science, 14(8). https://doi.org/10.51583 /IJLTEMAS.
2025.1408000011

[4] Wang, C., Zhang, Q., Liu, Q., Ran, W., Liu, H., &Chen, L. (2021). A vision- based
robotic grasping system using deep learning for garbage sorting. Sensors, 21(23), Article 7834.
https://doi.org/10.3390/s21237834

[5] Visvanathan, P., Mohan, R. E., &Prabakaran, V. (2021). A review of trash collecting
and cleaning robots . Robotics, 10(2), Article 70. https://doi.org/ 10.3390/robotics10020070

[6] Prabakaran, V., Mohan, R. E., Sivanantham, V., &Pathmakumar, T. (2020). Optimal
selective floor cleaning using deep learning algorithms and reconfigurable robot hTetro . IEEE
Access, 8, 140733-140743. https://doi.org/10.1109/ACCESS.2020.3013063

[7] Lin, C.-J., Jhang, J.-Y., &Chen, C.-H. (2022). Design and implementation of an
Artificial Intelligence of Things-based autonomous mobile robot system for cleaning
garbage.lEEE Access, 10, 52140-52152. https://doi.org/10.1109/ACCESS.2022.3175248

[8] Chen, C.-l., Huang, Y.-C., &Lin, Y.-C. (2021). OATCROutdoor autonomous trash-
collecting robot design using YOLOV4-Tiny. Electronics, 10(20), Article 2543.
https://doi.org/10.3390/electronics10202543

[9] Kim, J., Park, S., &Lee, H. (2021). Autonomous trash collector based on object detection
using deep neural network. IEEE Access, 9, 125430-125441. https://doi.org/
10.1109/ACCESS.2021.3110982

[10] Zhang, W., Liu, Z., &Wang, L. (2021). Deep learning based robot for automatically
picking up garbage on the grass. IEEE Access, 9, 87654-87663. https://doi.org/
10.1109/ACCESS.2021.3089123

[11] Prabakaran, V., Mohan, R. E., &Pathmakumar, T. (2021). Cascaded machine-learning
technique for debris classification in floor-cleaning robot application. IEEE Access, 9, 137415—
137426. https://doi.org/10.1109/ACCESS.2021.3117562

[12] Le, A. V., Mohan, R. E., Prabakaran, V., &Sivanantham, V. (2020). Deep learning
based pavement inspection using self-reconfigurable robot. IEEE Access, 8, 178945-178957.
https://doi.org/10.1109/ACCESS.2020.3027581

[13] Liu, X., Zhang, Y., &Chen, M. (2021). A cascade ensemble-learning model for the
deployment at the edge: Case on missing l0T data recovery in environmental monitoring
systems. IEEE InternetofThingsJournal, 8(12), 9876-9887. https://doi.org/10.1109/
JIOT.2021.3051284

[14] Le, A. V., Mohan, R. E., &Prabakaran, V. (2021). An obstacle-finding approach for
autonomous mobile robots using 2D LiDARdata. Sensors, 21(15), Article 5120.
https://doi.org/10.3390/s21155120

[15] Proenga, P. F., &Simdes, P. (2020). TACO: Trash Annotations in Context for Litter
Detection.arXiv. https://doi.org/10.48550/arXiv.2003.06975

220


https://doi.org/10.32604/cmc.2025.066852
https://www.google.com/search?q=https://doi.org/10.1109/tcsvt.2025.3567319
https://doi.org/10.51583/IJLTEMAS.2025.1408000011
https://doi.org/10.51583/IJLTEMAS.2025.1408000011
https://www.google.com/search?q=https://doi.org/10.3390/s21237834
https://www.google.com/search?q=https://doi.org/10.3390/robotics10020070
https://www.google.com/search?q=https://doi.org/10.1109/ACCESS.2020.3013063
https://www.google.com/search?q=https://doi.org/10.1109/ACCESS.2022.3175248
https://www.google.com/search?q=https://doi.org/10.3390/electronics10202543
https://www.google.com/search?q=https://doi.org/10.1109/ACCESS.2021.3110982
https://www.google.com/search?q=https://doi.org/10.1109/ACCESS.2021.3110982
https://www.google.com/search?q=https://doi.org/10.1109/ACCESS.2021.3089123
https://www.google.com/search?q=https://doi.org/10.1109/ACCESS.2021.3089123
https://www.google.com/search?q=https://doi.org/10.1109/ACCESS.2021.3117562
https://www.google.com/search?q=https://doi.org/10.1109/ACCESS.2020.3027581
https://www.google.com/search?q=https://doi.org/10.1109/JIOT.2021.3051284
https://www.google.com/search?q=https://doi.org/10.1109/JIOT.2021.3051284
https://www.google.com/search?q=https%3A%2F%2Fdoi.org%2F10.3390%2Fs21155120
https://doi.org/10.48550/arXiv.2003.06975

INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

3D COMPUTER VISION SYSTEM FOR AUTOMATED WASTE
GRASPING AND SORTING BY MOBILE ROBOTS
Ph.D., Boyko N, [0000-0002-6962-9363]

Lviv Polytechnic National University, Ukraine,
Lviv National Stepan Gzhytsky University of Veterinary Medicine and
Biotechnology, Ukraine

Abstract. This paper develops and investigates a 3D computer vision system aimed at
improving the operational efficiency and manipulation accuracy of autonomous cleaning mobile
robots when collecting unstructured, arbitrary-shaped waste. A synergistic approach is
proposed that avoids heavy 3D deep networks by integrating a fast one-stage YOLOV5 detector
with computational geometry techniques. The YOLOV5 model is fine-tuned on the specialized
TACO dataset for real-time waste detection and classification on RGB images. Based on RGB-
D data from an Intel RealSense D435 sensor filtered via median absolute deviation (MAD), the
Graham scan algorithm constructs a convex hull, and the rotating calipers method computes a
minimum oriented bounding box (OBB). This enables deterministic calculation of the 3D
centroid, spatial orientation, and dimensions of objects. A mathematical formulation computes
a 6-DoF grasp T e €SE@) subject to kinematic and physical manipulator constraints,

accompanied by a target prioritization index. Integrated into ROS 2, experimental evaluation
demonstrates high performance: total processing latency is =50 mc, = 20Hz) with a grasp
success rate of 89.1%, effectively eliminating grasp failures in unstructured environments.

Keywords: 3D computer vision, robotic grasping, YOLOV5, rotating calipers algorithm,
Graham scan, 6-DoF pose, ROS 2.
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Anomauis. Towupenns mexnono2iti yu@posux OGIUHUKIE V NPOMUCTIOBUX, MEOUHHUX,
eHepeemuyHuUX ma HWUX Kibep@isuunux cucmemax 3yMOGMIOE HeoOXiOHiCMmb KOHMPOIO
yinicnocmi Ge3nepepenux NOMOKI8 mejeMempuynux OaHux, wo Gopmyromscs 60y008anumu
npUCMPOAMU MA NepPeoaromvbCs Osl akmyanizayii yugposozo npedcmaenenus Qisuuno2o
06’exma. Tpaduyiiine nesanedicne Xeuly8anis 3abesneuye UAGIEHHs MOOUPikayii okpemozo
noGioOMNeHH s, 0OHAK HeOOCMAamHbO 6PAX08YE NOCNIO06HY Npupody melemempii ma mac
00MediceHi MOAICTUBOCII W00 GUSAGNIEHHS 6CMABNCHHS, BUOANCHHS, NOGMOPHO20 NepedasanHs
i 3MiHU NOPAOKY KOpeKmHuX nakemis. 3anponoHosano memoo KOHMPOMO YinicHOCMI
NOMOKOBUX OAHUX YUPPOBUX OBIUHUKIE HA OCHOGI KpUNMOSPAPIUHO20 38 A3Y6AHHSA
nogiooMNeHb, Y AKOMY HNOMOYHE Xeui-3HAUEeHHA (POPMYEMbCA 3 YPAXy8aHHAM KOPUCHO20
HABAHMADICEHHS, UACOGOI MIMKU, NOPAOKOBO20 HOMEpa Ma KpunmozpagiuHozo cmawy
nonepeonvo2o nosioomnenus. lLle nepemeopioe MHOJICUHY HE3ANENHCHO KOHMPOIbOBAHUX
nakemig y Kpunmoepagiuno 38’s3any NociioosHicme i 3aOe3neuye KOHMpPOAb AK 6MICHy
O0KpeMO020 NOGIOOMNEHHS, MAK i CMPYKMypHOI yiricHocmi menremempuuno2o0 nomoxy. Memoo
He nompebye 36epeoicents nogHoi icmopii nogioomaens, OCKiNbKU 05 POPMYBANHS HACMYNHO20
Kpunmozpagiuno2o cmary 0ocmamnso 30epicamu uuie 0CMaHHe 6alione Xeul-3Ha4eHns, o
0ae 3M02y MIHIMI3Y8amu SUKOPUCMAHHA ONepamueHoi nam’ami He3anedcHo 6i0 KilbKocmi
nepeoanux nogioomaensv. Excnepumenmanvhy peanizayilo 6UKOMAHO 3 GUKOPUCTHAHHAM
STM32F407, ESP32-S3, FreeRTOS ma ASCON-Hash256 ona nomokie i3 10 000
menemempuunux naxemie posmipom 64, 128 i 256 Oaiim. Y nopienanni 3 HezanelcHum
Xeuty8anHam cepeoniii yac 0opobxu nakema 36inbuiuscs na 6,2 %, 6UKOPUCMAHHA ONepamueHoi
nam’ami — na 7,7 %, Flash-nam’smi — na 1,9 %, 3aéanmasicenns npoyecopa — Ha 6,2 %.
3uauenna Precision, Recall ma Fl-score nepesuwunu 99 %. Ompumani pesyromamu
niomeepoACyIonb MOAHCIUBICIG 3ACMOCYBANHS KPUNMO2PADIuHO20 38 A3Y6AHHA NOGIOOMIEHD
0N KOHMpOno YinicHOCMi Nomokosoi menemempii yugposux OGIlIHUKIE HA PecypCHO-
0OMedHceHUX 80YO0BAHUX NIAMPOPMAX.

Kniouosi cnoea. yugposuii O8itiHuK, NOMOKOSI OaHi, menemempis, YiliCHicms OAHUX,
nonezuiena Kpunmozpagis, Kackaoue Xeuty8ana, Kpunmozpagiune 36 ’a3y8anis nogi0OM1eHb,
60yoosani cucmemu, ASCON-Hash256.

1 ITocTaHoBKa NPodJIeMH Ta aHAJI3 CyYACHUX METOJiB KOHTPOJIIO HiTicHOCTI
JaHuX uugpoBuUx ABiHHUKIB

Texnomnoris 1HupPOBUX IBIMHUKIB Mepeadadae ¢GOpMyBaHHS Ta TOCTilHE
OHOBIICHHSI [IU()POBOTO TPECTABICHHS (Pi3UIHOro 00’ €KTa, mpoiecy abo CHCTeMH
Ha OCHOBI JTaHUX, SIKi HAJIXOMSATH BiJ] CEHCOPIB, KOHTPOJIEPiB, BOYJOBAaHUX MPUCTPOIB
i mepudepiiinnx obuuciroBanbHUX By3niB. Ha BigMiHy Bim ctaTudHOi 1rdypoBoOi
Mojemi, u(PoBHil ABIHUK (YHKIIOHYE Y B3aEMO3B’ 3Ky 3 Qi3HYHUM 00’ €KTOM Ta
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BifToOpakae 3MiHy ioro mapaMerpis y 4aci. Lle 1o3Bossie BUKOpHCTOBYBATH IIH(POBI
IOBIMHUKY A1 MOHITOPHHTY, TPOTHO3YBAaHHS TEXHIYHOTO CTaHy, iarHOCTHKH,
ONITUMI3allii TEXHOJIOTIYHUX IPOIIECIB Ta MiATPUMKHI aBTOMATH30BAHOTO NPUITHATTS
pimens [1, 2]. 3acrocyBaHHS IIMPPOBUX IBIHHHUKIB OMINPIOETHCS HA IPOMUCIOBHI
IaTepHeT pedei, eHepreTH4Hi CHCTEMH, TPAaHCHOPTHY 1HPPACTPYKTYpY, MEIUYHI
Kibepdi3uyHi cHCTEMH Ta 1HIIIi CepPeIOBHINA, B SKHUX PillIeHHs (POPMYIOTHCS Ha OCHOBI
OesnepepBHO oTpuMyBaHOi Tenemerpii [3, 4, 5]. BixmoBizHO, KOPEKTHICTH
U POBOTO MPEICTABICHHS OE3M10CePETHBO 3AJIEKHUTH BiJl IOCTOBIPHOCTI TaHUX, IO
HaJIXOJTH 13 (izuuHoro piBHs. [lopymieHHs HinicHOCTI TeJaeMeTpii MOXKe IPH3BECTH
JI0 HEBIAMOBITHOCTI MK (paKTHIHUM CTaHOM (Pi3HIHOTO 00’ €KTa Ta HOro I POBUM
MpeJICTABICHHSM. SIKII0 CHOTBOpPEHi JjaHi BUKOPHCTOBYIOTHCS JUIA aHANITHKH abo
aBTOMATH30BaHOTO KEPYBaHHs, HACIIKOM MOXYTb OyTH MOMUJIKH IIPOTHO3YBaHHS,
HETIpaBWIIbHA JIIarHOCTHKA Ta ()OPMYBaHHS HEKOPEKTHHX KEpYIOUMX BIUIMBIB [6, 7,
8]. ToMy KOHTpOJIB LIITICHOCTI HEOOX1HO PO3IIIAJATH K OJHY 3 0a30BUX CKJIAJOBHX
JIOBipeHOT B3aeMO LT Mixk (i3M4HUM 00’ €KTOM Ta U(PPOBUM JIBIHHUKOM.
Cnenudiyaoro ocobnuBicTIO TeneMerTpii € ii moTtokoBa mpupona. Hexail 3a
neBHUH NPOMiKOK Hacy popmyerbes nocninosricts T ={M,,M,...., M}, 1e M,

— Te TeJeMETPHYHE MOBiJOMJICHHS. IS Takoro IMOTOKY BaK/IMBOIO € HE JIHIIE
HE3MIHHICTh KOXHOIO V]| »a 11 30epeKeHHs I0YaTKOBOI ITOCIIiIOBHOCTI ITOBiIOMJICHb.

BunaneHHs 01HOTro eJIEeMEHTa, HOBTOPHE BUKOPUCTAHHS PaHillle epelaHoro Mmakera
a0o TepecTaHOBKa JIBOX KOPEKTHHX MOBIJIOMIICHb 3JIaTHI 3MIHHUTH IHTEpPIIPETALifO

Jns  KOHTpONIO ITicHOCTI  iHpopMamil TpaaumiiiHO BHKOPHUCTOBYIOTHCS
kpunrorpadiuni  xeumr-QyHKii, koau aBTeHTU]IKaUil MOBigOMIEeHb, LH(POBI
mianMcH Ta MexaHi3MH aBTeHTH(ikoBaHoro mmdpysanns [15, 16, 17, 18].
HaiinpocTimmm Uit pecypcHO-00MEKEHUX MPUCTPOIB € XCLIyBaHHs, 3a SIKOTO UL
nosifomennst obuucmoerscs H, =H(M,) ne H(- ) - xpunrorpagiuna xew-

¢yHKuis. 3MiHa M;3 BHCOKOIO HMOBIPHICTIO CIIPUMMHSE 3MiHY Hi , 0 JT03BOJISIE

BUSBUTH Oe3rnocepenHio moaudikaiito aaHux. [lepeBaraMu € BiICYTHICTh Oneparliiit
upyBaHHs, BiJHOCHO HEBENHKI BHUMOTH [0 peCypciB Ta MOXIIUBICTH
BUKOPHCTAaHHS KOMIIAKTHHX Kpunrtorpagiunux peanizamiit. [Ipore HesamexHe
XEWIYBaHHs HE BCTAHOBIIOE KpUNTOrpadiqHoro 3s’ssky Mix M, TaM, . Skwo

JIETITUMHUI MAKeT BHIyYeHO 3 MOTOKY a00 3MIHEHO MOPSIOK JBOX IAKETiB, Xell-
3HAYCHHS PELITH MOBIJOMICHb 3aJMINAIOTECS KOPEKTHHMH. ToMmy mepeBipka
OKPEMOro MakeTa He € eKBIBaJEHTHOI MepeBipIl IiTiCHOCTI BCi€l TeaeMeTpu4HOl
mociigoBaocTi. MAC po3iinproe MOKIMBOCTI XeIIyBaHHS 3aBISKH BUKOPHUCTAHHIO
CEKPEeTHOro Kifoya Ta 3abe3rnedye KOHTPOJIb HUTICHOCTI pa3oM 3 aBTeHTH(IKAIIE0
mkepena. [{udpoBi mignucu 103BOJSIOTH MiATBEPKYBATH TOXODKSHHs AaHUX Oe3
HEOOXITHOCTI BHKOPHUCTAHHS CIUIBHOTO CEKPETy, OJHAK MOXYTh CTBOPIOBATH
JIOJATKOBE OOYMCIIOBAJIbHE HABaHTaKeHHS. L{e 0cOOIMBO BaYKITMBO IS TENIEMETPii,
Jie KpunrorpadidHa orneparisi BAKOHYEThCS HE OTHOPA30BO, a I BEITUKOI KITBKOCTI
MOCITIIOBHUX MOBinoMiIeHb. CydacHa moJeruieHa Kpunrorpadis J103BOJISE CYTTEBO
3MEHIIUTH BUMOTH JIO MaM’sTi, IPOLECOPHOr0 Yacy Ta EHEProcroXUBAHHS
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kpunrorpadigaux MexasizmiB [19, 20]. OmgnHak 3acTOCYBaHHS IOJETTIEHO! XeIl-
¢yHKIii came 1o cobi He BUpilTye IpoOIeMy KOHTPOIIO CTPYKTYPH ITOTOKY: SIKIIO
MOBIIOMJICHHS. IPOJIOBXKYIOTh MEPEBIPATHCS HE3AJIEKHO, 3AIUIIAETHCS MOKIHBICTD
MaHIIyJII0BaHHs 1X MOCJiJOBHICTIO. [HIIMM HANPSIMOM € 3aCTOCYBaHHs OJIOKYEiHY
Ta PpO3MOJIJIEHUX peecTpiB. Taki CHCTeMH BHKOPHCTOBYIOTH KpHUNTOTpadiduHy
3aJICKHICTh MiX TIOCHIJJOBHUMHU OJIOKaMH Ta 3a0e3NedyloTh HE3MiHHICTh
HaKoIM4eHo! icropii. bBrok4elH-MexaHI3MH pO3IIBIIAIOTBCS, 30KpeMa, Ui
aBTeHTH(IKALi Ta popMyBaHHs NOBipH y cucTeMax LuppoBux apiiHukis [10, 11].
BomHouac HeoOXimHICTH MIATPHMAaHHS pPO3MOIUICHOTO PEECTPY, JOAATKOBOTO
MepexxeBoro 0oOMiHy Ta 30epiraHHs icTopii oOMeXye JOIUIBHICTH IX
0e3rocepeJHROrO  3aCTOCYBAHHA Ha piBHI PECYpCHO-OOMEKEHOro JiKeperna
BHCOKOYACTOTHOI TeneMerpil. BamkunMm g0 crenddikd MOTOKOBHX JaHUX €
BUKOPHCTAHHS XCII-JIAHIIOTIB, Y IKHX HACTYITHE KOHTPOJIbHE 3HAUCHHS 3aJICKUTh Bijl
nonepenHsoro [21, 22]. Takuil NpuUHIMO J03BOJISE MEPETBOPUTH HE3AJICHKHI
iHdopmaniiiHi 00’ekT Ha KpunrorpadiuHo 3B’A3aHy MOCTIJOBHICTh. OnHaK s
mipoBUX ABIHHMKIB HEOOXIZHO [OJATKOBO BPAaXOBYBaTH YacCOBUH KOHTEKCT,
MOPSAAKOBUH HOMEP MOBiJOMIICHHS, MOMJIMBICTh BTPATH IaKeTiB Ta HEOOXiJHICTh
BiJTHOBJICHHs CHHXpOHI3amil 0e3 30epexeHHs MOBHOI ictopii motoky. IIpobmema
YCKJIQHIOETBCS PECYPCHUMH OOMEXKEHHSIMH TPHCTPOIB, SKi € TEePBHHHUMH
JDKepeNiaMu TaHuX HU(poBoro nBiiHUKA. 301IbIICHHS KiJBKOCTI KpUNTOrpadiaHIx
orepaliid, o0cary ornepaTuBHOI mam’sTi abo CIIyKOOBUX NAHUX Y KOXKHOMY IMaKeTi
Oe3rnocepeIHBO BIUIMBAE HA 3aTPUMKY, IPOITyCKHY 3/1aTHICTh Ta €HEPrOCIIOKUBAHH.
ToMy MeTO KOHTPOJIIO IITICHOCTI Mae 3abe3neyyBaTd KOMIIPOMIC MiX MOBHOTOIO
BUSIBJICHHS [IOPYILECHb | PECYPCHUMH BUTPATAMH.

IpoBenenuii aHasi3 JO3BOJISIE BUAUINTH JIKiJIbKa HEBUpILIEHHUX acrekTiB. [lo-
nepile, He3aIeKHUH KOHTPOJIb OKPEMHX MAaKeTiB HEeIOCTaTHIM IUIs JOCTOBIPHOTO
BUSIBJICHHS BCTaBJICHHS, BHJAJICHHS, [IOBTOPHOTO INEpEelaBaHHS Ta INEPECTAaHOBKH
KOPEKTHUX THOBiIOMIIeHb. [lo-Ipyre, HeoOXiJHO BpaxOByBaTH YacoBHH Ta
MOPSLIKOBUIT KOHTEKCT Teemerpii. [lo-Tpere, 30epesxkeHHs MOBHOI icTopil xer-
3HAYEHb € HEJIOLIJIbHUM VIS JOBrOTPUBANINX MOTOKIB. [lo-4eTBepre, 3a1eXKHICTh MK
MOCJIIJOBHUMH TOBIZJOMJICHHSMH CTBOPIOE MPOOJIeMy BiJHOBJICHHS CHHXPOHi3aLlii
micist BTpaTd makera. [lo-m’site, po3mupeHHs (QyHKIIOHATBHOCTI MeXaHi3My
KOHTPOJIIO HE MOBHHHO TMPU3BOIAMTH [0 CYTTEBOrO 30iJbLICHHS KiJbKOCTI
kpunrorpadiunux onepauiii. OTKe, akTyalbHUM € (OPMYBaHHS TAKOr0 MEXaHi3MYy,
3a SIKOrO TepeBIpsAEThCS HE JIMIIE He3MIHHICTh OKPEMOro IMOBiIOMIICHHS, a i HOro
HAJISKHICTh 70 MPABUIGHOI MO3HUIIiT y MOTOYHIH TeleMeTPHYHIN MOCIiTOBHOCTI.

Meror0 IOCHiIKEHHS € po3poOKa METOMy KOHTPOIIO IIICHOCTI MOTOKOBHX
JaHux [UQpOBHX JABIMHHMKIB HAa OCHOBI KpHUOTOrpadidHOro 3B’s3yBaHHS
MOCNIJJOBHUX TMOBiZIOMJICHb, sKWi 3abe3medye BusBleHHs Moaudikaiii Ta
CTPYKTYPHHX TMOpPYILICHb TEJIEMETPUYHOIO IOTOKY 3a OOMEXEHHX pecypciB
BOYZIOBaHUX TPHUCTPOIB. [l [MOCATHEHHS TMOCTaBIEHOI MeTH HEOOXiTHO
(dopmamizyBaTd CTPYKTYpY TEIEMETPHYHOTO TOTOKY Ta OCHOBHI cIeHapii
MOPYIICHHsT HOro HiTiCHOCTI; copMyBaTH MeXaHi3M KpHUTorpadidHoi 3a1eKHOCTI
MIX TOCNIZIOBHUMH HOBIJJOMJICHHSAMHE; BU3HAYUTH CTPYKTYPY MaKkeTa Ta Mpoueaypy
roro Bepu(ikamii; OiHUTA OOYMCITIOBANBHY 1 TaM’STTEBY CKIIAIHICTD; Peali3yBaTu
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MeTO/ Ha BOyMOBaHIK MmmaTopMi Ta €KCIIEPUMEHTAIbHO OLHWUTU HOr0 pecypcHi
XapaKTepUCTHKH 1 3aTHICTD BISBIITH MaHIITyJIIII 3 TEJIEMETpi€lo.
2 dopmaizanis 3a7a4i KOHTPOJIIO WiTiCHOCTI IMIOTOKOBUX JTAHHX
PosrisiHeMo iHdopMariifHy B3a€EMO/IiF0 MK (Qi3UIHUM JUKEPENIoM S 1 IM(ppoBHM
meiitnkom DT . [ikepeno y MoMeHTH acy t; (OpMYeE TeleMeTpHIHI TIOBiIOMITEHHS

M {» UL SIKMX y KOPEKTHOMY MOTOIli BUKOHY€ETHCS t <t <..<t,. IToBimomieHHs
JIOITBHO MPEJCTABUTH KOPTEIKEM Mi = (Di ,Ti , Seqi , Ci) , e Di — TeJIEMETPUYHI
L[aHl;Ti — YacoBa MITKa; Seqi — TIOPSIIKOBHIA HOMEP; Ci — KpunrorpadigHe
KOHTpPOJIbHE 3HaueHHs. Ha BifMiHYy BiJl MHOXXHMHH HE3aIEKHHUX 00’ €KTIB, MOPSIOK

elleMeHTiB | Mac 3HAYEHH. Tomy mmt | # ] mepecrarHoBka M, ta Mj thopmye

iHIIy 3 mo3uIii mudpoBoro IBIMHMKA MOCHITOBHICTE. [ ONMUCY MOTEHIIHHOTO

BTpydaHns BBeneMo omepatop A:F —F', ne F/— Tenemerpuummii moTik micis
BILTHBY Ha HBOTO.

Po3rnsaroTecs 'ATh THMIB TOPYLIEHb: MOJUQIKALs BMICTY IIOBiJIOMIICHHS;
BCTABJICHHS CTOPOHHBOTO TIOBIJIOMJICHHS; BHJAJICHHS JICTITUMHOTO IaKeTa,
[OBTOPHE MepeNaBaHHs paHillle oTpuMaHoro mnakera (replay); 3MiHa mopsaky
KOpeKTHUX  mnoBimomyieHb. Came Taki  cueHapii Oymu  mepenbadeHi
CKCIIEPUMEHTAIBHOI0  [OCTAHOBKOIO ~ BHUXIJHOTO  JOCIIIKEHHS. Heo6xinHo
PO3pI3HATH JIOKaJbHY IUIICHICTh 1 CTPYKTYpHY WiiicHicTh. [lepmia Bu3Hauae, 4n
3aJIMIIKMBCA HE3MIHHMM BMICT KOHKPETHOTO MOBifoMIIeHHs. [lpyra XapakTepusye
Bi/IMIOBIJHICTh LILOrO MOBIJOMJICHHS TPAaBUJIBHOMY IIOJIOXKEHHIO B MOTOIl. Tomy

saranbHy ymoBy moxua npexctasurd Ak | (M) =1_(M,)Alg(M,), /:le||_7

Pe3yIIBTaT KOHTPOJIIO JIOKaIbHOI nimicrocti, | g — PE3YJIBTAT KOHTPOJIO CTPYKTYPHOT

HingicHocti. I BUKOHAaHHA Apyroi yMOBH MOTOUHMI KpHHITOrpadiuyHuii cTaH Mae
3aJI€KATH B1Jl [IONIEPEIHBOIO F. = F( DI , ];, Seqi , ]"i_l) yae I — KpunrorpadivHuit

craH micis 06pobku [-ro moinomneHus. ITpu 1bOMy BHCYBAOTHCS IBi pecypcHi
Bumoru. KinpkicTs omnepariii Ma€e 3poctaty JiHIIHO 3 KiTBKICTIO 00pOOIeHHX JaHUX,
a o0csr mam’siTi, HeOOXiAHUI T MiATPHUMAHHS CTaHy, HE TMOBUHEH 3ajieXaTH Bij
KUTBKOCTI Mepeaanux nosigomieHs (1).

C(n) =0(n), M, =0() ©)

Omxe, 3a1a4a momsrae y popmysanni yuxuii F, ska 3aGesneuye 3anexHicTs
MMOTOYHOTO KOHTPOJIBHOTO 3HAYEHHS BiJl JAaHUX Ta TOMEPEIHBOr0 BaJIiIHOTO CTaHy i
BOJIHOYAC HE NOTPeOye HAKOMMMUYCHHS BCi€l icTOpIT TeneMeTpii.

3 Metoa kpuntorpagiyHoro 38’A3yBaHHs TeJleMeTPUYHHUX MOBiAOMJIeHb

Jns  BupimeHHs copMynbpOBaHOI 3a/Jadi BHKOPHUCTOBYETHCS MEXaHi3M
Cryptographic Message Chaining (CMC), mokmaseHuii B OCHOBY KacKaJHOTO
MOJIETIICHOTO  XEITyBaHHSI. Horo MIPUHIIMIIOBA BiAMIHHICTh BiJl HE3aJICKHOTO
XCIIyBaHHS TOJATa€E B TOMY, L0 KOHTPOJIbHE 3HAUCHHs MOTOYHOTO TOBIIOMIICHHS
(hOopMye€TBCSI 3 ypaxyBaHHSM pPe3yabTary Kpunrorpadidaoi 0OpoOKH MoIepeHbEOTO.

state
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Bamicts Habopy mesanexmux smavenr  H(M,),H(M,),....,H(M,)
dopmyersest nocnigosricts Hy —H, -H, —=.. —H .

TakuM YHMHOM, KOKHE H, BuKOHYye nBi (GyHKIIT: MATBEP/UKYE MUTICHICT

IMOTOYHOT'O ITaKeTa Ta € KPUNTOrpadiYHUM KOHTEKCTOM JUIS HACTYITHOTO.
3araJibHy apXiTEeKTypy 3alporOHOBAHOTO IMiAX0/y HaBEJCHO Ha puc. 1.

SENSOR HASH FUNGTION DIGITAL TWIN
(PHYSICAL DEVICE) (Lightweight) (VERIFICATION MODULE)

PACKET 1
) — Hy |—

g E3
S ———— (uzes M,)

+

PACKET 2 S
O =

Bt

RECEIVE PACKET
(Payload,, Timedsmp,,
Swaqy H)

I cHAamNG
— : 1 (uses Hoy)

|
— |
[,

PACKET n
Rayiaad, _>{ Han ]—>
Timestamp,
Soan h [

ACCEPT & UPDATE CHAIN
H_y & H, (if valid)

PucyHnok 1. 3aranbHa apXiTekTypa KacKaJHOTO MOJIETICHOTO XEIyBaHHS TEIEMETPHIHOTO
MOTOKY IM(pPOBOTO JBiHHIKA
3ampornoHoBaHa CTPYKTypa MakeTa MICTUTh KOPHCHE HaBaHTa)KEHHS, YacCOBY
MiTKy, TOPAAKOBUI HOMED, MOTMEPEHE Ta MOTOYHE Xell-3HAYeHHs. 1i HaBeleHO B
Tabm. 1.

Tabmmns 1
CTpyKTypa TeJIEeMETPUYHOI0 MAKEeTa 3 KpUNTOrpadiuHuM 3B’ A3yBaHHIM MOBIIOMICHb
Toae Po3mip, 6aiiT Ipu3HayeHHs
L CeHcopHi BUMiproBaHHS a00 iHIIi
Payload 3MIHHHI . .
TeIeMETPHYHI JaHi
Timestamp 8 Yac hopMyBaHHSs MOBITOMIICHHS
Sequence Number 4 TlopsiikoBUi HOMEpP MaKeTa
Previous Hash (H, ;) 32 Xeur mornepeIHbOro MOBITOMIICHHS
Current Hash (H;) 32 Xelll MOTOYHOTO MOBITOMICHHS

KirouoBum eniemenrom e modsie Previous Hash. Timestamp ta Sequence Number
JOTIOBHIOIOTh KpHIITOrpadiuHuii 3B’5130K iHPOPMALIEI0 MPO Yac Ta MOJIOKEHHS
makera y mortowmi. Y pe3yJibrari MOTOYHHMM NAKeT MOXKHA IPEICTABHTH SIK

Pi = (Di ,Ti , Seqi, Hi_1, Hi) . Jl1d Tmepuioro MOBIIOMIICHHS BCTaHOBJIIOETHCS

MOYaTKOBUI y3rOJKEHUN CTaH H o - Homanpmii 3sHa4eHHs (POPMYIOThCSA PEKYPCHBHO

2.
H; =H(D |IT; [ Seq; || Hi.,) @
®opmyna (2) € OCHOBOIO 3alpOMOHOBAHOTO METOAY. 3MiHA Oyab-sIKOro 3
HOTHPHOX KOMIIOHEHTIB 3MiHIO€ ouikyBaHe 3Hauenns H,. Bommowac H,

BKJIOYAETECA JI0 HACTYIHOTO TOBiOMIeHHA sk H, ,, mo dopmye GesmepepsHy
kpunrrorpabiuy 3anexuicTs. Y pasi monudikauii renemerpii D, —D! oTpuMyeThes

@3).
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/

H(DIIT; I Seq; [ Hi,) = H; ©)

[Ipn BunaneHsi PI npuiiMad Micis IepeBipKu szl 30epirae Hi—l’ TOII SIK
HACTYIHUHN TaKeT PI " MICTUTH ITOCHJIAHHS Ha Hi . Bigmosigno, H ;‘; * Hs?aTte ,
110 CBiUUTH MPO MOPYIIEHHsI Ge3rnepepBHOCTI MOTOKy. Replay-araka BigpizHsAEThCS
THM, IO TOBTOPHO IepejaHe OB IOMIICHHSI MOYKE MaTH TIOBHICTIO KOPEKTHHI BMiCT
i xenr. IIpore #ioro Timestamp, Sequence Number ta Previous Hash sixmnosinarors
MoTIepeTHbOMY, a He IOTOYHOMY CTaHy TWOCHIZOBHOCTI. TakuM YHHOM,
TIePEBIPSIETHCS HE JIUIIE YMOBA «UU 3MIHEHO TaKeT?», a W «4IH HaJIeKHUTh el MmakeT
MOTOYHIH 1mo3uILii moToky?». Anroputm Bepudikarii nependagae oTpiMaHHS NakeTa,
nepesipky Previous Hash, mosropue o6uncnenns Current Hash, nopiBusHHS
pe3yJbTaTiB 1, y BUINAJKy YCIIIIHOI IepeBipKH, OHOBJICHHsS BHYTPIIIHBOIO CTaHY

mu¢ppoBoro agiiiHuKa. CriouaTtky —IepeBipseTbCs Hirflc" =H micns  1bOro

state ’
1 poBuii IBiitHUK oGuncIoE (4).

calc __
H™ =H(D, [T [| Seq; || Hee) “
i TIOpiBHIOE Hica'c3 orpumaHuM H. . SIKIO 3HAaYeHHs 30iraroThCs, IMAKET
npuitMaetees, a H__ <«H.. VYV mnporwiexHoMy BHNAamKy IOBiZOMICHHS

state
MO3HAYAETHCA SIK Take, W0 HE MPOMINIO KOHTPOJb LINICHOCTi, @ OHOBJICHHSI
mudpoBoro IBiiHUKA Ha WOrO OCHOBI HE BHKOHYEThCS. [1OCIiZOBHICTH omeparyiii
HaBegeHo Ha puc. 2. OcobmmsicTio CMC € HeoOXimHICT CHHXpOHi3amil
Kpurrorpapiunoro cramy. ¥ pasi BTpaTH Iakera Iepeaasay Moske nepefitu o H,

TOAI SIK MpUHMav SIMIINTBCA y CTaHiH,_ .Jlnd Taknx curyauiil mepenbadeHo

MOJICTIIICHNH MEXaHi3M pEeCHHXpOHi3alil, 3a SKOr0 BiJHOBJIIOETHCS OCTAHHIMN
BaiZHUI KpunrorpadiuHuii cTaH 0e3 HeoOXiJHOCTI MOBTOPHOI OOpOOKH BCi€l
noriepeHboi Tesemerpii. Takuid npuHIMO OYB 3aKJIaICHUI y BUXIJHY pealti3alito
METO.y.

) Y /‘") (2 /")
\ {
® @ @ &
PACKET HASH PREVIOUS HASH INTEGRITY SYNCHEONMZATION
ARRIVES CALCULATED CHECKED DECISON
= 1 AN /\.\ r
RECEIVE PACKET CALCULATE HASH o N > \ ACCEPT PACKET &
» 8. N\ UPOATE STATE
P,
oved) 7
N\ /
o N
Y

INTEGRITY FULURE

St Pacht

PucyHok 2. Anroput™ Bepuikamii HiTiCHOCTI TeJIEMETPUYHHX MMOBITOMIICHb HA OCHOBI
KpunTorpadiqHoro 3B’ s3yBaHHS
3ampornoHOBaHMIT METOJ] IEPETBOPIOE HE3AIEKHY IEPEBipKy MaKeTiB Ha
MOCIIJIOBHY TepeBipKy KpumrorpadiuHoro crany. IIpy 1npOMy Ha KiHIIEBOMY
MPUCTPOT JOCTaTHBO 30epiraTé TUTBKH OCTAHHE BAIliHE XEII-3HAYCHHSI.

227



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

4 OuiHKa pecypcHOI CKJIATHOCTI Ta eKCIepUMEHTAILHA peasti3alis MeToay
BBemenns kpunTorpadgiuHOro 3B’S3yBaHHA HE 301IbIIyEe KIIBKICTh XeII-
omnepariii Ha maker. SIk y HesanexHii cxemi, Tak i B CMC BHKOHyeTbCS OJHE
xenryBaHHA. JlomaTkoBi omepamii MOB’s3aHI NEpEeBAXHO 3 KOHKATEHAI[€I0
ciy00BHX MOJIB, TIOPiBHSAHHAM Previous Hash Ta oHoBiieHHSAM cTaHy, TOPiBHSIHHS
HaBeJICHO B Ta0M. 2. BiJJHOCHI T0JIaTKOBI peCYpCHI BUTPATH JJIs IIEBHOTO IMOKa3HUKA

X Busnauarorscs sk (5).

OX — XCMC Xind . 100% (5)
ind

ExcrepuMeHTanpHe  CEpelOBHINE  CKIAfalocss 3 TPhOX  KOMITOHEHTIB.
MikpokornTtponep STM32F407 BukoOpHCTOBYBaBCSl SIK JDKEpeNno TeJeMeTpii Ta
(¢opMyBaB TIOBiIOMJICHHS BIiIIOBITHO 10 3arpoIriOHOBaHOi cTpykTypu. ESP32-S3
BHKOHYBaB ()YHKII0 KOMYyHIKaliifHOro nuto3y Ta mnepexaBaB naHi depe3 Wi-Fi.
[udpoBuii NBIHUK peai30BaHO SIK NPOrPaMHUH €MYJIATOp Ha IEPCOHAIBHOMY
KOMIT'IOTEpi, Ha SKOMY BHKOHYBQJINChb I€peBipKka OTPUMAaHMX IIAKeTiB Ta
miATpUMaHHS KpunrorpadiuHoro craHy. BOynoBaHe nporpaMue 3a0e3nedeHHs

peamizoBaHo 3 BHKopucraHHAM FreeRTOS. Oxpemi 3amaui 3abesnedyBaiu
OTPHMaHHS CEHCOPHHMX 3HaueHb, (OPMYBaHHSI TEIEMETPUYHOTO  IIaKeTa,
kpunrorpadiuay o0poOKy, epeaBaHHs Ta CHHXPOHI3ALiIo.

Tabanus 2

TTopiBHAHHS HE3aJIEKHOTO Ta KACKaJHOTO XCIIyBaHHS

Kpurepiii He3anexxHe xenmryBaHHs KackagHe xemyBaHHs
O0uKCITIOBAJIbHA CKIIAIHICTD O(n) O(n)
Bumoru 10 RAM 0(1) 0o(1)
Bumoru 5o Flash HU3BKI HU3bKI
Xerm-onepaiiii Ha aKeT 1 1
JlonaTkoBi ciry:x00Bi naHi BIICYTHI Previous Hash + ciyx06o0Bi
oISt
Moaundikaris BHSIBJISIETHCSI BHSBJISIETHCS
BceraBnenus HE KOHTPOIIOETHCS BUSIBIISETHCS
Bunanenus HE KOHTPOIIOETHCS BUSIBIIAETHCS
Replay 00MeXEeHHI KOHTPOJIb BHSBJISIETHCS
IlepecranoBka 00MEeKeHUT KOHTPOJIb BHSABIISIETHCS
O0’eKT nepeBipku TaKeT MOTIK

Sk monermeny xem-yHkuiro Bukopuctano ASCON-Hash256, pesysibratom
sKoi € 256-6itHe 3HayeHHs. Tomy Previous Hash ta Current Hash 3aiimarors mo 32
0aiiTu. APXITEKTYpY €KCIIEPUMEHTAIILHOTO CePEeIOBHUINA HAaBEICHO Ha pHC. 3.

ExcrnepumenTt npoBoauBCst 1uist moTokiB i3 10 000 mociif0BHUX TeleMeTPUIHUX
nmaketiB. Posrisganucs makeru po3mipom 64, 128 ta 256 6aiit, 1m0 JO3BONMIO
OILIIHUTH METOJ] [UIsl Pi3HOrO CHIiBBiJHOIICHHS MPUKIATHUAX 1 CIIy:KOOBUX HaHUX. Y
MOTIK INTYYHO BHOCWJIMCS TMOPYLICHHS IUSTH THIB: Moaubikalis [maKera,
BCTaBJICHHsI, BujajeHns, replay ta mepecranoBka. Jisi KUIBKICHOTO OI[iHIOBAHHS
e(eKTHBHOCTI BUKOpHCTOBYBaics mokasuuku Detection Rate, Precision, Recall i
F1-score. ¥V BiamoBimHi cepii ekciepuMeHTiB 61m36K0 5% 13 10 000 moBigomieHb
HABMKCHO IIi/UIaBAIMCA MaHimyssimisaM. B kinekicHoMmy excriepumenti 3 Detection

228



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

Rate BuxizHa crartss okpeMo HaBOaWThH pesyinbrati i modification, insertion,
deletion i replay. Tomy pesymbraTé puc. 4 He CIiJ WITYYHO MOIIMPIOBATH Ha
NepecCTaHOBKY ~ MaKeTiB, Xo4a Ieil creHapid IepenbavyeHHii  3araJbHOO
eKCIIEPUMEHTAIIBHOFO TIOCTAHOBKOIO.

¥ - ey, o5, phathormn e

R R R R R
] | |

o 51360 [

-

Pty

Pucynok 3. ExciepiuMenTanbpHa miathpopma rnepeaaBanHs TeaeMeTpil Ta KOHTPOITO ii
IUIICHOCT1
5 PesyabTaTu J0CaiAKeHHs Ta aHAJI3 cTiliKoCcTi MeToay
Pesynbratu pecypcHOro OLIHIOBaHHA HaBeleHO y Tabu. 3. KokHe 3HaueHHs
OTPUMaHO 3a OJIHAKOBUX €KCIIEPUMEHTAlIbHUX YMOB Juii moToky 3 10 000

MTOBiIOMJICHb.
Taonuus 3
TopiBHSIHHS PECYPCHHUX XapaKTEPUCTUK HE3AJICHKHOIO Ta KACKAIHOTO XEIIyBaHHI
Hesanexne 3anponoHoBaHui 3mina,
IToka3zuuk
XellyBaHHS METOJ %
CepenHiit yac 06poOKwu, 1428 1516 +6.2
MKC
RAM, Gaiit 416 448 +7,7
Flash, Kb 31,4 32,0 +1,9
3aBanrtaxenns CPU, % 17,8 18,9 +6,2
Xemnr-onepariiii Ha maket 1 1 0
O6qncnIQBanLHa o) om) 0
CKJIaJIHICTh

CepenHiii yac 06poOKH 0OAHOTO MOBiOMIIeHHS 30imbmuBCes 3 142,8 no 151,6 Mkc,
T00TO Ha 6,2 %. IIpM 1POMY KIIBKICTH XeUI-ONepamiil 3aJunmiacs He3MiHHOIO.
Ot1xe, JO/aTKOBI YacoBI BHUTPAaTH 3yMOBJICHI HE IIOBTOPHUM BHUKOHAHHIM
kpunrorpadivHoi GyHKIII, a miATPUMaHHIM KPUNTOrpadivHOTo cTaHy Ta 06poOKOI0
city:x00BHX MMOiB. BUKOpHCTaHHS OmepaTuBHOI mam’siTi 30iabimiocs 3 416 mo 448
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Gaiit, T00TO Ha 32 Gaiiry, a6o 7,7 %. 36inbwenns Flash-nmam’sati cranosuno 0,6 Kb,
a6o 1,9 %. 3aBaHTaxeHHs nporecopa 3pocio 3 17,8 mo 18,9 %, mo Biamosinae 6,2
%. Takum YHHOM, HAKOUIBIIE BIJHOCHE 3OUIBIICHHS CEpel JOCHTiHKyBaHUX
pEeCYpCHHX TIOKa3HHKIB criocTepiranocs it RAM, omHak abCcoitoTHE 30UTBIICHHS
craHoBwIO Jume 32 OaiTH. BaxommBuM pe3ynbTaToM € 30epexeHHsI OJHAKOBOI
ACUMIITOTUYHOI CKJIQJIHOCTI Ta OJHAKOBOT KIBKOCTI Xeln-orepariiit. [le o3Hauvae, mo
PO3IMIMPEHHST 00AaCTi KOHTPOIIO BiJ] OKPEMOTO IIaKeTa JO TIOCIIJOBHOCTI HE
noTpedye TPOMOPINIHOro 30UTBIIEHHS KUTBKOCTI KpHITOrpadiuHUX OOYHCIICHb.

EdekTHBHICTE BUSBIICHHS] MaHITYIIAIIH 13 TeJIEMETPi€l0 HaBeIeHO Ha pHC. 4.
100

i 801 s —_—
9725 i i k21 e~ Propesad CIAC (ASCON Hashise)
] g bk 7 " 8 HMACSHAZSS (32 bytes tig)
9% & o \ ~okee SHA-Z58 (32 bites hagh|
-~ R
2 g
29 59
2
& On
14 g
2 $
% 9 5!
£
=] 3
21
" :
k H 43
: 8+ 2
PFacket Modificaten  Packet inserticn Pachst Deletion Reptay Atteck 32 B4 128 2% 512 1024
. . Telemetry Packet Size (bytes
Pucynok 4. PiBeHb BUSBICHHS Pi3HUX P 53 o p rom Recall
THIIB MAHIMyJISALIH i3 TEIEMETPUYHUMHU MCYHOK o. SHauCHIA FTECISION, Reca
OBiOM/ICHHAMH Ta F1-score juis 3anponoHoBaHOro

METOJy KOHTPOJIO LiTICHOCTI
HaiiGinbmr  GesmocepenHbo BHSBIEThCS MomuQikauis Bmicty. 3MmiHa D,

CHOPUYMHSE 3MiHY OOYHCIICHOTO Hi , TOMy OTpUMaHe Ta OYiKyBaHE KOHTPOJIbHI

3HAUeHHs MepecTtaroTh 30irarucs. [Ipy 1bOMy HACTIJOK HE OOMEKYETHCS OJHUM
[IAKETOM: HEIATBEPKCHHII CTaH He MOBHHEH BUKOPHUCTOBYBATHCS SIK OCHOBA IS
[OJAJBIIOr0 OHOBJCHHS JIAHIIOra. BCTaBka CTOPOHHBOIO MaKeTa 3MiHIOE
OuiKyBaHHMI epexij MiXk IBOMa CyciHIMH cTaHaMu. JIist IeriTHMHOT TOCITi JOBHOCTI

kpunrorpadiuna sanesxuicts Mae uraan H, , —H, —H,,; . Bcraska nonarkosoro

MOBIJIOMJICHHST TIOPYILIyEe Led TOpsSIOK, OCKiIbKW ioro Previous Hash a6o
copmosare Current Hash He BijmoBizaroTh O4iKyBaHOMY CTaHy mnpuiimaua. [Ipu
BUJIAJICHHI MOBiJOMJICHHS HACTYMHHM OTpPUMaHWi mMakeT Mictuth Previous Hash
BHJIy4CHOTO €JeMEeHTa, TOAI sIK TpuiiMad 30epirae cTaH MONEPEAHBOTO
MATBepKEHOr0  moBigomiieHHs. OTKe, MOPYIICHHS BHSBISIETBCSA I /IO
BHUKOPHCTAHHSI HACTYITHOTO MaKeTa JUlsl aKTyauizallii uppoBoro ABiHHHUKA.

Replay € cxmamHimmM BHMagkoM Ul HE3aEKHOTO XEIIyBaHHS, OCKiTBKH
MOBTOPHO MEpeIaHnii MaKeT MOXKE 3aIMIIATHCS KPUOTOTPapidyHO KOPEKTHHM. Y
CMC BiH mepeBipseThcst B KOHTEKCTI TIOTOYHOTO craHy. Previous Hash, Sequence
Number ta Timestamp cTaporo moBiJIOMICHHsI HE BiZMOBIIA0TH MOTOYHIM TO3MIIi
TENEMETPUYHOTO MOTOKY. AHAIOTIYHMIA MPHHIIAI 3aCTOCOBYETHCSI 10 TEPECTAHOBKH
nakeriB. HaBiTe sAxmo obuasa mosimomieHHs € neritmmHMMH, ix Previous Hash
BIi/IMIOBIJAIOTh MOYATKOBil, a He 3MiHEHi# mocmigoBHOCTI. ToMy Kpunrorpadiuna
3B’SI3aHICTH J03BOJISIE BiPI3HATH MPaBUIBHUNA HAOIp MOBIJOMIICHD BiJl MPABUIBHO
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BIIOPSIKOBAHOTO TOTOKY. 3a pe3yJbTaTaMy eKCIIEPUMEHTIB CepeiHi 3HauYeHHS
Precision, Recall ta Fl-score nepesummnu 99 %. Ile miaTBEpIKye 31aTHICTH
MEXaHi3My BHSBIIITH 3MOJIENIbOBAaHI MAaHINyJAMii 3a HHU3BKOTO DIBHA XHOHHUX
CIIpalbOBYBaHb.

Oxpim ob6uncroBansHuX BUTpar, CMC 36inbmrye obcsar nepenaHoi iHpopmarii
4yepe3 BKIIIOUCHHS CITy:)KOOBUX TomiB. Lle#l MOKa3HHK OCOOJIMBO BasKIIMBUH IS
KOPOTKHUX TeJIEMETPUYHHX HOBIJOMIICHb. 32 Pe3yJIbTaTaM1 BUXiTHOTO JOCiKCHHS
KoMyHiKaIiiHuii overhead smenmryBases Bin 68,8 % st 64-6aiiTOBUX MaKeTiB 10
17,2 % mns 256-6aiitoBux. Taka 3aJIe)KHICTD MOSICHIOEThCS (PIKCOBAHMM PO3MipOM
OCHOBHOI YaCTHHH CITy>KOOBHX JJaHHX. 31 301IbLICHHSIM KOPUCHOTO HABaHTAXKEHHSI 1X
YacTKa y 3arajbHOMY PO3MIpi MOBiIOMJICHHS 3MEHIIYyeThCs. TOMY 3aCTOCYBaHHS
noBHoro (opmary CMC € BUTiHIIINM 3 MOTISIAY BiJHOCHOTO KOMYHIKamiifHOro
HaBaHTAXKCHHSI JJIs1 OUTBIINX TEIEMETPHIHHX TaKeTiB.

st cucteM i3 Iy:Ke KOPOTKMMH TOBIJIOMIICHHSMH Liel MOKa3HUK HEOOXiJHO
BpaxoBYBaTH OKpeMoO MiJ 4yac BUOGOpY Qopmary mepenaBanHs. CyKynHHN aHai3
pe3ysbTariB AEMOHCTPYE, L0 OCHOBHOIO IEPEeBarol0 3alpOINIOHOBAHOTO METOXY
MOPIBHAHO 3 HE3AJIE)KHUM XCIIyBaHHSIM € HE IiJBUIIEHHS KpunTorpadiuHoi
crilikocti camoi Xxem-QyHKIii, a po3mmMpeHHs 00’ekTa KOHTpono. Hesanexue
XEIIyBaHHS Bi/IIOBi/la€ HA MUTaHHs PO HE3MIHHICTh KOHKPETHOT 0 iH(pOpMarifHOro
6n0xka, Toai sk CMC nonatkoBo mepeBipsie Oro HaJNEKHICTh 10 IOTOYHOTO CTaHy
TEJIEMETPUYHOTO IOTOKY.

[Ipu upoMy MeTox Mae HH3KY OOMEXeHb, SIKi HeOOXiTHO BpaxOBYBaTH IIiJ yac
MPaKkTHYHOrO  3acTocyBaHHs. [lo-mepuie, BiH mnOTpeOye  CHHXpOHi3amil
KpunTorpagidHoro crany MiK CTOpoHaMH. YacTi NpHPOIHI BTPAaTH TNAKETIB y
HecTabiIbHOMY KaHajli MOXYTb 301IbIIYyBaTH KiJIBKICTh IPOLEYP PECUHXPOHI3aLi.
[o-mpyre, momatkoBi city»O00Bi OIS € CyTTEBUMHU I Manux naketiB. [lo-Tpere,
3alpOMOHOBAHUII MeXaHi3M CHpPSIMOBaHMW HacamIepe] Ha LUTCHICTH 1
MOCIJOBHICTh TENIeMEeTpii Ta HE 3aMIiHIOE MeXaHi3MH KoH}igeHidHoCcTI abo
MOBHOIL[IHHOI aBTEHTU(QIKALil By3JiB y CHCTeMax, I€ TaKi BJIACTHBOCTI TaKOX €
000B’s13k0BMUMHU.  OTpUMaHi  eKCIepUMEHTalbHI  pe3yJIbTaTH  MiATBEPIKYIOTh
MPUIATHICT MiAX0Ly 10 cucreM nudposux asiiuukis, 10T, Medical 10T, Smart
Grid ta edge-cepenoBuiy, Uil SKHX BaKIMBE MMOEIHAHHS KOHTPOJIO I{iJIiCHOCTI
TeneMeTpii 3 OOMEXKEHHMMH pecypcamH KiHLEBUX OpHUCTpoiB. Taki cdepu
3aCTOCYBaHHs BU3HAUCHI i Y BHXiTHOMY JOCTiPKCHH.

6 BHCHOBKH Ta NepCeKTHBH MOJAILIINX A0CTi)KeHb

VYV po6oTi 3amporoHOBaHO METOA KOHTPOIIO IiTICHOCTI MOTOKOBUX AaHHX
mupoBUX [BIMHUKIB Ha OCHOBI KPUNTOrpadivHOro 3B’SI3yBaHHS MOCIIIOBHUX
moBigomieHs. HeoOXimHiCTh Horo po3poOsieHHst 3yMOBIICHA THM, HIO TpaaulliitHa
He3aleKHA [MepeBipka TeIeMEeTPUYHHUX I[aKeTiB JO03BOJSIE BCTAHOBUTH (haKT
MOTOKY - MOPSIJIOK, TIOBHOTY, YaCOBY aKTYaJIbHICTh Ta B3a€EMO3B’SI30K MOCIIiJOBHUX
TIOBiJJOMJICHb.

OcuoBoro Merony € mexanizm Cryptographic Message Chaining, BianosiaHo 10
SIKOTO TMOTOYHE XEII-3HAaueHHS (OPMYETHCS HA OCHOBI TEIEMETPUYHHX JAHHX,
4acoBOI MITKH, MOPSIKOBOIO HOMEpa Ta XEIly MONEepeHBOro MoBinoMiIeHHs. Lle
3a0e3medye 0JHOUYACHY 3aJIC)KHICTh KOHTPOJIBHOTO 3HAYEHHS BiJl BMICTY TIOTOYHOTO
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Makera 1 HONepeHbOr0 KpUnTorpadiuHoOro CraHy Ta HO3BOJIE HEpeHTH Bij
MepeBIpKM  OKPEMHX TIaKeTiB O KOHTPOJIO KpunrorpadidHo 3B’s3aHOI
TEJIEMETPUYHOI  TOCIHIZIOBHOCTI. 3alporiOHOBaHa KOHCTPYKINisE HE MOTpedye
30epirannst TOBHOi icropii moBimomieHs. /[l ¢GopMyBaHHS Ta IIE€pEeBIpKH
HACTYIHOIO CTaHy JIOCTaTHHO OCTAHHBOI'O BANIJHOTO XEl-3HAYCHHS, 3aBISKH YOMY
o0csT mam’sATi KPUNTOrpagiqHOrO CTaHy 3aTHIIAETHCS CTATAM BiHOCHO JOBXUHH
TEIEeMETPUYHOro TIOTOKY. KinmbKicTh Xem-omepamii TakoX He 30UIBIIYEThCS
MOPIBHSAHO 3 HE3AIC)KHUM XCUTYBaHHSM i CTAHOBHUTH OJIHY OIEPallilo Ha MaKer.

ExcriepnMenTansHy pearizamnito BUKOHaHO Ha ocHOBI STM32F407, ESP32-S3,
FreeRTOS ta ASCON-Hash256 mis morokis i3 10 000 moimomiens. Orpumani
pe3yJIbTaTH TMOKa3ajiy 30UIBIIEHHS CEepeJHBOro 4acy oOpoOkM makeTra Ha 6,2 %,
pukopuctanus RAM — na 7,7 %, Flash-mam’sti — nva 1,9 %, 3aBaHTaXeHHS
nporniecopa — Ha 6,2 %. [Ipu npomy 30eperkeHo IiHiHY 00UNCIIOBAIBHY CKIIQIHICTh
Ta MOCTIHHUI 00CST maM’sITi JUIsl MATPUMAHHS CTaHy.

Kpunrrorpadiute 38’s13yBaHHs 3a0e31e4ye BUSBICHHS He JIMIIE Oe3M0CepeHbOT
Moaudikaiii JaHUX, ale # MOpyLIeHb CTPYKTYPH MOTOKY, 30KpeMa BCTABJICHHS,
BHUJIAJICHHS, TOBTOPHOTO MEpe/IaBaHHsl Ta 3MiHH MOPAAKY IOBIJIOMIICHb. 3HAYCHHS
Precision, Recall i Fl-score y mpoBeneHHX eKCIEpUMEHTax MepeBHIIHIn 99 %.
BoaHoYac BCTaHOBIICHO, 10 OJTHUM i3 KOMIIPOMICIB € 301JIbIIeHH KOMYHIKaIliHIX
BUTPAT, OCOOJIMBO JUISI KOPOTKHMX TEJIEMETPUYHUX IOBIJOMJICHB: IX BiJHOCHE
3HA4YCHHS 3MEHIIyeThes BiJ 68,8 % Uit makeTiB po3mipom 64 Gaiitu 1o 17,2 % st
256 Gaiir.

TakuM 4MHOM, 3aIIPONIOHOBAHUH METO 3a0e31euye KOMIIPOMIC MiXK KOHTPOJIEM
CTPYKTYPHOI LiJiCHOCTI MOTOKOBHX JIaHMX i PECypCHUMH BUTpPaTaMH, 110 JO3BOJIE
BHUKOPHCTOBYBAaTH 1oro y BOYZOBaHHUX KOMIIOHEHTaX LU(POBHUX [BIHHHKIB.
IMopanbunii po3BUTOK MiAXOMY AOLUIBHO CIPAMYBaTH Ha aJaNnTHBHE 3MEHIICHHS
KOMYHIKaI[iiHUX BUTPAT JUIs1 KOPOTKUX MAKETIB, JOCIIDKESHHS MOBEiHKA MEXaHI3My
B YMOBaxX HecTablIbHUX KaHAIB i3 IPUPOJAHMUMH BTPATaMH IIOBiOMIICHb, allapaTHe
MPUCKOPEHHsI ~ KpunrtorpadiyHux  omepawii, OaraTokaHaibHy Bepudikawito
TeneMeTpii Ta JIOCHI/DKCHHS MOXJIMBOCTI  iHTerpamii 3 MepCHeKTHBHUMU
MOJIETIIEHUMH KpunrorpadgiyHuMKu MexaHizmMamu. Y BHXIiJHIH poboTi cepen
MOJAJblINX HampsiMiB Takox Bu3HaueHo FPGA-peamizamifo, MHOCTKBaHTOBI
TMOJIETIICH] XelI-arOPUTMHU Ta OaraToKaHallbHy MEpPeBipKy TeIeMeTii.
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METHOD FOR INTEGRITY CONTROL OF DIGITAL TWIN DATA
STREAMS BASED ON CRYPTOGRAPHIC CHAINING OF
CONSECUTIVE MESSAGES
Ph.D., Rozlomii 1.1, Ph.D., Naumenko S.2
ICherkasy State Technological University, Ukraine,
2Bohdan Khmelnytsky National University of Cherkasy, Ukraine

Abstract. The widespread adoption of digital twin technologies in industrial, medical,
energy, and other cyber-physical systems necessitates integrity control of continuous telemetry
data streams generated by embedded devices and transmitted to update the digital
representation of a physical object. Conventional independent hashing enables the detection of
modifications to individual messages; however, it does not sufficiently account for the sequential
nature of telemetry and has limited capabilities for detecting the insertion, deletion, replay, and
reordering of valid packets. A method for integrity control of digital twin data streams based on
cryptographic message chaining is proposed, in which the current hash value is generated using
the payload, timestamp, sequence number, and cryptographic state of the preceding message.
This transforms a set of independently verified packets into a cryptographically linked sequence
and enables integrity control of both individual message contents and the structural consistency
of the telemetry stream. The method does not require the complete message history to be stored,
since only the latest valid hash value is required to generate the subsequent cryptographic state,
thereby minimizing RAM usage regardless of the number of transmitted messages. The
experimental implementation was performed using STM32F407, ESP32-S3, FreeRTOS, and
ASCON-Hash256 for streams comprising 10,000 telemetry packets with sizes of 64, 128, and
256 bytes. Compared with independent hashing, the average packet processing time increased
by 6.2%, RAM usage by 7.7%, Flash memory usage by 1.9%, and CPU utilization by 6.2%.
Precision, Recall, and F1-score exceeded 99%. The obtained results confirm the applicability
of cryptographic message chaining for integrity control of digital twin telemetry streams on
resource-constrained embedded platforms.

Keywords. digital twin; data streams; telemetry; data integrity; lightweight cryptography;
cascaded hashing; cryptographic message chaining; embedded systems; ASCON-Hash256
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A METHOD FOR VERIFYING THE ACCURACY OF COMPUTATIONAL
IMPLEMENTATIONS FOR SOLVING DYNAMIC SYSTEM MODELING
PROBLEMS
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Abstract. Modern control and simulation systems are critically dependent on computational
resources that implement algorithms for real-time analysis of dynamic systems. This makes the
development of lightweight and efficient algorithmic self-monitoring a pressing need. The goal
of this work is to improve the quality and reliability of monitoring the computational process of
numerically solving dynamic equations by applying auxiliary algorithmic procedures that run
in parallel with the main algorithm but have lower computational complexity. Main objectives:
to develop and justify criteria for detecting errors and failures in the operation of the main
computational algorithm; to create a method for deciding whether to continue the computational
process upon detection of discrepancies; to formulate and verify an interpolation method for
real-time accuracy monitoring at the integration step. This work proposes a combined approach
that includes a method with increasing computational accuracy: at each integration step,
approximations of the state function are determined sequentially with an increasing order of
accuracy for the local error. The use of previously computed derivatives at intermediate stages
eliminates the need to recalculate computationally intensive right-hand sides of the system,
thereby reducing the risk of failure. Accuracy is monitored indirectly by comparing the reference
value with the result of an auxiliary formula.  Results and practical significance: the
interpolation method ensures higher accuracy of the reference.

Knmouosi cnosa. Dynamic systems, computational accuracy, numerical solutions,
interpolation-based control methods, verification of mathematical models, fault detection,
decision making.

1 Introduction

A characteristic feature of modern control systems is the widespread use of
various types of computing systems that implement modeling and control methods
and algorithms. Therefore, the quality of operation of modeling and control systems
is largely determined by the characteristics of the computing resources used. The
problem of ensuring the quality of operation-in particular, of control systems with a
computer in the control loop-is very complex from both a technical and a
mathematical standpoint. In addressing this problem, practical experience has brought
to the forefront a field of research focused on developing methods and tools that
ensure the reliability of computational and information processing operations [1]. In
real-world modeling or control systems, computational processes are inevitably
accompanied by various types of disturbances and errors. For example, when
performing numerical analysis of equations (or other mathematical relationships)
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describing the dynamics (which constitute the state equations of a dynamic system)
on a digital computer, errors in solving these equations (or other relationships) may,
among other things, be caused by hardware malfunctions and failures. In this context,
disturbances are defined [2] as distortions in the processed and control information
caused by self-correcting root causes (incorrect operation of binary hardware
elements, interference, power supply voltage fluctuations, etc.). Moreover, most
disturbances are random in nature. Therefore, effective real-time monitoring is
required to detect and eliminate errors before they propagate through the control loop,
making responsiveness one of the key characteristics of error control systems.

2 Literature Review

An effective framework for describing dynamic processes in continuous systems
when solving direct (modeling), reverse (control), and inverse (identification)
problems are differential and integral equations [5]. This is due to the inherent nature
of these types of mathematical expressions and the presence of an independent time
parameter that characterizes the dynamic behavior of the systems under study.
However, it should be noted that certain difficulties arise when solving differential
and integral equations, which, in the course of modeling and controlling dynamic
systems, are considered as mathematical models (MM) of these systems [6]. In
particular, when solving differential equations, convergence problems may arise, and
when solving integral equations, solutions may be ill-posed (for example, for Volterra
and Fredholm equations of the first kind) [5]. One of the key indicators of the
performance of computational tools used to solve differential and integral equations
— for which there is currently no universal solution — is the assessment of the accuracy
of solutions to modeling and control problems using the existing fleet of computers
[7]. However, despite the widespread use of computing technology, the problem of
assessing computational accuracy cannot be considered solved, and its relevance is
growing due to the rapid development and proliferation of cybernetic tools for various
purposes [8]. The severity of the problem lies in the complexity of analyzing
computational errors, which leads to cumbersome analytical justifications and a large
volume of computations required to obtain specific numerical data. Both general-
purpose and specialized computing technology (CT) tools are widely used to solve
many technical and research problems. A characteristic distinction between the latter
and general-purpose CT tools is the intentionally narrow class of algorithms
implemented, which is focused on solving a limited range of applied problems [9].
Naturally, this is expected to yield a number of specific advantages (compared to
general-purpose CT tools), which typically include one or a group of factors such as
increased speed, a non-analytical approach to problem-solving (for analog specialized
CT tools), reduced size and weight, and lower cost, among others [10]. It should be
noted that the issue of accuracy is relevant for both general-purpose and specialized
CT tools, albeit in slightly different forms depending on the type of tool and its
operating principle; for example, the nature of initial errors [11]. Thus, at present,
when solving the vast majority of problems in the practice of modeling dynamic
systems and synthesizing control for them, a contradiction is observed: while there is
well-developed modeling and methodological support for MM of industrially
important and environmentally significant dynamic systems [12], the issues of
assessing the accuracy and reliability of solutions to the corresponding equations as
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models of dynamic systems, as well as detecting failures (errors) in the computational
process, have not been sufficiently developed [13].

The proposed method therefore differs from conventional sensitivity analysis and
direct error estimation by introducing an intermediate layer of reference accuracy
classes and correction coefficients. The objective is not to replace rigorous error
bounds, but to use them to construct reusable accuracy classes that can support rapid
assessment of new computational problems.

The main research gap addressed in this work is therefore the absence of a unified
procedure that combines probabilistic error characterization, guaranteed bounds,
reference-class construction, and computational ranking for the subsequent rapid
assessment of dynamic-system model implementations.

3 Purpose and Objectives of the Study

The purpose of this work is to improve control over the computation process for
any methods of numerical solution of dynamic equations by developing algorithmic
control methods based on the application of a control algorithm that is executed
during the numerical solution of the given (main) problem, but which is simpler than
the main problem itself.

To achieve this purpose, the following tasks have been set:

— to propose criteria that allow one to conclude whether an error is present (or
absent) in the main algorithm for the numerical implementation of the dynamic
system’s mathematical models, thereby enabling the detection of failures in the
operation of the main computational algorithm;

— to develop a decision-making method that determines the presence or absence
of a failure and makes a decision regarding the further course of the computational
process for performing practical calculations when organizing the control of the
computational process.

4 Development of a method for verifying the reliability of computational
implementations of dynamic system models

4.1 Determining the possibilities for monitoring algorithms for the numerical
solution of problems in the computational implementation of dynamic system
models

Numerical methods for solving dynamic equations (or other mathematical
relations that form the system of equations of dynamic systems) are a step-by-step
procedure for obtaining the desired function. In this process, the computational
process is naturally divided into time-invariant segments corresponding to the
determination of the desired function at a specific integration step. Furthermore, the
computational process is divided within each integration step into time-invariant
segments that correspond to the determination of the values of the right-hand side of
the system of equations being solved (using the example of a dynamic system
modeled as a differential equation)

Y =f(Y,U,t),Y(t,)=Y, @
where Y = (yl, Yorens yn)T is the vector of state variables; U = (Ul,Uzv---,Un)T is
the vector of control signals; f =(f, f., £ is the vector-function;t is the
independent time parameter.
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Let us consider the capabilities of the numerical solution procedures (1) regarding
the organization of control (self-control) of computational processes. To organize
control (self-control), reference values are required against which the calculation
results are compared. Verified results from previous calculations or results obtained
with a low probability of failure can be used as reference values.

For any methods of numerically solving dynamics equations of the form (1),
failure control can be organized by comparing the results obtained at the current and
subsequent integration steps, respectively. The presence or absence of failures is
determined by checking the condition

E;:p(yi:ym)ED ©)
where & is a measure of the proximity of the values yi and yi+1; D is the domain of
valid values for this measure.

To control errors caused by divergences and failures, methods for controlling the
systematic error of the numerical solution at the integration stage or specific features
of the design of computational algorithms can be used.

In the prediction and correction methods [13-16], based on the difference & = |y—
ye| between the predicted yr and the corrected yc values of the function of interest,
conclusions can be drawn regarding the presence of a malfunction in the equipment.
However, the existing correlation between the values yr and yc undermines the
reliability of the control.

Let us illustrate this using the example of the improved Euler—Cauchy method
[17, 18]. Suppose the prediction is performed according to the formula:

Yia =Y, +hfps ©)
where h is the integration step; f.=1(Y,Ut), and the correction is performed

according to the expression
h £ 4
yi+1:yi+5(fi+ fi+1) “)
where f - f(?‘uytm).
As can be seen from (3) and (4), the function (\?, U:tm) is computed twice per

integration step at the points ti and ti+1. Since this process typically accounts for the
bulk of the computational work, let us assume that a failure occurred at the moment
of calculating ¢ (\?, U7ti+1) and the value of the function fi was obtained with an error

of Af,. Then the value of the function that can be obtained according to formula (3)

will be
Via =Y; +h(f, +Af; )=y, +h f, + hAf, )
Here, Ay, , = hAf, is the error in the forecast value. Let’s calculate the value of the

function Y, , according to formula (4)

h of; of, 6
yi+1:yi+2|i(fi+Afi)+ fi+67yhi(fi+Afi)+ at h} ©

The difference between the predicted (5) and corrected (6) values will be equal to
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_ ) . 7
Af, 1—%h —h of; fﬁﬁ @)
oy oy ot

from which it follows that the value & depends on the values of the derivatives
of /oy andof, /ot -

In contrast to modified prediction and correction methods, we propose a method
with increasing computational accuracy, the essence of which lies in sequentially
obtaining the value of the function at the integration step with an increasing order of

accuracy of the local error (the essence being the error at the integration step). It is
clear that for an arbitrary order of accuracy, r, we can write:
®)

yl(:—]). = Yi(r) +g[f (Yi(r): Uis )+ f(Ym: ui+1'ti+1)] '

Y =y nf(y ) ©)
where the superscript indicates the order of the local error of the approximate value.

By comparing the values of yi(Hl) and yl(g , One can draw conclusions about the
local error in the solution. This same technique can also be used to detect errors
caused by failures. Thus, if there was no failure in the previous step, an error in

determining yi(Hl) can occur only if expression (9) holds.
Given the computational complexity—and, consequently, the probability of
failure—for procedures (8) and (9), this probability is lower than for other single-step

methods of the same order of accuracy with respect to the step size h. Additionally,
since the probability of failure when computing yi(Hl) is significantly lower than the

probability of failure when computing the function f(y,u,t), when the latter has a
complex form, it is advisable (from the perspective of error control) to organize the
control process using a method with increasing second-order computational
accuracy, i.e., (r-1)=2.

The described process can be easily implemented, for example, in the second-
order accuracy method (r-1)=2 using expressions (8) and (9). In this case, when

calculating yl(ﬂ , the function f(y,ut) is not computed; instead, the value

- h
E.::‘yi-ﬂ - yi+1‘:E

f(yi(ﬂ,um,tm) obtained in the previous integration step is used, which
significantly reduces the probability of an error occurring when calculating the value

yl(fl) An algorithm that implements the method with increasing computational
accuracy must meet the following requirements:

1. The calculation process at each integration step must begin with determining
the function T at the point ti+1 . In this case, the function f(y,u,ti+1 ) is not computed;
instead, the value of the function f obtained and verified during the calculation of the
most accurate solution to system (1) at the previous integration step is used. The
calculation formula for obtaining the first approximate value y(ti +h) with a local error
of O(h?) is given by

2 -1
v =y e nf(y ) (1)
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where r is the order of the local error of the approximate solution; f<y(r—1), ut, ) is

I
the estimate of the derivative used in determining yi(r) .

If we disregard the single-step condition and incorporate information about the
problem being solved over an interval longer than the integration step h, we can
increase the order of accuracy of the first approximate value of the function y(ti+ h).
When constructing a multi-step procedure to obtain the first approximation of the
function at the point ti+1,0ne can use estimates of the derivative of the function
af(y+aAy,u,t,,) obtained within the step [ti-1, ti ]. The correctness of the calculations

ay
according to (8) is verified by checking the condition
EeD, (11)

where = Eﬂ\(yl(ﬂ’ yl(ﬂ) —the measure of computational accuracy; D —the permissible

range of values for this measure.
If condition (10) is not satisfied, the incorrect solution is corrected by

recalculating the values of yl(ﬂ or by replacing yl(f% with yl(fl) . In the latter case, an
error will be introduced, which is determined by the difference between the residual
terms in the corresponding formulas and is a small quantity of the order of O(h?). In
this case, the correction time will be a random variable with a mathematical
expectation of

a m m -m (12)

M [Tkop]: (tﬂaﬁ + tOl‘l.K )ZOCH p q H
m=

where tecomp — the time required to compute the next approximation of the function y(t)
at point ti+1 ; teheck — the time required for the check operation; H = kN (k is the
number of divisions required to obtain a solution with increasing accuracy, N
is the number of integration steps); p is the probability of failure when computing the
next approximation; ¢ = 1 — p.

The expected value of the total solution time for N calculation steps is

Kop

If the correction is performed by replacing the incorrect value of yl(g with the value
of this function at the point ti+1 that is closest in accuracy, then an error will be
introduced into the solution

I I I I
E_v = y|(+1-1) - y|(+;. = nf—:il) - T]l(-¢—)1 (14)
where yl@l and yi('ﬁl) are successive approximations of the function y(t) with local

error orders | and (I+1), respectively; ni(|+)1 andni('jll) are small quantities with

smallness orders h' and h'** respectively.

2. The number of partitions k (i.e., the number of values yI(Q obtained with
increasing accuracy on the interval [ti, ti+1]) can be chosen by minimizing (11) subject

to the constraint on the value of ¢ = (yi('ﬁl) _ Y.('ﬁ) or conversely, by minimizing &
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subject to the constraint on M[T]. However, in practice,tHa6 >SSt o and therefore,

when designing an algorithm for the method with increasing accuracy, it is advisable
to choose the maximum number of partitions k that is possible for the method of the
selected accuracy order r. Let us estimate the leading term of the error using Runge’s
rule [18, 19]. In this case, the application of this rule boils down to the following. For
a given point t on the interval [to, tn], using the kth-order accuracy method, we can
sequentially obtain the approximate values of the function Vi, and Vi, at steps h, #h,

, respectively. Let us define the quantity:
Yo, — Yh, 15

" nk—hf
Then, taking into account the magnitude of the leading term of the error for
each of the values h=h: and h=hz
Y, = Yn, and Vi, = Y (16)
g o=hk2 2 =hkh "o
R

we can draw conclusions regarding the accuracy of the calculations.
With a uniform step size for the interval [to, tn], that is, if hi= h and h2= 2h, the
expression for the leading term of the error takes the following form:
_ _Yn —VYon 17)
& y yh 2k 1

Depending on the calculated value of &, to achieve the specified accuracy, the step
size h must either be decreased or increased (although in the latter case, the calculated
accuracy will exceed the specified accuracy, the computation time may increase
significantly, and the convergence of the solution may deteriorate).

An error caused by a failure and exceeding the permissible value of the leading
term of the error estimate &perm Will be detected and eliminated by recalculating with
a reduced step size h. The Runge rule [15] requires additional computations, which
significantly increases the time required and the probability of first-kind errors (also
known as o-errors, i.e., a false-rejection conclusion is drawn, leading to the rejection
of a true hypothesis), and therefore the application of this rule in control systems is
problematic (or even unacceptable). It should also be noted that the use of variable
step size in calculations — that is, h=const — in control systems is further
complicated by the presence of control signals, which must be either pre-stored or
calculated using interpolation formulas when the step size h changes, introducing an
additional error into the solution. Therefore, when evaluating computational errors
for control systems, we will demonstrate the possibility of applying quadrature
formulas. We will use the values y. and j—1 N obtained using the main

algorithm, applying the following quadrature formula
ty
yt)=ys + | £y u,t)at

to
where y* is the exact value of the function, and then we can obtain

(18)
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N
_ * , 19
yN:yO+zAif(yivuilti) (19
i=0
where A are constant coefficients.
The conclusion regarding the presence of an error is made by checking the
condition:

E):‘yN _VN‘SEJHOH (20)
where &l is the permissible value of the error &

Below, we propose algorithmic control methods [17] that can be applied to
control the computation process for any method of numerical solution of dynamic
equations. In addition, we will consider control based on the application of an
additional (verification) algorithm at each step of the numerical solution of the
dynamic equation.

4.2 Interpolation-Based Control Method

When using the extrapolation control method, it is possible to correct the solution
not by repeating the calculations, but by replacing yi:1 with Yi+1, which is essential
for modeling and control on a real-time (or accelerated) time scale. However, the
accuracy of the control in this case depends on the accuracy of the solution
extrapolation using Equation (22) and may prove unsatisfactory.

~lgM[¢£] ~lgofs]
T : o3 o7
‘ 7‘ © £ ,[max Ivil
oY - Y
‘ , £= % mapy S
t
3
3
1
3
z \
2 [
——
1 ]o 002 004 006 008 01 012 014 h
© 002 004 006 008 Ol 012 014 B Figure 2. Dependence of the mean
Figure 1. Dependence of the square error o[&] of the variable & on the
mathematical expectation M[] of the step size h

variable & on the step size h

For this reason, from the perspective of improving control accuracy, the method
based on the concept of interpolation should be considered superior to the
extrapolation method [17]. Note that, unlike extrapolation formulas, interpolation
control formulas account for the change in the solution at the controlled calculation
step, which leads to a reduction in the difference between the values y and Y which
result from the application of algorithms Ao and A, respectively. The accuracy of the
interpolation can be improved by incorporating the results of calculations using the
main algorithm As up to the calculation step being controlled. To increase the
sensitivity of error control caused by disruptions, one should use a control
interpolation formula to determine the function value obtained at the calculation step
closest to the controlled calculation step.

In light of the above, we propose a control-based multi-step interpolation formula
that can be used to monitor the computation process at the (i+1)-th step:
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Py S1
Vi=> a,y,+h> b f(Y, Ut )
p=-1 s=—1 (21)

where ap and bs are real coefficients; p . o (this is a degenerate case in which ao=1
and all other coefficients are zero, and the identity ; _, holds).

As in the case of the extrapolation formula (22) in (29), the upper limits of
summation must be chosen depending on the required order of control accuracy, and
the coefficients ap and bs must be chosen based on the accuracy of the representation
of polynomials of the corresponding degree.

Thus, expression (21) defines the procedure for the interpolation method of
calculation control [12]. The fundamental difference between the interpolation
expression (21) and the extrapolation expression (22) as control algorithms lies in the
following. In the case of extrapolation formulas, the directly controlled quantity is the
function value obtained using the main algorithm Ay at the controlled calculation step,
and the control value is the result of applying expression (22). In the case of
interpolation control formulas, the value y. is calculated using expression (21), and

the reference value is the function value obtained using the main algorithm Ay at the
previous (i-p)-th calculation step; that is, indirect control is essentially performed.
The error in calculating the value Vs using the main algorithm Ay is transformed into

the error AY, in determining y, according to formula (21). The deviation in Ay, in
this case, within the framework of linear accuracy theory, will be defined as

Ay, =Ln, (22)
where =0y, /0Y;., -
When applied to expression (21), L is determined by the formula

L=a. — b*h af (Y‘ U'ti+l)
6y|+1 , (23)

where , and |, are coefficients, with |, . in (21).

: —{szl{(yu - yivjﬂmaxiy‘ﬂz} (24)

on the discretization step size h in Equation (1), which describes the flight
dynamics of an aircraft. Curves 1 and 2 were obtained using first- and second-order
interpolation formulas, respectively, at the (i+1)-th calculation step according to the
basic algorithm Ap:

12

¥i = Yia —h¥is (29)
¥ =Y —0.50(Y;,, + V1) (26)
For comparison, curve 3 is shown, corresponding to the use of the extrapolation
formula
Via=VYi+ h(2'25yi71 _1'25yi—2) @7)
It can be seen that as the discretization step size h increases, the accuracy of the
interpolation control method increases compared to the extrapolation method.
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The interpolation control method allows for increased accuracy in obtaining
reference values. However, when organizing the control of a computational process,
it should be borne in mind that when using the interpolation control method, it is not
possible to replace an erroneous value obtained using the main algorithm A, with a
value obtained using the control algorithm A« (which is possible with the
extrapolation method).

4.3 Constructing “lower” estimates of the distribution laws of the non-
removable error based on the use of guaranteed estimates

Hereinafter, we will assume that the excitation elements AAand Ab are random
variables with known probability characteristics. The lower-bound distribution law
for the quantities || Ax || and || Ax||/|| x| (i.e., those that determine the accuracy of

the solution to equation (8)) can be obtained by determining the distribution law of
the right-hand side of the corresponding guaranteed error. Without loss of generality,
we will consider the following estimates:

- for absolute errors

e LA LU AAL ]+ [14b1) 28)
AT [aA|
- for relative errors
a1 g LBATL 180
g A AT g (29)
Il = TATT 14T

In the first case, the random variable of interest is a function of two random
variables || AA||- || Ab|| and non-random parameters A-. | x|| .In the second case, it

is a function of the same random variables and non-random parameters
IALILAll- JIb]|- It should be noted that the values A ||x|| are, as a rule,

unknown.
To solve the given problem, it is necessary to know the distribution functions of

the random variables || AA||- ||Ab||-To find them, we propose the following

procedures.
1. Let there be an n-dimensional vector Ab, whose components Abi and

i =1, nare random variables with distribution functions F, () . We need to:
— Find |:“Ab”2 (1)

Fia, ()= [IRO-FEaLe>0 (30)
0,t<0.
— Determine R, Ok
Flaw, (1) = P{Z] Ab <t} (31
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2. Let there be an (N X N) matrix AA, whose components Aaij and i, j =1,_n
are independent continuous random variables with distribution functions F,(1) We

need to:
— determine |:”Ab”2 (1)

R (1),7>0; (32)
Flawy, (7) = 'l:[
0,t<0.
where F’(r) is the distribution function of the random variables &.
— Determine |:HAb”2 (1)-
F(x),t>0; (33)
Flawy, (0) = 11:[
0,t<0.

where Fi**(r) , j =1 nis the probability mass function of the random variables.

A coarser but easily computable lower bound can be constructed by determining
the probability of landing within a rectangle with sides parallel to the coordinate axes
and vertices at the points (Tarmins Tomin s (€ Tomin )s (Tyin » O, (C, 1) It is advisable to
take the point of intersection of the lines <, + <,

H=1

_ const 2Nd T, =y, as the pointc, o

, where vy (Fig. 3, a, b).

= Uimin
ur ur
0 _h Tl Tima T, 0 i1 T T,

s FFI~F-FFd/=—===-== T L2 S —— 7 ———————

0=y

ur

., b)

Figure 3. Construction of the lower bound of the estimate of the non-removable error, a —

graphical determination of the distribution R H(T) ; b — determination of a “rough” estimate of

the lower bound

In this case,
— 1 P | PO (34)
TAZL - TAlL 1+y@+r) 1+y(Q+7)
When solving a system of linear algebraic equations, the matrix AA and the
vector Ab depend on the method of inputting the input data. However, in any case,
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it can be assumed that the matrix AA and the vector Ab coincide with the error
matrix and error vector for the coefficients of the corresponding elements of matrix
A and vector b .

5 Conclusion

The possibilities for verifying the accuracy of the computational implementation
of dynamic systems’ mathematical models during their modeling and control
processes have been identified.

A method with increasing computational accuracy is proposed, which, unlike the
basic and modified methods of prediction and correction, allows for the sequential (in
particular, at individual integration steps) determination of the values of the sought
state function of dynamic systems with an increasing order of accuracy of the local
error.

Moreover, the order of accuracy can be specified in advance, prior to the
execution of the main stages of the numerical implementation of the mathematical
models for a dynamic system.

Algorithmic control methods are proposed that can be applied to control the
computation process for any method of numerically solving equations of dynamics,
namely: extrapolation and interpolation control methods. These methods are based on
the use of a control algorithm that is executed during the numerical solution of the
given (main) problem, but which is simpler than the main problem itself. The
difference between these methods lies in the fact that the extrapolation method allows
for an increase in the accuracy of the calculations by using, within the control
algorithm, information that has already been verified in previous steps of the main
algorithm, while the interpolation method enables the implementation of implicit
control, which reduces the range of deviation of the controlled variable from the
reference value-that is, it reduces the noise level.

Criteria are proposed that allow one to conclude whether an error is present (or
absent) in the main algorithm of the numerical implementation of a dynamic system’s
mathematical models, thereby enabling the detection of malfunctions in the main
computational algorithm.

This has made it possible to develop adaptive methods for verifying the accuracy
of the numerical implementation of dynamic systems mathematical models; these
methods ensure the determination of the control algorithm’s parameters based on the
condition of minimizing a selected measure of proximity between the results obtained
using the control algorithm and the main algorithm for the numerical implementation
of dynamic systems mathematical models.

To perform practical calculations when organizing the control of the computation
process, a decision-making method is proposed whereby the presence or absence of
a failure is determined and a decision is made regarding the further course of the
computational process.

The method is based on taking into account the degree of divergence (or
discrepancy) between the values obtained using the main and control algorithms, as
well as setting a tolerance for this degree of divergence and subsequently selecting a
strategy for continuing the computational process.
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METO/] HIEPEBIPKH TOUHOCTI OBYHU CJIFOBAJIBHUX PEAJII3AILINA
JJIS PO3B'SI3AHHS 3AJAY MOJAEJIIOBAHHSA JTUHAMIYHUX
CUCTEM

Dr.Sci., ITosoxkaenko C., Dr.Sci., ®omin O., ITpoxodnena JI.,
Ph.D., ITpoxodner A., Ph.D., CaBeaneB A., @ijin 1.
Hayionanvnuii ynieepcumem «Odecvka nonimexuixkay, Yxpaina,

Anomauia. Cyvacui cucmemu KepyeanHs ma MoOeNOBAHHS 3HAYHOIO MIPOIO 3AN€HCAMb Bi0
06UUCTIOBATLHUX PeCypPCIs, WO peani3yionb aleopummu O1s aHanizy OUHAMIYHUX cucmem y
peorcumi peansHozo uacy. L{e pobums po3po6Ky KoMnAKmMHUx ma eqhexmueHux aieopummivHux
3ac06i6 CAMOKOHMPOIIO HA2ATbHOW nompeb6oio. Memoio danoi pobomu € nidguwerHs AKocmi
ma HaoitinoCmi MOHIMOPUH2Y 0OUUCTIOBANLHO20 NPOYECY YUCETLHO20 PO36 SI3AHHS OUHAMIYHUX
DI6HANL WNAXOM 3ACMOCYEAHHS. OONOMIJICHUX AN2OPUMMIUHUX NPOYeOyp, AKi GUKOHYIOMbCS
napaneibHo 3 OCHOGHUM AN2OPUMMOM, ale MAaromb MeHULy OOHUCTIOBANbHY CKIAOHICHb.
Ocnogni 3a60anns; po3spobumu ma 0OIPYHMYEAmMu Kpumepii 6UagieHHs NOMUNOK | 300i8 y
Ppobomi 0CHOBHO20 OOUUCTIOBANLHOR0 GN2OPUMMY, CMEOPUMU MemO0 NPUNHAMMSA DiuenHs.
Wo0o NpPoO0GdICEeHHS.  OOYUCTIOBAIbHO20  npoyecy Ricla  6UsAGleHHA  po30idcHocmel,
cpopmymosamu ma nepegipumu Memoo iHmepnoaAYii 0 MOHIMOPUHZY MOYHOCHI 8 PeHCUMI
Peanvbrozo wacy Ha Kpoyi inmezpysauus. Y yiu pobomi 3anponoHo6ano KomoiHosanutl nioxio,
wo exkmo4ac memoo i3 NiOGUWEHHAM OOUUCTIOBANLHOI MOYHOCMI: HA KOJICHOMY Kpoyi
inmezpyeanna anpokcumayii @yuKyii cmany u3HAUAIOMbCA NOCIO0BHO 30 3POCMAIOYUM
nopsAoKomM mouHocmi ONiA JIOKANbHOI noxubku. Buxopucmanna nonepeonbo oobuuUcIeHux
NOXIOHUX HA NPOMIJICHUX emanax ycysae HeoOXiOHicmb nepepaxyHKy 00UUCTI06ATbHO -MICIKUX
NPasux YacmuH CUCeMU, MUM CaMum 3MEeHWYIuU pusux 36010. Tounicms KOHMpPONIOEMbCA
0NnocepeoKoBano WIIAXOM NOPIGHAHHA emAalOHHO20 3HAYEHHS 3 pe3YIbMmamom OONOMIdICHOI
dopmynu. Pesynemamu ma npakmuune 3HauenHa: iHmepnonayis

Knrwowuosi cnosa. Junamiuni cucmemu, oOYUCTIOBANbHA MOYHICIb, YUCENbHI PO36 A3KU,

Memoou Kepyeanus Ha 0OCHOBI inmepnoayii, éepugikayis mamemamuyHux mooenell, GUAGNeHH
Hecnpasnocmetl, nPUIHAMMA pileHb.
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Abstract. The performance of REST API load-testing tools varies depending on workload
characteristics, testing objectives, and infrastructure constraints. This study compares k6,
Apache JMeter, and Postman under a controlled and unified REST API testing environment
using consistent workloads and multiple load profiles. Performance and resource utilization
were measured to identify differences in tool behavior and practical trade-offs. The results show
that the evaluated tools have distinct performance profiles and that no single tool is optimal
across all testing scenarios. SWOT analysis was used to summarize the experimental findings
and identify key tool characteristics. Based on these results, a scenario-based approach was
developed for four testing scenarios: latency critical, CPU constrained, memory constrained,
and stress testing. The study demonstrates that load-testing tool selection should be based on
the primary objective and constraints of a specific testing scenario.

Keywords: REST API, load testing, performance testing, resource utilization, load-testing
tools, tool selection, scenario-based selection.

Introduction

Performance testing is essential for assessing whether software systems can
sustain realistic workloads and meet performance requirements [1]. Its importance
has increased with the widespread of microservices, cloud platforms, and DevOps
(Development and Operations), where REST (Representational State Transfer) APIs
(Application Programming Interfaces) play a central role in distributed system
interactions [2].

Numerous open-source and commercial tools are available for REST API load
testing, differing in workload generation, scripting, resource consumption, reporting,
and CI/CD (Continuous Integration/ Continuous Delivery) integration [3]. These
differences can lead to different tool behavior across workload scenarios: a tool with
favorable response-time performance may consume more computational resources or
behave less predictably as the workload increases. The resulting research problem is
to determine which load-testing tool is most appropriate for a given testing context,
considering workload characteristics, REST API requirements, and infrastructure
constraints. Although numerous studies have evaluated and compared performance
testing tools [4], the existing literature largely focuses on specific tool combinations,
individual testing scenarios, or isolated performance characteristics. Comparisons
conducted under different experimental conditions also make it difficult to determine
whether the observed differences are attributable to the testing tool itself, the
workload profile, the characteristics of the tested API, or the underlying

250



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

infrastructure. This motivates the development of an experimentally grounded
approach for scenario-specific REST API load-testing tool selection.

This monograph addresses this gap through a controlled comparison of k6,
JMeter, and Postman tools using a unified REST API testing environment, consistent
workloads, and multiple load profiles. The study analyzes their performance, resource
utilization, and practical trade-offs to develop an approach to tool selection under
different testing objectives and infrastructure constraints.

Literature review

Performance testing is essential for developing software products that meet user
requirements. Web server performance directly affects the speed, efficiency,
reliability, and overall user experience of web applications [3]. As demand for high-
performance web services increases, evaluating web servers and applications under
different workload conditions becomes increasingly important. However, scalability
and maintenance challenges can limit the ability of web application architectures to
satisfy growing performance and load-testing requirements, particularly in high-load
environments [5]. Due to the time-consuming nature of performance testing, its
integration into DevOps CI/CD pipelines has become important for accelerating
software delivery and reducing testing delays [6]. Several open-source and widely
used tools support web and API performance testing. Grafana k6 is an open-source
load-testing tool developed in Go that combines high execution performance with
ease of use and supports JavaScript-based test scripting [7, 8]. Its CLI-oriented
(Command Line Interface) design, Docker support, and relatively low resource
consumption make it suitable for automated and high-load testing scenarios [9, 10].
Apache JMeter is an open-source performance-testing tool supporting multiple
protocols and workload configurations [11]. Apache JMeter architecture is based on
the concept of emulated users. JMeter employs XML-based test plans with thread-
based load generation. Test scenarios in JMeter are structured into Thread Groups,
which define the number of concurrent users and the execution behavior of the
workload Each emulated user is represented by a separate thread responsible for
generating requests to the system under test according to the specified configuration.
JMeter built-in components and extensions can be combined to define different
workload patterns and reproduce complex testing scenarios. However, JMeter may
exhibit high memory consumption during large-scale tests and has limitations related
to real-time monitoring and the complexity of distributed test configuration [12, 13,
14]. Postman is a widely used APl development and testing platform that also
supports performance testing through predefined load profiles and automated
JavaScript-based test scripts [15, 16, 17]. Its user-friendly interface and APIl-oriented
workflow can simplify test development and monitoring, although limitations include
resource-dependent virtual-user capacity, restricted test-data configuration, and
limited support for introducing request delays in performance scenarios. Command-
line execution is another important characteristic of performance-testing tools
because it simplifies automated, repeatable, and CI/CD-integrated testing. CLI-based
execution allows test configurations and runtime parameters to be explicitly defined
and version-controlled while avoiding the additional resource overhead associated
with graphical interfaces. Apache JMeter provides a dedicated command-line mode
for load testing, while k6 is primarily designed around CLI-based execution. Postman
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also supports automated execution through the Postman CLI, enabling collections and
performance tests to be integrated into CI/CD workflows [18]. Previous studies have
compared performance-testing tools under different workloads and testing
environments. Study [4] evaluated Apache JMeter, Grafana k6, Gatling, Locust, and
Artillery in a Jenkins-based CI/CD pipeline using representative, maximum, and
spike workloads. Grafana k6 demonstrated the highest resource efficiency across the
evaluated scenarios. A comparative study [19] of JMeter, k6, Gatling, and Locust
using web-game workloads showed that tool performance depends strongly on
workload characteristics: k6 performed best in write-intensive scenarios, JMeter in
read-intensive workloads, Gatling provided efficient memory utilization under mixed
loads, and Locust was suitable for resource-constrained environments. Other research
reported that Postman achieved higher overall performance than JMeter and Robot
Framework [20], while a comparison of Karate DSL, REST Assured, k6, and JMeter
showed differences in test execution time, with JMeter requiring the longest execution
time in the evaluated scenarios [3].

Overall, existing studies confirm the importance of performance testing and
demonstrate substantial differences between testing tools. However, variations in
testing environments, workloads, and evaluation criteria make their results difficult
to use as a direct basis for tool selection. Existing research often evaluates tools
according to general performance characteristics rather than considering specific
workload profiles, API requirements, and infrastructure constraints.

Controlled experiments using a common environment and consistent workloads
can provide a more comparable basis for evaluation. Therefore, this monograph
combines controlled experimental evaluation with systematic analysis of tool
characteristics. SWOT analysis is used to interpret the experimental findings, which
are subsequently applied to develop a scenario-based approach for selecting REST
API load-testing tools according to the primary objective and constraints of each
testing scenario.

Methodology

The experimental methodology was used to compare the performance of three
load testing tools under different workload patterns. The experimental environment
was deployed on a local physical server to minimize the influence of network latency
and external infrastructure variability. All experiments were executed under identical
hardware and software conditions to ensure reproducibility and fair comparison
between the evaluated load testing tools. Experiments were conducted on a
workstation equipped with Windows 11 x64 25H2, equipped with an Intel Core i9-
11900H 8-core CPU and 16 GB RAM. The application under test was implemented
as a RESTful API using Node.js with the Express framework. Data persistence was
provided by the Better-SQLite3 embedded database. Synthetic test data were
generated using the Faker library to create realistic datasets while maintaining
identical input conditions across test runs (Figure 1a). The supporting services were
executed in Docker containers (see Figure 1b). Resource utilization were collected
using Prometheus, while Grafana was used for visualization and inspection of CPU
and memory (RAM) consumption throughout each experiment.
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Figure 1. Experimental environment: a) architecture; b) supporting services (source: own
elaboration)

The supporting services were executed in Docker containers (see Figure 1b).
Resource utilization were collected using Prometheus, while Grafana was used for
visualization and inspection of CPU and memory (RAM) consumption throughout
each experiment. To ensure consistency, the same application version, database state,
workload configuration, and monitoring setup were used for every experimental run.
Each Tool x Load combination was executed 10 times under identical conditions:
Node.js — v24.16.0; Express — v5.2.1; Better-SQLite3 — v12.11.1; Faker — v5.5.3;
Docker — v4.81.0; Prometheus — v3.12.0; Grafana — v13.0.2. The application uses a
relational database consisting of four entities: Users, Products, Orders, and
Order_Items, as shown in entity-relationship (ER) diagram on Figure 2. Each user
could create multiple orders, and each order contained one or more order items linked
to products, representing a simplified e-commerce workflow for CRUD performance
evaluation. A Better-SQLite3 database was populated with 1000 users, 3000
products, 10000 orders, and 30000 order items. Before each experiment, the database
was restored from a predefined dump and the local application server was restarted
to ensure identical initial conditions.

U | mooics |
o i DADERS | OROERTEMS PK i

frst_name Mo PK |id name

last_rizme s P userid H—— FK |orgerid H——H  lcategoy

(5= status FE peoduct_id price
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stanus )
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Figure 2. ER diagram of the experimental database schema (source: own elaboration)

Four workload profiles were designed to represent common performance testing
scenarios: Ramp, Spike, Peak, and Fixed. Each workload profile was executed
independently using all three load testing tools. For every Tool x Load combination,
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10 independent experimental runs were performed to reduce the influence of random
variation. Each load profile defines a different pattern of virtual user generation over
time. The workload patterns used in this study are illustrated in Figure 3.

fue

b)

<) 5y

Figure 3. Load type visualization: a) Ramp; b) Spike; c) Peak; d) Fixed. (source: own

elaboration)

A common logical test scenario was implemented in k6, Apache JMeter, and
Postman for cross-tool comparison. Although the tools use different workload-
generation mechanisms, equivalent configurations were selected to reproduce the
same workload profiles (e.g., ramping-vus and constant-vus in k6, Ultimate and
Concurrent Thread Groups in JMeter, and predefined load profiles in Postman). The
endpoint sequence, test conditions, and iteration data selection strategy were kept
consistent across all experiments. The configurations are summarized in Table 1.

a TestPlan
S+l p@gc - Uitimate Thread Group CRUD scenario
Ny Constant Timer wer GET Products
#" GET Products Request:
:e7 Delay

#l- 4" GET Orders Request

" GET Order Details Request £1 GET Orders
/. HTTP Header Manager oeT Delay
< | J5R223 PreProcessor ;v GET Order Details
»#" POST Order Request
A wt Delay
2% HTTP Heacer Manager
= _ J5R223 PreProcessor #es1 POST Order
¥ Regular Expression Extractor cer Delay
-l p* PUT Order Request wr PUT Order
. HTTP Heacer Manager
aeT Delay

= _ JSR223 PreProcessor

#" DELETE Order Request okt DELETE Order

1 Delay
Figure 4. HTTP requests used in test plan/collection for JMeter and Postman (source: own
elaboration)

To ensure realistic and comparable workload generation, the scenario included
product and order operations (Figure 4), multi-table database joins, and data
aggregation. A fixed 3 second think time was applied between requests across all
tools, using the Constant Timer in JMeter, the Postman Echo delay endpoint in

Postman, and sleep() in k6.
Table 1
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Workload configurations

Workload Tool Test Configuration
profile Duration,
min
Ramping load K6 10 ramping-vus; startVUs=125; stages: 125—500 (5
min), 500—500 (5 min)
JMeter 10 Ultimate Thread Group: 1) start threads count =
125, initial delay =0, startup time = 0, hold load for
=600 s, shutdown time = 0 s 2) start threads count
= 325, initial delay = 150 s, startup time = 150s,
hold load for = 300 s, shutdown time =0 s
Postman 10 Ramp-up load profile; initial load = 125, Virtual
users = 500, Test duration = 10 min
Spike load K6 10 ramping-vus; startVUs: 80; stages: 80 (4 min),
80—800 (1 min), 800—80 (1 min), 80 (4 min)
JMeter 10 Ultimate Thread Group: 1) start threads count = 80,
initial delay =0, startup time = 0, hold load for =
600 s, shutdown time = 0 s 2) start threads count =
720, initial delay = 240 s, startup time = 60 s, hold
load for = 0 s, shutdown time = 60 s
Postman 10 Spike load profile; initial load = 80, Virtual users =
800, Test duration = 10 min
Peak load K6 10 ramping-vus; startVUs: 300; stages: 300 (2 min),
300—1500 (2 min), 1500 (2 min), 1500—300 (2
min), 300 (2 min)
JMeter 10 Ultimate Thread Group: 1) start threads count =
300, initial delay =0, startup time = 0, hold load for
=600 s, shutdown time = 0 s 2) start threads count
= 1200, initial delay = 120 s, startup time = 120 s,
hold load for = 120 s, shutdown time = 120 s
Postman 10 Peak load profile; initial load = 300, Virtual users =
1500, Test duration = 10 min
Fixed load K6 15 constant-vus; vus: 500; duration: 15m
JMeter 15 Concurrency Thread Group: target concurrency =
500, hold target rate = 15 min
Postman 15 Fixed load profile; virtual users = 500, Test
duration = 15 min
/IGET PRODUCTS

const getProd = http.get("http://localhost:8080/api/products”, {

tags: {

endpoint: "GET /products”

}
bk
sleep(3);

check(getProd, {'products are read successfully': r => r.status === 200});

/IGET ORDERS
const getOrders = http.get("http://localhost:8080/api/orders", {
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tags: {
endpoint: "GET /orders"
}

sleep(3);
check(getOrders, {'orders are read successfully': r => r.status === 200});

)

/IGET ORDER DETAILS

const getOrderDetails =
http.get("http://localhost:8080/api/orders/${orderldGet}/details", {
tags: {
endpoint: "GET /orders/:id/details"}
i
sleep(3);

check(getOrderDetails, {"order details are read successfully': r => r.status === 200});

/IPOST - CREATE ORDER
const createRes = http.post(http://localhost:8080/api/orders',payload,

headers: {
'Content-Type": ‘application/json’
}
tags: {
endpoint: "POST /orders"}
+
);
sleep(3);

check(createRes, {
‘order created': r => r.status === 201

b

const createdOrder = createRes.json();

const orderld = createdOrder.orderld;
Listing 1. Example of part of HTTP requests sequence used in k6 test scenario
Predefined test data were selected deterministically using the iteration index
(__ITER in k6 and equivalent iteration variables in JMeter and Postman) as shown in
Listing 2 and Figure 5. Five values were cycled for userld, productld, and orderld to
distribute database access and avoid repeatedly targeting the same records [21].

constusers =[1, 2, 3, 4, 5]; def users = [1, 2, 3, 4, 5]
const products = [10, 20, 30, 40, 50]; def products = [10, 20, 30, 40, 50]
const orders = [10, 20, 30, 40, 50];
def threadNum = ctx.getThreadNum()
function pick(arr, index) {
return arr[index % arr.length]; Integer iteration = vars.getObject("iteration")
} if (iteration == null) {
iteration = 0
[[flow logic }
export default function() {
const userld = pick(users, __ITER); vars.putObject(“iteration”, iteration + 1)
const productldl = pick(products,
ITER); int _index = threadNum + iteration
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const productld2 = Number(productldl
+1); log.info("iteration = " + vars.get("iteration"))
const orderldGet = pick(orders,
__ITER); int productldl = productsfindex %
products.size()]
/I PAYLOAD - CREATE ORDER int  productld2 = productldl + 1
const payload = JSON.stringify({
userld: userld, vars.put(“userld", users[index %
status: "NEW", users.size()].toString())
items: [ vars.put(“productldl”,
productldl.toString())
productld: productldi, vars.put(“productld2",
quantity: 1 productld2.toString())
{
productld: productld2,
quantity: 2
1
b
a) b)

Listing 2. Selection of test identifiers in: a) k6; b) JMeter JSR223 POST
preProcessor

oy POST Order

POS v http:fflocalnost:B080/api/orders

- Params  Aut atlon  Headers Jody Seripts attir
Pre-request > const usexs = [1, 2, 3, 4, 5];

const products = [18, 20, 3@, 40, 350];
respo

let iteration = N er(pm.info.iteration 2? 0);
e.log("itexation = ", iteration);

const userld = users[iteration length];

const productld products[ite % praducts.length];

const productId2 = productIdl + 1;

pm.variables.set("usex

", userId);

console.log("usex , userld);

ductIdl”, productIdl);

fuctId2", productld2);
Figure 5. Selection of test identifiers in Postman pre-request script for POST request (source:
own elaboration)

To ensure a fair comparison across all evaluated tools, the workload profiles were
designed according to the load generation strategies supported by all platforms. In
particular, the four workload profiles (Ramp, Spike, Peak, and Fixed) were adopted
because they are natively supported by Postman and can be equivalently implemented
in k6 and JMeter.

pm.variables.set(

pn.variables.set(
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L]

All experiments were executed through the CLI of each evaluated tool to ensure
a consistent and reproducible execution procedure. CLI-based execution was used to
provide a consistent and reproducible test procedure and to minimize the influence of
interactive configuration during test execution. Tool-specific CLI commands were
used to initialize the tests, configure the required workload parameters, and export the
execution results for subsequent analysis. The example of commands for k6, JMeter,
and Postman is provided below:

k6 run test-ramp-load.js --summary-export=ramp_run_1.json --out json=ramp_out_1.json

\jmeter -n -t "D:\Ramp_Ultimate_Thread_Group_mixed.jmx" -I D:\ramp_run_1.jtl

postman login --with-api-key {api_key}

postman performance run {collection_id} --vu-count 500 --duration 10 --load-profile ramp-
up

Metrics and statistical analysis

During each experimental run, performance metrics (average response time, 95th
percentile (p95) response time, CPU utilization, and RAM consumption) together
with workload execution metrics (total requests and completed iterations) and error
metrics (overall error rate, HTTP errors, connection errors, and request timeouts)
were recorded. The analysis was based on 10 independent runs for every Tool x Load
combination. Response time metrics characterize both the typical request latency and
its variability under different workload conditions, while resource utilization metrics
(CPU and RAM) reflect the computational overhead introduced by each tool. To
ensure consistent comparison across the evaluated tools, Postman JSONError events
were classified as HTTP errors because they represent failures in client-side
processing of successfully received HTTP responses rather than connection failures
or request timeouts.

Since each experimental run included multiple REST API endpoints with
different response times, a single performance value was calculated for every Tool x
Load x Run combination. Specifically, the Metric Mean Response Time (M) was
calculated as the arithmetic mean of the average response times measured for all
evaluated endpoints:

1 N
M=—3>R;
Ni=1 | [€))
where Ri - denotes the average metric value of the i-th endpoint during a single
experimental run; N - is the total number of evaluated endpoints.

Average response time (Avg) was used to evaluate typical system latency, while
the p95 metric was analyzed to capture tail latency and identify performance
degradation under load. CPU and RAM utilization were monitored on the local host
using Prometheus time-series data in Grafana while executing the load tests (see
Figure 6 and Figure 7). CPU and RAM utilization reported in this study represent
only the resource consumption of the load-testing tool processes (k6, Apache JMeter,
and Postman). Host-wide CPU and memory utilization were intentionally excluded
from the analysis. Process-level metrics were collected using windows_exporter and
retrieved from Prometheus via PromQL queries filtered by the process name
(process="k6", process="java", process=~"postman"). During the experiments, no
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other Java processes except Apache JMeter were running on the load-generation host.
For both CPU and memory metrics, values were aggregated by summing all matching
process instances. CPU usage was calculated from the
windows_process_cpu_time_total metric using the PromQL function rate(), while
memory consumption was obtained from windows_process_working_set_bytes.

CPU utilization - k8 RAM utilization - k6

3000

2500

Ic1akprocess="26") 4 1)*300} or ol va - (sumleindon & process_ working set_bytasip ="KE"1)1024°2)

Figure 6. CPU and RAM dashboards examples in Grafana for k6

CPU utilization - JMetar RAM utliization - JMeter
500
150 250

a)

CPU utilization - Posiman RAM utilizetion - Postman

2507

b
Figure 7. CPU and RAM dashboard)s examples in Grafana: a) Jmeter; b) Postman

The collected metrics served as dependent variables in the subsequent statistical
analysis. Each experimental run provided raw response time and resource utilization
measurements. These metrics were collected during a test run and aggregated into a
single value. For statistical analysis, each row in resulting dataset represented an
aggregated observation. For overall performance metrics, an observation
corresponded to a Tool-Load-Run combination, while endpoint-level observations
additionally included the API endpoint identifier. Average response time, p95
response time and errors were obtained directly from the summary reports exported
by k6, JMeter, and Postman for each experimental run. Endpoint-level response time
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metrics were extracted from the corresponding endpoint-level reports and analyzed
separately by applying the same statistical procedure to each endpoint individually.
For k6 endpoint-level performance metrics were obtained by post-processing the
exported JSON test report with a custom Python script, which aggregated HTTP
request measurements by endpoint using only http_req_duration records and
calculated the corresponding response time (avg, p95) statistics. CPU and RAM
utilization were obtained from Prometheus time-series data in Grafana by first
aggregating all matching process instances and then calculating the arithmetic mean
of the sampled values over the test duration using the Grafana Mean function on Stat
panel of the created test dashboard. Experimental results were exported after each
execution and processed using Python.

Scenario-Based Approach for Tool Selection

The SWOT analysis was used to develop a scenario-based approach for REST
API performance tool selection under different testing objectives and infrastructure
constraints. The approach selects a preferred tool for each testing scenario based on
the primary criterion associated with the scenario’s main testing objective (Figure 8).

Tools Exporimental Evaluation

Latancy critical ‘

Criveria: responss tms

Critaria; CRL

T
‘ CPU constramned ‘

Critaria: statility ‘

Figure 8. Scenario-Based Approach for Tool Selection

Four representative testing scenarios were defined based on the identified
performance characteristics, resource constraints, and practical implications of the
SWOT analysis: latency critical testing, CPU constrained testing, memory
constrained testing, and stress testing under increasing workload. Each scenario
represents a distinct testing objective or infrastructure constraint and therefore
prioritizes a different performance characteristic. For the latency critical scenario,
response time is the primary criterion. For CPU and memory constrained scenarios,
CPU and memory consumption are used as the respective primary criteria. For stress
testing, the primary criterion is operational stability under increasing workload. In
this study, operational stability refers to the ability of a testing tool to maintain
consistent operation and predictable performance as the workload increases without
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critical failures. Stability is assessed based on changes in response time, resource
consumption, and error rate across increasing workload levels.

For each testing scenario, the relevant performance and resource criteria are first
identified according to the primary testing objective. The evaluated tools are
compared directly with respect to the criterion (Table 2), and the tool with the most
favorable result is identified as the preferred candidate.

Table 2
Scenario-based selection
Scenario Testing Objective Criterion
Latency critical Minimize response time Avg and p95 response time
Minimize CPU consumption
CPU constrained while maintaining competitive CPU utilization
avg or p95
Minimize memory consumption
Memory constrained | while maintaining competitive Memory utilization
avg or p95
Stress testing Mamt_am staple operation under Stability, error rate
increasing workload

Results

To provide an initial comparison of the evaluated performance testing tools, the
average response time (avg) for each workload level and then standard deviation, and
95% confidence interval (95% CI) were calculated. These descriptive statistics
summarize the overall behavior of each tool before applying statistical analysis (Table
3).

Table 3
Aggregated Average response time performance metric values
Tool Load Mean Avg Standard 95% ClI 95% ClI Error
Deviation lower upper Rate
k6 Ramp 305.338 18.502 292.1027 318.573 0
JMeter Ramp 194.6 45.998 161.695 227.505 0
Postman Ramp 400.6 89.641 336.475 464.726 0.0302
k6 Spike 312.15 48.403 277.524 346.776 0.0003
JMeter Spike 132.3 8.460 126.248 138.352 0.017
Postman Spike 510.383 79.221 453.712 567.054 0.4052
k6 Peak 2090.722 32.580 2067.416 2114.028 15.229
JMeter Peak 1022.1 38.869 994.295 1049.905 | 14.5583
Postman Peak 1984.733 62.897 1939.74 2029.727 | 13.4913
k6 Fixed 794.197 63.273 748.934 839.460 0.246
JMeter Fixed 575.6 60.959 531.992 619.208 0.7538
Postman Fixed 637.4 166.239 518.480 756.321 1.3898

The results in Table 3 and Figure 9a presents the aggregated average response
time (avg) for the evaluated performance testing tools under different load profiles.
Error bars correspond to the 95% confidence interval. The results show that k6
demonstrated the highest average response time across Peak and Fixed load, while
JMeter had the lowest response time across all tested load types. Postman showed
higher response time for Ramp and Spike load.
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Figure 9. Mean response time:)a) Average; b) p95 response time (sou)rce: own elaboration)

Figure 9b demonstrates the aggregated p95 response time for evaluated
performance testing tools under 4 workload profiles. For the Ramp and Spike
workload profiles, JMeter tool consistently demonstrates lower p95 values than the
other tools. The differences between p95 values of k6 and JMteter are relatively small
for the Fixed profile, but become more pronounced under Peak loads for Avg metric.
Postman p95 value increases more than the others for the Spike and Peak profiles, but
for the Fixed profile, it is the smallest of all test tools.

K6 tool demonstrated lower CPU utilization but higher memory consumption
compared with the other tools, as shown in Figure 10a. This indicates a different
resource utilization pattern during workload generation by tools. In addition to higher
RAM consumption (Figure 10b), k6 had a higher average response time than JMeter.
This suggests that JMeter was a more resource-efficient under the evaluated
conditions. Postman had the highest CPU utilization during all load types in CLI
mode, but lower RAM consumption than JMeter and k6.

200 Soimrngn B 3y Load St

a b
Figure 10. Average rgsources consumption by Load profile: a) %PU; b) RAM (source: own
elaboration)

Figure 11 and Figure 12 present average and p95 response times across endpoints
and workload profiles. Colors denote evaluated tools, and error bars represent 95%
confidence intervals. and endpoint-level analysis confirmed that tool performance
depends on request type and workload profile. JMeter provided the most stable
performance for both read and write operations, while k6 showed increased latency
for complex GET requests under Peak load. Postman achieved competitive results
only for specific retrieval scenarios under Fixed workload.

262



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

Endpeint = DELETE forcers i Erdper = SET forders, Endpaint = GET dorders ididetals

Aespanse Time s
L

s

Wean fug R
L

ms

e e

MR o [ PR i
. . . . . i . ’ & = .
o e Pk Fine [ e Pk Finet Far ke Pk [=

Figure 12. Mean p95 response time across endpoints (source: own elaboration).

To summarize the experimental findings and their practical implications, a SWOT
analysis was performed for the evaluated performance testing tools. The analysis
summarizes the principal strengths and weaknesses identified from the experimental
results and relates them to potential application scenarios. Opportunities represent
potential use cases derived from the observed characteristics of each tool, whereas
threats reflect contextual conditions that may limit the applicability of these
characteristics. Execution environment sensitivity in Table 4 refers to the potential
dependence of measured performance on hardware, software, and runtime conditions.
Then, based on SWOT matrix the comparative analysis was performed by considering
both performance and resource-related criteria across the evaluated workload profiles.
Average and p95 response times were interpreted using a lower-is-better direction,
whereas stability was evaluated using a higher-is-better direction (or using the lower-
is-better direction for error rate).
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Table 4
SWOT matrix
JMeter K6 Postman
Efficient in read
Strengths Low latency CPU efficiency operations for Fixed
load
. . Higher RAM Higher latency for
Weaknesses Higher CPU consumption consumption write operations
o Sutable for latency-sensitive Suitable for Suitable for
Opportunities testing scenarios Resource- lightweight testin
9 constrained testing Y Y Y
Threats SenSItIVIt_y to execution Memory constraints Poter_wtlally msufflcu?nt
environment for high-load scenarios

CPU utilization and RAM consumption were also interpreted according to the
lower-is-better principle. For latency-critical testing, JMeter demonstrated the best
response-time characteristics across most workload profiles, while k6 and Postman
showed higher latency under specific high-load conditions. JMeter provided the most
stable performance for both read and write operations, while k6 showed increased
latency for complex GET requests under Peak load. Postman achieved competitive
results only for read Fixed load. Regarding CPU constrained environments, k6
provides the smallest overall CPU consumption. Additionally, Postman and JMeter
can be potentially applied in memory constrained test scenarios. Moreover, Postman
tool can be considered the most suitable candidate for lightweight testing, where low
memory consumption and ease of use are more important than CPU efficiency, for
example in moderate-load test runs with simple API. k6 and JMeter can be suitable
for stress testing scenario because they maintain stable operation under increasing
workload levels, despite not providing the lowest resource consumption.

Conclusions

In conclusion, this monograph presented an approach to selecting REST API
load-testing tools under different testing objectives and infrastructure constraints. K6,
JMeter, Postman test tools were evaluated under consistent testing conditions and
multiple workload profiles with respect to response time, CPU and memory
utilization, and performance stability under increasing workload. The findings
showed that the evaluated tools have different performance and resource profiles,
making a universal ranking inappropriate. SWOT analysis was used to synthesize
these differences and identify the characteristics relevant to practical tool selection.
Based on the SWOT findings, a scenario-based approach was developed in which a
criterion is assigned to each testing objective. Four scenarios were considered as
latency critical, CPU constrained, memory constrained, and stress testing. The
resulting recommendations show that JMeter might be preferable for latency-critical
and stress-testing scenarios, k6 for CPU-constrained environments, and Postman for
lightweight testing with moderate load. Thus, the study demonstrates that load-testing
tool selection can be treated as a context-dependent decision based on the primary
objective of the testing scenario rather than on a universal performance ranking. The
proposed approach provides a structured basis for translating experimental
measurements into practical tool-selection recommendations. Its applicability is
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limited by the evaluated tools, experimental environment, and workload profiles,
which provides opportunities for further validation across additional tools, APIs,
workload patterns, and infrastructure configurations.
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METOI[OJIOFI‘IHHFI ®PENMBOPK VIS TECTYBAHHSI
MNPOAYKTUBHOCTI TA OLIHKHU RESTFUL API 3 BUKOPUCTAHHSIM
ABTOMATHU30BAHUX IHCTPYMEHTIB TECTYBAHHSI
Ph.D. Xnamos C., Menaeaesa M., Ph.D. Bosk O., TpyHosa T.,

Ph.D. Jeitnexo K., JIurBunenko C.

Xapxkiscokuii nayionanvhuil yHieepcumem paoioenekmponixu, Ykpaina

Anomauia. Ilpodyxmuenicmv incmpymenmie 01 HABANMAICYBANLHO20 MECHYBAHHSA
REST API 3anexcums 6i0 xapakmepucmuk po604020 HA8AHMANCEHHS, Yilell mecmy8anHs ma
obmedncens inghppacmpykmypu. YV yvomy oocniodxcenni nopisnoomsca k6, Apache JMeter ma
Postman y xoumponvosanomy ma yuigikoeanomy cepedosuwyi mecmyeannusi REST API 3
BUKOPUCIAHHAM Y32002iCEHUX POOOYUX HABANMAIICEHb MA KIbKOX NPOPIiNié HABAHMAIICEHH.
IIpoodyxmugnicms ma 6UKOpUCMAHHS PeCypCié UMIPIOBANUCS OJi GUAGLEHHA 8IOMIHHOCTEN Y
noseedinyi iHCmMpymeHmie ma NPAKMUYHUX Komnpomicie. Pesyrvmamu nokasyiomse, wo
OYIHI0BAHT THCIPYMEHMU MAOMb Pi3Hi NPOGINi NPOOYKMUSHOCMI, T W0 HCOOEH ITHCMPYMEHN He
€ onmumanvHum 0aa 6cix cyenapiie mecmyeanna. SWOT-ananiz 6yno euxopucmauo 0is
y3a2anvblenHs eKCnepuMeHmanbHux pe3yibmamie ma 6UsHA4eHHs KI0Y0GUX XapaKkmepu cmux
incmpymenmis. Ha ocHogi yux pesyivmamis 6y10 po3pobieHo cyeHapHuti nioxio 0is Homupbox
cyeHapiie mecmy8anHs. KpumuyHa sampumka, ymosu obmesxcenozo CPU, ymosu obmedxncenoi
nam'asmi ma cmpec-mecmyeanus. JocniOnceHHs 0eMOHCMPYE, wo ubip iHcmpymenmy 0.
HABAHMAICYBATLHO20 MECNTYBAHHA NOBUHEH DA3YBATNUCS HA OCHOBHII Memi Ma 0OMeHCEHHAX
KOHKPEmHO20 CyeHapiio mecny8anHs.

Knwouosi  cnosa: REST APl nasammaosicysanivHe — mecmyeaHnHs, — mecmy8aHHs
NPOOYKMUBHOCMI, ~ GUKOPUCHANHA — Pecypcis, — iHCmpyMenmu  Oisd  HABAHMAICYBATLHO20
MecmyBanHs, UOIp IHCMPYMeHmis, 8UOIP HA OCHOBI CYeHApIig.
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Anomauia. Buasnenns manoposmipuux pyxomux o6 '€kmie y nociio08HOCMAX 300pasxcets
KOPOMKOX6UNb06020 inghpauepeonozo odianazony (SWIR) nompebye y3eoodcenns sAKocmi
BUABNIEHHS, KOOPOUHAMHOI MOYHOCHI MA WBUOKOOTT 30 HEOOHOPIOHO20 Ul 4aACO3MIHHO20 (hOHY.
Pospobaeno 6azamocmaditinuii Kongecp 06pobKu 6i0 nid2omoeKu O0aHux 00 POpMYGaHHs
sumipiosans. Ha namypnux i Mooenbux 0anux 00CrioHceHo 6Naus npocpamuozo OiHysanHs,
cnocobie ma nopsioky 06pobku gony i macumady sopa y3200cenoi ginempayii. Bemanosneno,
wWo niouwjeHHs WeUOKOOIl 3a80AKU OIHY8AHHIO MOMCE CYNPOBOONCYBAMUCH NOIPULEHHAM
Koopounamuoi mounocmi ma axocmi gusaenenns. E¢pexmuenicms 06pobxu pomny 3anedcums 6io
VMO8 cnocmepediceHHs il NOPAOKY npoyeoyp, a payionansHull macumad ginempa sanexcums
6i0 po3mipy 300padicenns 06 ’exma nicna Oinysanns. Ilapemo-ananiz 6ukoHano okpemo Ons
KodtcHo20 3 12 nabopie Oanux. Ypaxyeamus npaxmuunoi Heyymaugocmi 00 MaAuux 3miH
KOOPOUHAMHOT NOXUOKU CKOPOMUIO 3A2ANbHY KIIbKICMb HeOOMIHO8aHux KoHgieypayiil i3 40 0o
25 payionanshux anemepramus. YHisepcanbHoi onmumansHoi Kongieypayii He 6CmaHo6eHo.
Pesynomamu 3a6esneuyroms 6ubip napamempie KOH8eEPa 6i0N0BIOHO 00 YMO8 CHOCIEPEHCEHHS
ma 6umo2 00 GUABNEHHS, MOYHOCH 1l UBUOKOOI].

Knrouoei cnosa: SWIR-306pasicenns, 6acamocmaditina 0o6podka, npoepamue Ginysannsi,
y3eo0acena ginempayia, Ilapemo-onmumansHicms, Kpumepii 6UA6NEHHS, KOOPOUHAMHA
moyHicme.

Beryn

BusiBnieHHsT  MajoOpO3MipHHX  CIAOKOKOHTPACTHUX  PYXOMHX 00 €KTiB
YCKJIaIHIOIOTh LIyMH, HEOTHOPIAHICTh 1 YacoBa MIiHJIUBICTh (OHY, OCOOIHBO 3a
3uaunoi manpHocti [1]. TxHi 306paxenHs MOXyTh 3aliMaTH JTHIIE KilbKa MiKCENiB,
TOMYy MOTPiOHE Y3rOMKEHHs SKOCTI BHSBJICHHS, KOOPAMHATHOI TOYHOCTI Ta
mBUAKOAIT 00pOOKH. Y KOPOTKOXBIIbOBOMY iH(pauepBoHOoMy miama3oni (SWIR)
Oinbllla, HIX y BHAMMOMY Jiama3oHi, JOBXWHA XBUII CTBOPIOE MEPEIYMOBH s
MEHIIOro arMoc(epHOro poscitoBaHHs [2], OJHAK MPOMYCKAHHS 3aJICKHTh BiJ
CHEKTPAIbHUX BIKOH 1 MOTJIMHAHHI BOJSHONO maporo [3]. 3a IeHHOro MacHBHOTO
CIIOCTEPEIKeHHsI TIepeBaXkae BiOUTE COHSYHE BUIPOMiHIOBaHHS [4], a crieKTpanbHi
BiIMIHHOCTi MarepiasiB MOXYThb ITiIBUII[yBaTH KOHTPACT 00’ €KTa BiTHOCHO (oHY [5,
6]. Le oGrpynroBye mnocmimkerus SWIR-cucteM BusiBICHHs [7] i ONTHKO-
€JIEKTPOHHOTO CIOCTEPEXKEHHs. MeTolo poOOTH € po3poOka OaraTocTamiiftHOro
KoHBeepa 00poOku mocmigoBHOcTed SWIR-300paskeHb MaIoOpO3MIpHHX PyXOMHUX
00’€KTiB, IOCHIKCHHS BIUIMBY mporpamMHoro OiHyBaHHs, OOpoOKHM QoHY Ta
y3ropKeHo1 QibTpalii Ha SAKiCTh BUSBICHHS, KOOPAMHATHY TOYHICTD 1 IIBUAKO/IIIO
Ta BU3HAYCHHS PalliOHATBHUX KOHDITypalliif 3a CyKyIHICTIO IIMX MOKa3HUKIB.
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AHaJi3 JiTepaTypHUX JaHUX

[linxomu 1m0 BUSIBICHHS OO0 €KTIB BIJPI3HSAIOTHCA CTYIECHEM JICKOMIIO3HIIT
00pobku. Krnacudikamis [8] posninse mepeTBOpeHHS 300pakeHHS Ta KpHUTEpii
BHSIBIICHHSI, OTJIIAM 1H(pAauepBOHMX METOIB OXOIUTIOIOTH Pi3HI BapiaHTH TaKoi
mobynoBu [9, 10]. st ckimamHOro GoHy 3acTOCOBYIOTH TpaHC(HOPMEPH, OPi€EHTOBAHI
Ha Horo cTpyktypy [11], riOpumHi Mepexki 3 MPOCTOPOBUM 1 YACTOTHUM aHaIi30M [12]
Ta mipaMigainbHe 00’ €THaHHS O3HAK 13 MeXaHi3MaMu yBard [ 13]. MoaynbeHy 00poOKy
BHUKOPHCTOBYIOTH 1 B CHCTEMaX KOMITIOTEPHOTO OaueHHs IS BEIMKHX MAacCHBIB
kanpiB [14]. Y3romxeHa ¢inbTpamnisi € mepeTBOPEHHSAM 300pakeHHS, MICIS SKOTO
3aCTOCOBYIOTH OKpEeMHH KpHUTepill BUsIBIeHH: [15]. 3ropTka 3 mpodiizeM odikyBaHOTO
00’€eKTa MiJCUITIOE HOro BiHOCHO (OHY Ta IIyMy. Y 3ajayax BHSBICHHS CIAOKHX
JDKepesl BUKOPHCTOBYIOTH TOCII/IOBHICTH OIIIHIOBaHHS a00 BigHIMaHHS (OHY,
¢ureTpanii Ha ocHOBI ¢yHKLIi Biaryky Touku (PRF) Ta moporooi o6poOku [16].
[ocninoBHy nexkoMnosumito imoctpye Merox [17]: mominm Ha migoOmacri,
MepPETBOPEHHS 300paKCHHSI, a/IANTUBHE MIPUTHIYCHHS MY, MOIIAPOBE BUSIBICHHS
Ta PO3AUICHHS 31MUTHX 00’ €eKTiB. B iHppauepBOHNX METOJaX TaKOXX BUOKPEMITIOIOTh
NpUrHideHHss (OHOBOrO IIyMy H ycyHeHHs 3aBaja [18], 30kpeMa NO€NHYIOTh
BiZHIMaHHA (DOHY METOIOM 3MiHHHX HaNpsAMKIB MHOXHHKIB, YJIOCKOHAJICHE
MopdortoriuHe top-hat-epeTBOpeHHs Ta afanTHBHY HOPOroBy cermeHraito [19].
[MoniOHi MPUHIMNK TOCTIAOBHOT OOpOOKM ¥ po3mi3HABaHHSI PYXOMHX 00’ €KTIB
3aCTOCOBAHO JI0 BEMKHUX MacuBiB acTpoHoMiuHHX naHuX [20]. Kinueswuii pe3ynprar
3aJIeXKHUTh Bia mapameTpiB OinyBaHHs [21], crioco0iB BUpIBHIOBaHHS SICKPaBOCTI Ta
napameTpiB y3romkenoi ¢inpTpanii [22]. MixkaapoBe i BHYTpPILIHBOKaJpOBE
BUPIBHIOBaHHS (DOHY MOXYTb 3aCTOCOBYBaTHCS OKpeMO abo IOCIiJIOBHO, TOMY
3HA4YCHHsI Ma€ TakoX nopsi Aok npouenyp. g SWIR-cnocrepexeHHs akTyallbHOO €
3aja4ya CHUIBHOTO OI[HIOBAHHA BIUIMBY LMX pilIeHb HAa SIKICTh BHSBICHHS,
KOOpJMHATHY TOYHICTh 1 IBUAKONI0. Y pobGori i BHPIMICHO NUIIXOM
€KCIIePUMEHTAIILHOTO JIOCITi IDKEHHS GararocraiitHoro KOHBeepa Ta
GaraTokpuTepiabHOro BUOOPY Horo KoH}Irypatiii 3a IpoLeaypoOrO OLiHIOBAHHSI.

Martepiaju Ta MeTOAM AOCTiIZKEHHS

Hocmimkenns BukoHaHo Ha HaTypHuX SWIR-MOCTIIOBHOCTSIX, OTPHMAHHUX HA
crenai (puc. 1), Ta MozienbHUX AaHUX. BapitoBaiu mporpaMue GiHyBaHHS, 0OPOOKY
¢ony i Macmrad y3romkeHoi (inpTpaiii Uisi OL[HIOBAHHS SIKOCTI BHSBIICHHS,
KOOPJMHATHOI TOYHOCTI Ta mBuAKo i1 KouBeepa. Ctena micturs kamepy MER3-138-
136G3M-P-SWIR F02 (Kuraii) i3 cencopom Sony IMX990 (Smowis): po3ainbHa
3matHicth 1280 X 1024 mikceniB, po3Mip MiKcens 5 X 5 MKM, JAiania30H 4yTIHBOCTI
mpubnuzHo 0,4—1,65 mxm [24]. O6’exktuB VA-LCM-1.3MP-12MM-F1.8-020-SWIR
(Kurait) mae okycHy Bifcranb 12 MM, BigHOCHHH OTBIp 10 1,8 Ta mose 30py O1u3bKo
30° mo ropu3onTaini i 24° no Beprukani [25]. ®oH 3anaBany Ha GIJIOMY MaTOBOMY
ekpaHi 4 3 OKpeMHM OCBITJIIOBaYeM 6, 3MIiHIOIOYM PO3MOMALT OCBITICHOCTI abo
npoekTytoun nanmmadt. Temui ab0 CBITII KYIbKH i3 300paKeHHAMHE JTiaMeTpoM 2—5
MIKCEJiB MEePEMIllyBail eEKTPOMEXaHIYHIUM MPUBOAOM Y IUIOMIKHI 3 M0 ONH3bKiit
JI0 IpAMONTiHIHOT TpaekTopii. LIIBUAKICTE Y3roKyBaIH 3 MiXKKaAPOBHM iIHTEPBAIOM
JUISL 3MIMIEHHS 300paKeHHs IIOHAWMeHIIe Ha aBa mikceni 3a kaap. OO6’ekTuB
(hokycyBany Ha IJIOLIMHI PYXY, A¢ | MM BiIIOBi1aB JBOM MIKCEISIM CEHCOPA, a TIOJIe
30py CTAaHOBHWJIO MPUOIH3HO 65 X 52 cM.
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125 cm

4 3 2
Pucynok 1. [IpuHnumnoBa cxemMa BUIPOOYBaIBHOTO CTeHAA: | — KaMepa BiIeOCIIOCTEPEKEHHS;
2 — niepe/IHs TOJIOBHA IUIOIIMHA 00’ €KTHBA KaMepH; 3 — IUIOLIMHA PyXY 00 €KTa; 4 — IJIOIIHHA
(doHy; 5 — ocBiTiitoBau 00’€kTa; 6 — OCBITIIOBAaY (HOHY
ExcrnepnmenTainsHi Gpaktopn oxorwmoBany Eranm 0, 2 Ta 4 BHyTpilIHbOKaIpOBOT
006pobkn (BKO). Ha Etami 0 3acrocoByBanmu ycepenHroBaibHe OiHyBaHHA 3

(akTopom k E{1’2’4}: k = 1 — 6e3 OinyBanns; k = 2 — OinyBanus 2 x 2; k =4 —

OinyBanus 4 x 4. Ha Erani 2 mopiBHIOBalM KOPEKIII0 HEPIBHOMIpPHOCTI (OHY
raycoBuM 3mIapKyBaHHAM 1 nineHHsM (Gaussian Division, GD), MixkaapoBuit
inBepcHuit MeniaHHuid Qinerp (MKM®), BHYyTpIilIHBOKAJPOBUI IMPOCTOPOBHI
iHBepcHuit  MmepmianHuii  QineTp (Median), mocminoBHocTi  GD—MKMO®,
MKM®—GD, Median—>MKM®, MKM®—Median Ta KOHTpOJIbHHUIA BapiaHT 6e3
Etany 2. Ha Etani 4 BapitoBanu K — odikyBaHuii JiHiHHMIA po3Mip 300paxkeHHs
00’ekTa B MIKCENsX, IO 3a4a€ MaciTad siapa y3rompkeHoro ¢insrpa. JocmimkeHi
3HAYEHHS HABEACHO Pa3oM i3 pe3ynbratamu. [isi MOpIBHAHHA BifiOpaHO HATypHI
nmaracetn DI1-D3 3 Bu3HaueHMMHM yMOBaMHM 3HIMaHHSA. MoJeibHI JataceTu
oxorumoBanu: D4 — o0’ektm Ta mym 0e3 CTpyKTypoBaHHMX 3aBamg, D5 —
CHHYCOiJaJIbHy POCTOPOBY HEOJHOPiIHICTH PoHy; D6 — miaBHy BeMKoMacITabHy
rpajiieHTHY HeOHOpiAHICTh; D7 — (ikcoBaHy MPOCTOPOBY HEOAHOPIAHICTH MATPHILI
(FPN) Ta rapsui mikceni; D8 — Hepyxome jiokasbHe 3acBiueHHs; D9 — 3acBiueHHs 3
MiXKKaZpoBUM 3MiteHHsaM; D10 — 3acBiueHHs 31 3MiHHOIO B yaci iHTeHcuBHIcTIO; D11
— IHTCHCHBHY 3aCBITKYy 3 HACHYEHHSIM 4acTHHH 300paxkeHHs; D12 — moeaHaHHs
CHUHYyCOiJanbHOI ¥ rpagieHTHOI HeomHopigHocTed, FPN 1 gexinpkox TumiB
3acBiuennst. CykynHo pociimkeno 6mu3pko 1000 koubirypauiit aist 12 naraceris.
[apero-anami3 BHKOHyBalli OKpeMO [UIsi KOXHOrO jaracery. Biakupanu
koHdirypauii 3 NFD/Fr > 0,5, micis yoro 3anuniany pimwenss 3 PD y mexax 3 % Bix
MaKCHUMaJIbHOTO 3HAUEHHS; SKILO iX OyJI0 MEHILE TPHOX, JOIyCK PO3LIMPIOBAIH 10 8
%. Cepen BifiOpaHuX pillleHb BU3HAYaJ M HeJOMiHOBaHi 3a kputepisimu CKBxy —
min Ta BKO FPS — max: st Hux He icHye iHII01 KoHpirypariii, He ripimroi 3a oboMa
KpuTepissMu Ta Kparroi xoda O 3a omuum. s mpaktuunoi [Tapero-MHOXKHHH
pimenns 3 BiaminHicTio CKBXy He 6inbiue Hixk Ha 10 % BBaXkanu piBHOLIHHUMH 32
TOYHICTIO ¥ HaJjaBanu nepeBary KoHgirypariii 3 Oinpmum FPS.

Bararocrajgiiinnii koHBeep 00poOKHM 300pakeHb KOPOTKOXBUJIbOBOIO
iHppayepBoHOrO IianazoHy

Konseep 06pobisie cepito SWIR-kanpiB i Gopmye BUMiproBaHHS mapaMeTpiB
00’ €KTIB IS MOAABIIOT MiXKKaApoBoi 00poOku. Eranu 0—8 moeaHyt0Th IPOCTOPOBL
omepaiii 3 YaCOBUM OILiIHIOBaHHAM (DOHY; IOCITIIOBHICTH €TalliB 1 MepeaaBaHHA
JTAHWX HaBeJICHO Ha puc. 2.
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(MKO)

PucyHnok 2. biok-cxema GaratoctaaiiiHoro KOHBeepa BHY TPIlIHBOKaApOoBoi 00pooku SWIR-
300paxKeHb

IITpuxoBUM KOHTYpOM Ha CXeMi II03HA4E€HO [0JAaTKOBI KOMOiHOBaHi

koH(irypanil sl amanTtanii KOHBeepa N0 CrHElHM(pIYHUX YMOB 3HOMKH pi3HHX

naraceriB. Ha Erami 0 3acTOCOBYIOTH ycepeaHIOBajbHE OiHYBaHHS 3 (pakTOpoM

> . .
keN,k —1. s xanpy mmpuHoro W i BUCOTOI0 H BHKOPHUCTOBYIOTH JIMIIIEe HOBHI
6noku k X k; po3mipu po6o4oi 06acTi CTaHOBIATH:

W, :ktW?J, Hy =k H /K|

w, Wy M

K @
SlckpaBicTb GiHOBaHOTO MiKcens 3 iHaekcamu (p, ) 00UHCITIOIThH YCepeTHEHHM

6moka k x k 3 okpyrieHHsIM 10 Ha1716nn>xc'{oro IiJI0T0:

@

k-1 k-1
B(p.q)=round ZZI pk+r,qk +s) |,

s=0r=0 (3)

ne I(i, j) — 3HaYeHHs SACKPaBOCTI MiKCess BUXigHOrO 300pakeHHs, a B(p,q) —

3HAYEHHSI Bi/IIIOBITHOTO MIKCEIS Micis OiHyBaHHS.
Koopauuaru tenrpa Omoka, 110 BigmoBigae OinoBaHomy mikcenio (p,g), y
BUXIJJHOMY KaJipi TOPiBHIOIOTH:
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k k
0 _ (0) _
X{pq}_pk+§’ y{pq}_qk+§' (4

SIkmo koopauHATH OIHOBAaHOTO KaJpy 3aJaloTh LEHTPaMH ITKCENiB, TOOTO

(b) _ (b) _
XU =pH+l2 0, ¥y =0+ 2 penepaxyrok Mae BurIsL
X(O) — k X(b), y(o) — k y(b),

e x©, y©O — xoopunaty y BUXifHOMY Kajpi.

BigkunanHs HETIOBHUX NpaBHX i HIDKHIX OJIOKIB He 3MiHIOE MOYaTKy poOodoi
o0acTi, TOMy J0JaTKOBOTO KOOPAMHATHOTO 3CYBY HE BBOJSTE.

Ha Erami 1 xagp noainstioTs Ha Taiim 3 OOpIopamH i3 CyCiTHIX MIKCENiB s
JIOKAIBHUX onepartii 6ims1 Mexx. OGUMCIeHHsT BHKOPHUCTOBYIOTE PO3IINPEHY 001acTh,
a pe3yJbTaTé GOpMYIOTECS JIHIIE TS BHYTPIIIHBOT pobodoi obnmacri Taiina. Ha Erarmi
2 MKM® o6uuciroe 9acoBy MeliaHy TIPOCTOPOBO BiAMOBIIHHX MIKCEIB Kay3aIbHOT
rocitiloBHOCTI KazipiB. Hexaii t — Homep noTouHoro kaapy, K — kinbkicTs BiniOpaHux
KazpiB, s > 1 — kpok Bindopy. Kazp BKirodaroTs 10 icTopii 3a yMOBOIO:

tmods=0,s>1- (6)
MMicnst nHakormuennss K kaapiB momikcenbHa YacoBa MeliaHa Uil (-TO
BiZIIOPaHOro KaJpy BU3HAYAETHCA SIK:

M, (X, y):median{ g gy (%0 y):j=0,‘..,K—1}.

®)

U]

v peam3sarnil K 6{3'5}. ITicns nakonmuenus K KaapiB M€1aHy OHOBJIIOIOTb Ha

BiZiOpaHMX KaJpax, a Ha MPOMIXKHHX BUKOPHUCTOBYIOTh OCTaHHIO OOYHCIICHY OILIiHKY.
Homep ocTaHHBOTO BiiOpaHOro Kaapy BU3HAYAETHCS SIK:

T(t)=s|[t/s]. ®)
M (% ¥)=M , (xy), t=(K-1)s. ©)

IMlicist MOYATKOBOTO HAKONMYEHHS (OHOKOPUTOBAHMII 3aTHILIOK KOXXHOTO
BXI1/IHOTO KaJIpy BU3HAYAETHCS BiTHIMAHHIM MEiaHHOI OL[IHKH:

R(xy)=1(xy)-M(xy), t=(K-1)s. (10)

3anumrok 30epiraerbest y 3HakoBomy ¢opmari float32. Sxio MKM® 3aBepurye

Etan 2, pe3ynbrar nepefaerses aani 6e3 00MeXKeHHs [iana3oHy, MaciTadyBaHHs Ta
nopataoro 3mimteHns. [Tapamerpu K i s 3a1a10Th YacoBuit po3Max BiKHA:

Aty ., = (K —1)s- (11)

BKM® koMmmeHCye KpPYMHOCTPYKTYpHI IMPOCTOPOBI HEOJHOPIMHOCTI (OHY.

Iepenbauero aBa koH(pirypamiiiHi BapiaHTH: MPOCTOPOBHUIl IHBEPCHUI Me/iaHHHUI

(bUTBTp 1 AiIEHHS HA FayCCOBO 3TJIa/PKeHE 300paskeHHS.
Jlst BHYTPIIIHBOKAPOBOTO iHBEPCHOTO MejtianHoro (inerpa Hexait Xi(X, y) —
MOTOUHe 306paskeHHs, a L x L — KBaapaTHe BiKHO HemapHoOro posmipy. Moro paaiyc

I Ta MHOKHHA 3HAYE€HBb JIOKAJIBHOTO OKOJIy 3a1at0ThCA CHiBBiZ[HOIHeHH}IMI/IZ
L=2r+1 (12)

window

W, ={X, (x+u,y+v):-r<us<r,-r<v<r}. (13)
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JlokanmpHy MeJiaHHY OIIHKY KpPyIMHOCTPYKTYpHOro (OHy BiIHIMAIOTH BiJ
MMOTOYHOTO 300paKEHHS:

M, (x,y)=median (W, , ); (14)

R(Xy) =X (xy)=M(xy). (15)

Pesynbrar 30epiraetbcs 'y 3HakoBoMy float32-momanni. Po3mip BikHa L

MOB’SI3y€ThCSL 3 XapaKTEPHHM OYiKYBAaHHM IPOCTOPOBUM PO3MIpOM 300paKeHHS
00’exTa dobj uepe3 emmipranuii MacmtabHuit koedirient Ci:

L~c. dyy- (16)

Hdns GD ¢oH OWIHIOIOTH TaycCOBUM 3INIQDKyBaHHAM. 3a KoedimieHTa
3MEHILeHHsI pO3/AUTLHOCTI d > 1 BUKOPHCTOBYIOTH 3MEHIICHY KOIIO 3 MOIAJBIIHM
TIOBEPHEHHAM KapTu (hOHY 10 poOOT0i pO3IITBHOCTI:

B =Upsample|[ G, * Downsample(1,d) |, 7

ne G — HopMOBaHe JTBOBHMIpHE TayCCiBCBKE SO, 0 — HOro Macmrad y miKcemsx
MOYaTKOBOro 300paxenHs, Ba(X, ) — kapta ouineHoro GpoHy.
Cepenniii piBeHb ni€i kapru C Bu3HauaeThCs 110 Beiil podouiii obacri:

H-1
Zy OZX 0 G X y
WH (18)
I[J'If[ 3aXUCTY Bi,[[ MaJioro 3HaMEHHHKA Ta OOMEXEHHS JIOKaJIbHOI'O Hi,I[CI/IJ'IeHHﬂ

bopmyersest BenuurHa D(X,Y), 1€ & > 0 € 3aXUCHUM JOATKOM, a Jmax > | — BEPXHBOIO
MEKEIO JIOKATBHOTO Koe(illieHTa MTiACHICHHS:

D(xy)= max(BG (x y)+g,gij.

(19)
3HakoBuil (hoHOKOpHUTrOBaHUii pe3ysibTar GD BH3HAYAETHCS BUPA30OM:
C
Rs (%, ¥)=| 1(x,y)-Bs(x,y) | ——.
G |: G ] D(X, y) (20)

Meuoxuuk C/D(X,y) Macirabye pi3HHIFO Mix 300paxeHHsM 1 HoHOM Oe3 3MiHK
1 3Haka. Pe3ynbrar 30epiraerscs y popmari float32.

Ha Erami 3 ¢onokopurosane 300paxeHHs lc(X,Y) 3rmamkyiors dikcoBaHHM
rayccoBuM siapoM 3 x 3. Ilapamerp o3 BH3HA4Yae #Horo Barm; pe3yasTar Rs(X,Y)
00YHCITIOETECSA 3TOPTKOIO:

)=336,i —iy-1i),
i=—1j=-1 (2 1)
ne Gs(i, j) — HopmoBaHi KoedilieHTH rayccoBoro siapa 3 x 3.
Ha Erarmi 4 300paxenns Etamy 3 QiabTpyroTh SAPOM, 1[0 MOAEIIOE OYiKyBaHHIA
npocropoBuii podisie 06’ €kTa, HopMyrour HeepepBHY KapTy Biaryky R(X,y).
OuikyBaHHii IPOCTOPOBHIA MPOQLTH ATPOKCUMYETHCS TBOBHUMIPHOIO 130 TPOITHOO
rayccoBoro ¢yHkmi€ero. [y KoopauHaT U i V BIIHOCHO LEHTpa 300pakeHHS 00’ €KTa
Ta rnapaMeTpa MUPUHU IPODLII0 G4 MOJETh MA€ BUTTIA:

g(u,v)=exp _ui+v .
20,7

(22)
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[Hupuaa npodinro 64 1 HemapHUI Po3Mip AApa m 3aJAI0THCS OKPEMO:
m=2r+1, (23)
Iie I — pauiyc spa.
JuckperHa o6acTs HOro KOOpAWHAT BU3HAYAETHCS SIK:

uve{-r,-r+i..0..,r-1r. (24)

3a 3amaHUX M i 04 HEHOPMOBAHI KOE(DIIIEHTH siipa NOPIBHIOIOTh 3HAYCHHSIM
rayccoBoi MoJeni:

2 2
H(u,v):exp{—u v } Uv=—r,...,r.

20,° (25)
CyMa HEeHOPMOBaHHX KOeQili€HTIB JOPIBHIOE:
C=> >H(uv).
U=-=rv=-r (26)
A HOpPMOBAHE S,IpO BU3HAYAETHCSI CITiBBITHOIICHHSIM:
H (u,v
H(uv)= Huv) .
c @7)

HopMmyBaHHs1 30epirae rayccoBy (GopMmy sapa i 3abesnedye ONUHHYHY CyMy
koedinienTiB. [leHTpansHa cuMeTpis poOUTH KOPENALiHHUN 1 3rOPTKOBUH 3amucH
eKBiBaJIeHTHUMH. J[J1s1 BXimHOTO 300paxenHs E(X,y):

R(X,Y)=> D H(uV)E(x+u,y+V).
U=—=rv=-r (28)

3a He3MiHHUX M 1 64 sap0 H(U,V) hopmyroTs oqun pa3 s cepil, a kapty R(X,Y)
OOUHCIIIOIOTH A1 KOJKHOTO Taia.

Ha Etamni 5 rno6anbauii nopir T nepeTBoproe Kapry Biaryky R(X,y) Ha GiHapHy
Macky:

255, R(x,y)>T,
M(x, ):{

V OinapHiii Macui (opmyroTe 8-3B’s13HI KOMIIOHEHTH Ta BiIOMpAlOTh 1X 3a
IUIOIIEO Al 3 MiHIMAJIBHO IOILYCTUMMM 3HAYEHHSIM Anmin:

A= Anin. (30)

IpuitHATI KOMIIOHEHTH YTBOPIOIOTH MHOKHHY HEPBHHHHUX KaHINIATIB.

Ha Erami 6 OiHapHy MacKy YTOYHIOIOTH 0€3 MOBTOPHOTO MOPOTYBaHHS. Y
peani3oBaHiii koH(DIrypamii 3acTOCOBYIOTh MOP(OJIOridyHe PO3MUKAHHS MHOKHUHU
MiKCeNiB MepPeHbOro Mmiany F MpsSMOKYTHUM CTPYKTYPHHM elleMeHTOM B po3mipy
3x3:

FoB=(FOB)®B. 31

Micnst mMopdornoriudoi 3miHM obnacted 8-3B’s3HI KOMITOHEHTH (OPMYIOTh
MOBTOPHO. J[0 HOBMX KOMIOHEHT i3 IIomieto As 3aCTOCOBYIOTh OKpPEMHUil KpUTepii
MiHimManeHOI mwiomi Eramny 6:

As > Anin, 6. (32)

[TpuiiHATI KOMIIOHEHTH TIEPETBOPIOIOTHCS Ha CETMEHTH TIMOTETHYHUX 00’ €KTIiB
JUISL TIOJIANBIIOr0 reomeTpudHoro Bimbopy. Ha Erami 7 cermentu ¢inbTpyroTsh
BHUKJIFOYHO 3a TTorero. [yt mikcenpHol 06acTi i i-ro cerMeHTa wiolia 0piBHIOE:
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A=[0). (33)
CermMeHT MpUiAMaeThes, SKIIO HOTo IUIOINa 33 J0BOJILHSIE YMOBY:
A = Anin] /\(Anaxj :oVA = Anax,?)’ (34)

1€ Amin, 7 1 Amax, 7 — HIDKHSI Ta BEpXHS MEXI TUIONTI BiAMOBITHO; Amax, 7 = 0 03Ha4ae
BiJICYTHICTh BEpPXHBOI MEXKI.

Ha Eranmi 8 mns BimiOpaHWX CETMEHTIB OOYHCIIOIOTh CHUTHAIBHO-()OHOBI
XapaKTepUCTUKH, BHUKOHYIOTh (DiHaIbHY BHYTpIIIHBOKAJPOBY IIE€peBIpKy it
(GOpMyIOTH BUMIpIOBAaHHS. [HTEHCHBHOCTI BHM3HAYarOTh 32 (POHOKOPUTOBAHUM
300paxkennsiM  le(X,y) 3 Eramy 2. Jlng OWiHIOBaHHA JIOKAIbHOTO (DOHY
BHUKOPHCTOBYETBCSl peanbHa IIiKcenbHAa oOmacte cermenra €. Hexait Br —
MPSMOKYTHHII CTPYKTYpHHI eneMeHT po3mipy (2r+1)x(2r+1), ne r 3anae mupuHy
JIOKAJIEHOTO (POHOBOTO OKOITY, a F — MHOWHA MIKCeiB epeJHbOr0 IaHy ITOTOYHOL
Mackd. CrioyaTKy 00J1acTh CerMeHTa IUIIaTy€eThCs:

D,=Q,®B,. (35)

Micnst mporo 3 ammatoBaHO! 00NacTi BHITYYarOThCS BCI MIKCENi IEpeIHBOTO
TUIaHy, 1 JIOKaJbHa (oHOBA 001aCTh BU3HAYAETHCS SIK:

B, =D, "F°". (36)

Omxe, B ~Q =@ OOMexKyBanbHUIi NPIMOKYTHHK 3aja€ JIMIUC TCXHIYHY

obnacte obuncnenb. CepeqHe 3HAYEHHs CUTHAy B JIOKAJIBHIM (DOHOBIH oOmacti
JOPiBHIOE:
1
Ibg,s = ‘B ‘ Z Ic(ny)-
s| (x.y)eB; (37)
CraHzapTHe BIAXWICHHS JIOKAJIBHOTO (JOHOBOIO CUI'HAILY CTAHOBHTB!
1 2
Obg.s :\/‘B ‘ Z (Ic(x, y)- IbgvS) :
s| (x,y)eBs (38)
Cepe/iHIO IHTCHCHUBHICTh CErMEHTa BU3HAYAIOTh 332 HOTr0 PeaIbHOIO MiKCEIbHOIO
o0nacrTio:

| 1

= 2 l(xy), A=lQ.
K (x,y)eQy (39)
JlomaTKOBOKO — XapaKTepPUCTHKOID CEerMeHTa MOXe OyTH MaKCHMallbHa
IHTEHCUBHICTb:

| =max |_(X,V).
max,s (x,y)er C( y) (40)

InTerpanpHuil HAUIMIIKOBUI CUTHAJI XapaKkTepU3y€e CyMapHe NMEPEBUILIEHHS HaJl

JOKaIbHUM (POHOM:
Sexc,s = Z ‘:Ic (X’ y)7 Ibg,s:| =A (Is - Ibg‘s)'
(x¥)eQs (41)
Jns pinanpHOI BHYTPIIIHBOKAIPOBOI epeBipku opMyeThest Oe3po3mipHa SNR-
Mo1i0Ha CTaTHCTHKA:
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Ubg,s (42)

lNmoresa mpo HasBHICTH 300paxkeHHs 00’ekTa B Mexax BKO mpuitmaerscs 3a
KpUTepieM:

gs = Qer, (43)

Jie TIOpOroBe 3HA4eHHS (or € OKpeMuM moporoM Eramy 8. 3ammc mpuitasiToro

BHMIPIOBaHHS MICTUTH iIeHTU(]IKATOp KaApy, OLIHKY MOJIOKEHHS, 0OMEXyBAILHII

TIPSIMOKYTHHK, TUIOILY, CUTHAJBHI i ()OHOBI XapaKTEPUCTUKH Ta Js. s ToKkanbpHOT

. 2.9 . . (%0 Yos)
OI[IHKY IIOJIOKEHHS (%.9.) Ta 3MIIOIEHHS j-TO Taia 0. Yo

KOOpPJIMHAT TIOBHOTO ITOTOYHOT'O KaIpy BU3HAYAETHCS SIK:
Xs,fr :XS+XO,j' ys,fr = ys+y0‘j' (44)
[Ticnst BpaxyBaHHS 3MiIIIEHHS Tailyla KOOPANHATH OIHOBAHOTO Ka/Ipy 3 (JakKTOpOM

k mepepaxoByIOT 10 CHCTEMH BHXiJHOIO HEOIHOBAHOTO KaJIpy:

nepexiz 10

Xorig = I(Xbin! yorig = kybin' (45)
BHyTpimHbOKaPOBE BUSBJICHHS Il HE MiATBEPPKYE HASBHOCTI PEalbHOTO
pyxomoro o0’ekra. BuMiproBaHHs nepenaroTecs 10 Mixkkaapooi 06pooku (MKO),
OCHOBHOIO CKJIaJIOBOIO SIKOT € TPEKiHT .
PesyabTaTn
3aKOHOMIPHOCTI OLIHIOBAJIY 38 TIOBHUM MaCHBOM €KCIICPUMEHTAIIbHUX JJaHHX. Y
Tabn. 1-3 HaBeneHo BuOpaHi pesynsraru D1, y Tabn. 4 — D3, D111 D12.
Tabmmns 1
TToKa3HUKHM TOYHOCTI OIIHIOBAHHS KOOPJIMHAT I10JIOXKEHHS 00’ eKTa

— Tacl — Al O, O,
Ne Kongirypanis AX, px |AX| Ay, px \Ay\ O ox| | %
, px , pX » P px | px
Nenatacery = 1; SNR=645.09-673.39 Nog; =86
1 GD—MKM®, BB, K10 0.06 0.91 -0.04 | 074 | 1.0960 [0.8910[1.4100
2 GD—MKM®, BB, K3 0.05 0.91 -0.05 | 074 | 1.0970 [0.8870[1.4100
3 MKM®—GD, BB, K10 0.05 0.91 -0.03 | 074 | 1.0960 [0.8870[1.4100
4 MKM®—GD, BB, K3 0.05 0.91 -0.05 | 074 | 1.0970 [0.8870[1.4100
5 Median, BB, K10 0.22 0.92 -0.17 | 0.76 | 1.1000 [0.8840[1.4100
6 GD, BB, K10 0.19 0.92 -0.13 | 0.75 | 1.1070 [0.8900|1.4200
7 MKM®, BB, K10 0.04 0.92 -0.03 | 074 | 1.1000 [0.8910[1.4200
8 MKM®, BB, K3 0.04 0.91 -004 | 074 | 1.0980 [0.8890|1.4100
9 GD—-MKM®, 2% 2 K5 0.01 0.95 -0.01 | 078 | 1.1490 |0.9460|1.4900
10 GD-MKM®, 2% 2 K3 0.01 0.96 -0.01 | 079 | 1.1590 [0.9600(1.5100
11 | GD->MKM®, 2x2 K10 | -0.12 0.96 0.10 0.80 | 1.1610 [0.9770|1.5200
12 MKM®—GD, 2% 2 K5 0.01 0.95 0.00 0.77 | 1.1440 [0.9390(1.4800
13 MKM®—GD, 2% 2 K3 0.02 0.95 -001 | 078 | 1.1500 |0.9460(1.4900
14 | Median>MKM®, 2x2 K5 | 0.05 0.94 -0.03 | 077 | 1.1380 |0.9350(1.4700
15 | Median>MKM®, 2x2 K3 | 0.05 0.95 -0.04 | 079 | 1.1560 |0.9490|1.5000
16 MKM®, 2% 2 K5 0.00 0.95 0.01 0.77 | 1.1390 |0.9420(1.4800
17 MKM®, 2% 2 K3 0.00 0.94 0.00 0.79 | 1.1400 [0.9520(1.4900
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— Tl — T (o} O,
Ne Kondirypauis Ax, px | |AX| Ay, px ||y AR I
, px , pX ) P px px
18 GD—MKM®, 4x4 K3 -0.59 1.19 0.50 1.04 | 1.3320 |1.2040|1.8000
19 MKM®—GD, 4x4 k3 -0.62 1.22 0.50 1.02 | 1.3550 |1.1920|1.8000
20 | Median>MKM®, 4x4 K3 | -0.61 1.23 0.43 1.02 | 1.3740 |1.1940|1.8200
Taéauus 2
HOKa3HHKI/I ﬂKOCTi BUSIBJICHH ST 06’€KTiB CIIOCTEPEIKECHH S
Ne Koudirypauis PD PFA Neo/er
Negaracery - 1; SNR =645.09-673.39 N, =86
1 GD—-MKM®, bb, K10 1.00 8e-08 0.0044
2 GD—MKM®, BB, K3 1.00 8e-08 0.0044
3 MKM®—GD, BB, K10 1.00 6e-08 0.0033
4 MKM®—GD, BB, K3 1.00 8e-08 0.0044
5 Median, B, K10 1.00 2.68e-06 7.0256
6 GD, BB, K10 0.99 2.81e-06 5.8500
7 MKM®, BB, K10 1.00 6e-08 0.0033
8 MKM®, BB, K3 1.00 8e-08 0.0044
9 GD—-MKM®, 2% 2 K5 1.00 4e-08 0.0022
10 GD—-MKM®, 2% 2 K3 1.00 4e-08 0.0022
11 GD—-MKM®, 2% 2 K10 0.92 2e-08 0.0011
12 MKM®—GD, 2% 2 K5 1.00 2e-08 0.0011
13 MKM®—GD, 2% 2 K3 1.00 2e-08 0.0011
14 Median>MKM®, 2x 2 K5 1.00 2e-08 0.0011
15 Median>MKM®, 2% 2 K3 1.00 2e-08 0.0011
16 MKM®, 2% 2 K5 1.00 2e-08 0.0011
17 MKM®, 2% 2 K3 1.00 4e-08 0.0022
18 GD—MKM®, 4x4 K3 0.99 4e-08 0.0022
19 MKM®—GD, 4x4 K3 0.98 2e-08 0.0011
20 Median—MKM®, Ax4 K3 0.98 2e-08 0.0011
Ta6amuns 3
YacoBi XapaKTepUCTUKH 0OPOOKH
Ne Kondirypamuisi I Kanpis |'-Iac, c] FPS | Yuranns, ¢ I BKO, ¢ | BKO FPS
s = SNR =645.09 — 673.39 N =86
1 GD—MKM®, BB, K10 910 |20.48| 44.43 10.29 6.94 131.13
2 GD—MKM®, BB, K3 910 |[60.10| 15.14 39.79 1258 | 7233
3 MKM®—GD, BB, K10 910 |26.67| 34.13 10.85 1044 | 87.16
4 MKM®—GD, BB, K3 910 |[60.10] 15.14 35.87 16.80 | 54.16
5 Median, BB, K10 910 |61.85| 14.71 27.67 2584 | 3521
6 GD, BB, K10 910 |41.63| 21.86 13.43 6.44 141.20
7 MKM®, BB, K10 910 |61.83] 14.72 46.13 8.26 110.22
8 MKM®, BB, K3 910 |[43.72] 20.82 11.52 7.88 115.55
9 GD—MKM®, 2% 2 K5 910 37.88| 24.02 16.58 213 427.90
10 | GDHMKM®, 2% 2 K3 910 |32.56| 27.95 9.41 209 | 43592
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Ne Kondirypanis Kagpie |[Yac,¢| FPS | YUmranus, ¢ | BKO, ¢ | BKO FPS
11 | GD>MKM®, 2% 2 K10 910 34.08| 26.70 9.51 2.15 422.83
12 | MKM®—GD, 2%x2 K5 910  [3259| 27.92 10.64 2.77 328.95
13 | MKM®—GD, 2% 2 K3 910  [30.27| 30.07 10.02 2.54 357.91
14 | Median>MKM®, 2% 2 K5 910 [33.28| 27.34 14.32 7.40 122.97
15 | Median>MKM®, 2x 2, K3 910 32.16 | 28.30 10.62 7.29 124.86
16 MKM®, 2x2 K5 910 61.83| 14.72 53.42 1.96 464.25
17 MKM®, 2% 2, K3 910 [25.07| 36.30 8.99 1.89 | 480.54
18 GD—MKM®, 4x4 K3 910 17.81| 51.09 10.41 0.82 | 1114583
19 | MMO—GD, 4x4 k3 910  [21.71]| 41.92 10.12 0.83 | 1095.29
20 | Median—MKM®, 4x4 K3 910 [31.25| 29.12 12.91 211 | 43197
Ta6auus 4
V3aranbHeHi nokasHuky Juis gataceris D3, D11 ta D12
Ne Kondirypamis Oy ox PD Neo/er BKO FPS
Nexaracery = 3; SNR =499.84—535.91 Neyp3 =86
1 GD—MKM®, bb, K10 1.1100 0.99 0.0035 124.04
2 GD—MKM®, BB, K3 1.1200 1.00 0.1132 87.94
3 MKM®—GD, BB, K10 1.1300 1.00 0.0035 83.10
4 MKM®—GD, BB, K3 1.1100 1.00 0.1225 72.30
5 MKM®, BB, K3 1.1200 1.00 0.0922 114.26
6 MKM®, BB, K10 1.1200 0.99 0.0035 109.09
7 Median, 5B, K10 1.1500 1.00 7.0665 33.90
8 GD, BB, K10 1.1400 1.00 1.0653 135.37
9 MKM®—Median, B, K10 1.1200 0.99 0.0023 3.96
Neparacery = 11; SNR =8,2-19,7 , Nogu =24
21 GD—MKM®, BB 1.4400 0.82 0.1200 42.46
22 MKM®—GD, BB 1.5600 0.93 1.2200 40.44
23 MKM®, Bb 1.6500 0.94 0.2200 83.24
24 GD, Bb 1.2200 0.93 0.4000 54.99
25 Bes S2, bb 1.2900 0.76 1.1800 76.67
26 MKM®—Median, b 2.2300 0.83 0.2800 2.67
31 Be3S2, 2% 2 1.3900 0.74 0.5600 370.64
37 Bess2, 4x4 1.6000 0.51 0.0400 1170.96
Negaracery — 12; SNR =180,2-280,3 Neypio =24
41 GD—MKM®, BB 0.6600 0.87 1.3800 32.77
42 MKM®—GD, BB 0.6500 0.88 0.2600 39.01
43 MKM®, Bb 0.6700 0.81 0.3800 79.56
44 GD, b 0.6900 0.91 6.7600 57.70
45 Bes S2, bb 0.7300 0.52 0.0200 70.63
50 Be3S2, 2% 2 0.8300 0.52 0.0000 231.21
51 MKM®—Median, b 0.8500 0.84 2.0800 2.66
57 Bess2, 4x4 1.1900 0.48 0.0200 812.35
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Bucoxe PD ne rapantye manoi kimekocTi xmOHHX BusiBieHb. [ns D1 6Ge3
oinyBanns npu K10 meroau Median, GD i MKM® 3a6e3neuytors PD = 0,99-1,00,
ane NFD/Fr cranoButh BiamoimHo 7,0256, 5,8500 i 0,0033 (tabm. 2). IloxioHa
BIIMIHHICTH criocrepiraerscs uisi D3 (tabn. 4). BigHocHa edexTHBHICTH METONIB
Eramy 2 3anexuts Bix pOHOBHX YMOB.

3a moBHMM MacuBOM JaaHuX nopsnok Median—MKM® nma D3 npu GinysaHHI
2 x 21KS5 3abe3neuye Buiny mBuakoaito, Hixk MKM®—Median, 3a 6113b6K01 IKOCTI.
Ha D11 npu 4 % 4 mBuanmii mopsiiok Median—>MKM® cynpoBomKy€eThCs! HIKIHM
PD. Burpam y mBuakoii Mo)ke CyIpOBOKYBAaTHCS 3HIKEHHSIM SKOCTI BUSBIICHHS.
Bumknenns Eramy 2 yacto 3MeHIIye OOUHCIIOBAIbHI BUTPATH, aje HE TapaHTye
HaHO1IBIIO] IIBUIKOIII.

Jns D11 npu 4 X 4 Bono 3a6e3neuye 1170,96 BKO FPS 3a PD = 0,51, a ans D12
y TproX pexnmax OinyBanus PD cranoButs 0,48—0,52 (Tabin. 4). biHyBaHHS Takox
ctBoptroe kommpomic: 111 GD—MKM® na D1 npu K3 nepexin Bix 06pobku 6e3
6inyBanHs 10 4 x 4 miguirye BKO FPS i3 72,33 no 1114,83, ane 36inpmye CKBxy
31,41 o 1,80 px i 3amkye PD 3 1,00 10 0,99 (tabmn. 1-3). dus nocnimkenns K Eramy
4 crioci6 06podku dony ¢ikcysamu sk MKM®. BapitoBanu K i GinyBanHs (6e3
OiHyBaHHs, 2 X 2, 4 x 4) 14 D1 13 300pakeHHsAM 00’ exta npubauszHo 8—10 px Ta D4
i3 po3mipom 36 x 36 pX.

Tabnnus 5
D1 (nmarypuuii): CKBxy 3anexHo Bijg po3mipy sapa y3rompkeHoro ¢piastpy K, px
Konirypauis 3 5 7 9 10 [13] 16 |19| 24 37 |45 [55|70
MKM®, bb 141 | 347 | 3.44 | 344 | 1.42 |3.43| 2.94 [2.96] 2.63 | 2.14 [3.04] — | —
MKM®, 2% 2 149 | 1.48 | 3.35 | 3.20 | 1.55 |2.34| 3.07 [2.99| 0.00 - -

MKM®, 4x4 179 000 | 525 [ 222 195 | - | — |- | - -l -1-1-
Tabauus 6
D1 (natypuuii): PD 3anexHo Bix po3mipy siapa y3ropkesoro ¢inbtpy K, pX
Kondirypanis | 3 5 7 9 10 | 13 | 16 19 24 37 45 55 | 70
MKM®, b5 [1.00| 1.00 {1.00| 1.00 | 1.00 [1.00| 1.00 | 1.00 | 1.00 [ 0.95 | 044 | — -
MKM®, 2> 2 [1.00 | 1.00 (1.00( 1.00 | 0.64 | 1.00| 0.79 | 0.53 | 0.01 - - - -
MKM®, 4x4 093] 002 [0.01] 001 |083 | — | - | - | - | - | - | - |-

Ha D1 3anesxuocti CKBxy(K) i PD(K) nemonoToHHi (Tabm. 5, 6). be3 OinyBanHs
PD = 1,00 30epiraetscs npu K = 3-24, a npu K = 45 3umkyersest mo 0,44. 3a
OiHyBaHHS TOTIPIICHHS BUSBICHHs MpOsBIsieTbes npu MeHmmx K. Ilpuunbu
nokanpHux mokpaiieHb CKBxy mo6nmy K = 3 ta K = 10 ne BcranoBneno. s
MOJETbHOro naracery D4 Halikpala KOOpAWHATHA TOYHICTH 0Oe3 OiHyBaHHS
cnocrepiraetses npu K =24, y pexxumi 2 x 2 — ipu K =9, a 3a 4 X 4 3milyerses B
obnacte Manux K (tabmn. 7).

Taoauus 7
D4 (moaenbHuit): CKBXy 3a1exHO Bif po3mipy sapa y3romkenoro ¢instpy K, px

Kondirypauin | 3 5 [ 7] o [ 10 ] 13| 16 [ 19 [ 24 [ 37 [ 45 [ 55 [70

MKM®,5b 247 | 230 [2.13[ 1.88 | 1.95 | 1.89 | 166 | 1.61 | 1.42 | 1.63 | 1.88 | 1.94 |2.44

MKM®, 2x2| 1.79 | 1.69 [1.51| 146 | 1.75 | 1.71 | 1.66 | 1.68 | 1.97 | 2.40 | 2.58 | 3.21 |3.43

MKMo, 4x4 | 1.91 | 1.90 [2.12| 2.08 | 2.08 | 2.58 | 2.58 | 257 | 2.84 | 351 | 364 | - | -
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Taoanus 8
D4 (monensHuit): PD 3aexHo Bix po3mipy siipa y3romikenoro ¢pinstpy K, px

Kondirypanis | 3 5 7 9 10 13 16 19 24 37 45 55 70

MKM®, 55 [0.49| 0.48 | 0.43 | 0.37 [ 0.94 | 0.93 | 0.87 | 0.85 | 0.73 | 0.95 | 0.96 | 0.91 | 0.90
MKM®, 2x2(0.83| 0.82 | 0.78 | 0.72 | 0.96 | 0.96 | 0.93 | 0.91 | 0.91 | 0.81 | 0.59 | 0.47 | 0.15
MKM®, 4x4 10.90| 0.89 | 0.93 | 0.90 | 081 [ 0.92 | 0.78 | 0.67 | 0.34 | 0.10 | 0.03 | - -

VmogipHicts BusBnenss PD s D4 Takox uyTiauBa 10 Macitaby: 3a GiHyBaHHS
2 x 2 3pagenns PD =0,96 npu K= 101 13 3amxyerscs 10 0,15 npu K=70,a3a4 x 4
cnap BinOyBaetees panime: PD = 0,34 mpu K = 24 1 0,03 npu K = 45 (Tabn. 8).
ParmionansHa o6macte K 3amexxurs Bifg MacmTaly 300pakeHHS 00’€KTa ITiCIs
OiHyBaHHS; yHIBEpCAIbHOrO ONITUMYMY JUISl PI3HHX KJIACiB ()OHY HE BCTAHOBJICHO.

OOrosopeHHs pe3yJbTaTIB

3a mporenyporo Ui KOXXKHOro paracery cdopmoaHo ¢opmanbHy Ilapero-
ontuManbHy MHOXXHHY (ITOM®) i npaktnuny muHoxuny (IIOMVYH), mo BpaxoBye

. . +10°
HEYYTIIUBICTH 10 MAJHX 3MiH CKB,, £10% 'y 1a6n. 9 naseneno enementi IOMYH.

Tabnuus 9
[IpakTHUYHO pauioHaIbHI KOH}irypauii kouseepa ((IOMYH)
Ne Kondirypanis Oy . px PD | Ngprr |BKO FPS| IOMYH
SNR = _ N, =86
Negaracery  1; SNR =645.09-673.39 New:
17 MKM®, 2% 2, K3 1.4900 | 1.00 | 0.0022 | 480.54 v
18 GD—MKM®, 4><4, K3 1.8000 0.99 | 0.0022 | 1114.83 v
= _ N,.,, =86
s = SNR =407.71 524.87’ exp2
33 MKM®GD, 2%2 K3 | 14200 | 100 [ 00451 ] 35613 | v
= _ N, =86
Noratacery = 3 SNR =499.84—535.91 Nyys
55 MKM®, 2% 2, K3 | 12000 [ 10000117 ] 46642 | v
Nenaracery = 4; SNR=7,8-17,2 Nogs =24
65 Bes S2, BB 1.3300 | 0.98 | 0.0400 | 101.20 v
70 GD, 2x2 15000 | 0.99 | 0.1400 | 283.21 v
76 GD, 4x4 1.9100 | 0.98 | 0.2400 | 904.98 v
= — N, =24
Neparacery = 5; SNR=7,7-17,9 g e
89 MKM®, 2% 2 1.7500 | 0.89 | 0.1000 | 352.98 v
95 MiM®, 4x4 2.0700 | 0.87 | 0.2600 | 974.66 v
= — N =24
Nenaracery = 6; SNR=7,7-18,5 , | ans
104 GD, BB | 12100 099 [03000] 5319 | v
—8.1— N =24
Nemaracery = 7; SNR =8,1—-20,0 . en?
131 BesS2, 2% 2 15800 | 0.98 | 0.3200 | 386.25 v
136 cp, 4x4 1.9500 | 0.94 | 0.2400 | 974.66 v
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Ne Kondirypauis PD NFD/Fr BKO FPS | IOMYH

O
Y, px
= — N =24
Nenaracery = 8; SNR=7,8-18,8 s
149 MKM®, 2% 2 1.6700 | 0.91 | 0.0600 | 366.57 v
155 MM, 4x4 2.0600 | 0.89 | 0.0200 | 892.86 v

SNR =14,0—-20,4 N, =24

Neparacety = 9;

164 GD, BB 0.8100 | 0.98 | 0.0400 | 58.40 v
167 GD—MKM®, 2x 2 1.2200 | 0.97 | 0.2000 | 236.41 v
173 GD—MKM®, 4x4 1.6300 | 0.96 | 0.2400 | 725.69 v
Nonaracery = 10; SNR =75,8—240,3  Nogio =24
182 MKM®—GD, BB 0.3400 | 0.96 | 0.2200 | 37.66 v
187 GDSMKMO®, 2% 2 0.4500 | 0.97 | 0.2400 | 212.18 v
194 MKM®—GD, 4x4 0.7600 | 0.94 | 0.2600 | 675.22 v
Neparacery = 11; SNR =8,2-19,7 , Nex‘m e
204 GD, BB 1.2200 | 0.93 | 0.4000 | 54.99 v
209 MKM®, 2% 2 1.6600 | 0.90 | 0.0400 | 361.27 v
215 MKM®, 4x4 2.0300 | 0.90 | 0.1400 | 877.19 v

SNR =180,2-280,3 N, =24
0.6700 0.87 | 0.4400 167.95

Nepatacery = 12;

226

GD—-MKM®, 2% 2 v

229 GD, 2x2 0.7400 | 0.87 | 0.3200 | 376.51 v
Cymapho mis 12 naraceriB otpumano 40 kondirypauiit [IOM® i 25 TIOMVYH.
BincisiHo piteHHs, sl SKUX Maliid BUIpall Y TOYHOCTI HE KOMIIGHCYE BTpary
mBuakoaii. Hanpuknan, na D1 GD—MKM® 6e3 6inyBanns 3 1,41 pxi 131,13 BKO
FPS nocrynaerbest 3a npakruaauM Budopom MKMO®, 2 x 2, K3 3 1,49 px i 480,54
BKO FPS. bararokpurepianbHuii MifXiJ 3aCTOCOBYIOTH TaKOX IO PO3MOALITY
00MEXKEHHUX PEeCypCiB CEHCOPHUX Mepex [27].

YV IIOMVYH 30epiratorscst Bci pexxumu OinyBaHHS: 12 koH(irypariit i3 2 X 2,
BiciM i3 4 X 4 i ’sTh Oe3 GinyBauus. J{ins D4 mpencrasieHi BCi TpU PeXUMH, IO
BiJJOOpaka€ KOMIIPOMIC MiXX TOYHICTIO Ta IIBHIKOAIEI0 33 MPUHHITHOI SKOCTi
BUSIBIICHHSI. YHiBepcalabHOro crocody o0Opobku ¢ony He BumsiBneno. s D5
I[IOMVYH wicruts numie MKM® i3 GinyBanusam 2 X 2 i 4 X 4, s D6 — GD 6e3
6inyBanns, 111 D10 — mocnigoBaocti GD—MKM® i MKM®—GD. KonkpetHuit
BUOIp 3anexuth Bix naracery. Oxkpemuit Median i mociigoBaocti Median—>MKM®
ta MKM®—Median we ysiiinum 10 sxoauoi [IOM®. TlpakTuuni anbTepHATHBA
yrBoproroT MKM®, GD Ta X mociiI0BHOCTI; [UIs JBOX aTaceTiB 30epircsi Bapiant
6e3 Eramy 2. Kondiryparito 3 [IOMYH 06upatoTs BiANIOBIIHO O BUMOT TOYHOCTI it
MIBUIKO/11 KOHKPETHOI CHUCTEMHU.

BucHoBku

Po3pobneno GararoctamiiiHuii koHBeep 00poOkm mocmigoBHocTedr SWIR-
300paxkeHb MaJOpPO3MIPHHX PYyXOMHX 00 €KTiB, 1m0 oxomaioe Eramu 0-8 — Bix
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OTpUMaHHs i HOpMani3alii kaapy 1o GpopMyBaHHs BuMiptoBaHb. KOHBeep moeaHye
MIPOCTOPOBY 0OPOOKY KaPiB i3 4aCOBMM KOHTEKCTOM OI[iHIOBaHHS ()OHY Ta BU3HAUAE
Y3TOJDKEHY TOCJIIOBHICTh TIATOTOBKM IaHHX, KoMmeHcarii ¢oHy, ¢ixsrparii,
CerMeHTaIlii ¥ OIiHIOBaHHS rapaMeTpiB 00’ exTiB. ExcriepruMeHTaIbHE JOCIIKEHHS
MPOrpaMHOro OiHYBaHHSA, CIOCOOIB 1 MOPSAIKY 0OpOOKHM (OHY Ta MacimTaly sipa
y3ro/pkeHol  (UnbTpalii  BHABWIO KOMIIPOMICHM MK  SIKICTIO — BUSBJICHHS,
KOOPJIMHATHOKO TOYHICTIO Ta INBUAKOMAI€r0. [limBHIEHHS MIBHIKOMII BHACHIIOK
OiHyBaHHS MOKE CYHPOBOJIKYBATHCSI BTPATOO TOYHOCTI i MOTiPILICHHSM BHUSBIICHHS.
EdextuBHicTs 00po0KH (HOHY 3aEKUTH Bi XapakTepy 3aBaf i MOPSIKY MPOLeIyp.
Brums po3mipy siipa € HEMOHOTOHHHUM, @ HOTr0 parjioHaIbHa 00J1acTh 3aJIeKHUTh BiJl
Macmraly 300pakeHHS 00’ekTa micis OiHyBaHHS. baratokpurepianbHuil aHaii3
BHKOHAHO OKPEMO TS KOJKHOTO 3 12 HabopiB nanux. [Ticis Bigdopy 3a moka3HUKaMu
BUSIBIICHHS KOH(irypamii TOpIBHIOBAIM 3a KOOPAWHATHOIO ITOXHOKOIO Ta
HIBUIIKOIEI0. YpaxyBaHHA MPAKTHYHOI HEYYTIMBOCTI 70 MAIUX BiJMiHHOCTEH
KOOPIMHATHOrO Moka3HuKa (10 10 %) cKOpOTHIIO 3araibHy KUIBKICTh aJIbTCPHATUB
i3 40 xondirypauiit ¢popmanbHoi ITapeTo-MHOKHMHM 70 25 MPAKTHYHO PalliOHATBHUX.
VYHiBepcalbHOI ONTUMANIbHOI KOH(]Irypalii He BCTAaHOBJICHO; BUOIpP 3alCKHUTH BiJ
YMOB CIIOCTEpPE)XEHHS Ta TMpPIOPUTETIB KOHKpeTHOi cucteMu. OtpumaHi
3aKOHOMIPHOCTI CTOCYIOThCS IOCII/DKCHHX HATYPHUX 1 MOJICNIBHHUX JaHUX, PEXKUMIB
00poOKkM Ta peanizanii KoHBeepa. [Iis IHIIMX CEHCOpIB, MacmITabiB 00’ €KTIB i
(OHOBUX YMOB CKJIQJ palioHaJbHUX KOHQIirypauii mnotpeOye MOBTOPHOTO
oLiHIOBaHHA. [IpakTHYHUMH OOMEKEHHAMHU € pyYHE HAJAIUTyBaHHA IJIOOAIBHOTO
nopory Tta rpaHudHoro SNR-TOKa3HHMKa, a TaKoX OOYMCIIOBAJbHI BHTPATH
MOCITIJOBHOI IPOCTOPOBO-4acoOBOi 0OpOOKM (oOHY, sIKI MOXYTh YCKJIaJHIOBaTH
3aCTOCYBAaHHS KOHBE€Epa Ha MaJIONOTY)KHUX CUCTEMaX.

Monanpmia pobora mependavae aBTOMaTH3alil0 BUOOPY KOHQIrypamiit i3
npakTuyHoi [lapeTo-MHOXHMHM Ha OCHOBI Kiacudikanii (OHOBOI 0OCTAHOBKH.
Apanraiiiio 10 JUHAMIYHUX 3MiH 3aBaJl Ta OCBITJICHOCTI IUIAHYETHCS peaji3yBaTh
4yepe3 IHTErpamilo KOMIAKTHUX MOJENeil MallMHHOTO HaBYaHHS, IO MOTpelye
OKpEeMOi eKCIIEPUMEHTAIbHOI IEPEBIPKU.
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Abstract. Detecting small moving objects in short-wave infrared (SWIR) image sequences
requires balancing detection quality, localization accuracy, and processing speed under
spatially nonuniform and time-varying backgrounds. A multistage pipeline was developed from
data preparation to measurement generation. Experiments on real and simulated data examined
software binning, background-processing methods and their order, and matched-filter kernel
scale. Faster processing through binning can reduce localization accuracy and detection
quality. Background-processing effectiveness depends on observation conditions and procedure
order, while suitable filter scale depends on object image size after binning. Pareto analysis was
performed separately for each of 12 datasets. Accounting for practical insensitivity to small
localization-error differences reduced the total number of nondominated configurations from
40 to 25 practical alternatives. No universally optimal configuration was identified. The results
support pipeline parameter selection according to observation conditions and requirements for
detection, accuracy, and processing speed.

Keywords: SWIR images, multistage processing, software binning, matched filtering,
Pareto optimality, detection criterion, localization accuracy.
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Abstract. This paper investigates the influence of spatial non-uniformity of fiber distribution
on the microstructural characteristics and effective elastic properties of unidirectional fiber-
reinforced composites. A comprehensive methodology combining computer vision, geometric
and graph-based microstructure analysis with voxel-based numerical modeling is proposed.
Segmented micrographs are processed using the Distance Transform and Watershed algorithms
to identify individual fibers and determine their center coordinates. The spatial distribution of
fibers is characterized using nearest-neighbor distances, deviations of fiber centers from a
reference square lattice, angular distributions, and topological characteristics of spatial
graphs. Local spatial order is additionally quantified using fourfold and sixfold bond-
orientational order parameters, v, and W Based on the obtained characteristics, regular and

stochastic representative volume element (RVE) models are generated. The stochasticity of the
structure is reproduced through controlled random displacement of fiber centers. The proposed
approach enables comprehensive quantitative assessment of the heterogeneity of real composite
microstructures and provides a basis for generating more realistic composite material models
and further investigating their effective mechanical properties.

Keywords: fiber-reinforced composites, microstructure, fiber spatial distribution, graph-
based analysis, nearest-neighbor distance, stochastic microstructure, representative volume
element, voxel modeling, finite element method, computer vision.

1 Introduction

Fiber-reinforced composites are among the most important modern structural
materials and are widely used in aerospace, energy, transportation, and mechanical
engineering applications. Their effective mechanical properties are determined not
only by the characteristics of their constituents (the matrix and reinforcing fibers) but
also by the features of their microstructure, particularly the spatial distribution of
fibers within the material. In theoretical and numerical studies, fibers are commonly
arranged in regular square or hexagonal arrays. However, experimental investigations
and micrograph analyses have shown that real composite materials exhibit deviations
from uniformity, including local fiber clustering, regions of increased porosity, and
matrix-rich areas, all of which may alter the stress—strain state of the composite [1, 2,
3]. Such non-uniformities are especially common in materials manufactured using
filament winding, resin injection molding, and fiber-reinforced additive
manufacturing technologies [5]. They lead to variations in local stiffness and
redistribution of loads between fibers and the matrix, which in turn affect the
macroscopic elastic properties and strength of the structure. Therefore, assessing the
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degree of non-uniform fiber distribution is essential for developing more accurate and
realistic composite material models and for optimizing their performance.

This study proposes an approach that combines computer vision techniques with
numerical modeling for the quantitative analysis of composite microstructures and
the evaluation of the influence of non-uniform fiber distribution on the effective
material properties. An algorithm was developed to process a set of microstructural
image masks of a unidirectional composite, enabling the identification of fiber center
coordinates, fiber radii, and deviations from a regular arrangement. Statistical
analysis of the processed images is used to determine the average deviation from a
regular distribution, which serves as a measure of non-uniformity for subsequent
numerical simulations.

Based on the obtained data, a regular voxel-based RVE model and a series of
stochastic RVE realizations were generated:

1. A model with a regular fiber distribution;

2. A series of stochastic models with controlled non-uniformity, in which the
fiber centers were randomly displaced from their regular positions according to a
Gaussian distribution, with a maximum displacement of 15% of the characteristic
inter-fiber spacing.

Subsequent simulations make it possible to compare the elastic properties of the
two microstructure configurations. This provides a quantitative assessment of the
influence of reinforcement non-uniformity on the mechanical behavior of composite
materials and establishes a basis for the validation of micromechanical models that
account for realistic microstructural features.

2 Related Work

Modeling the mechanical properties of fiber-reinforced composites is
traditionally based on the use of representative volume elements (RVEs) and
numerical techniques, particularly the finite element method (FEM). This approach
enables the determination of effective material properties based on the underlying
microstructure. In [5], micromechanical modeling of polymer composites reinforced
with basalt and glass fibers was investigated, demonstrating the influence of fiber
type and volume fraction on elastic properties. Similar approaches are widely used
for evaluating the mechanical behavior of composite materials; however, the
microstructure is typically predefined and is rarely analyzed from the perspective of
its spatial organization. Analytical methods, particularly the Mori—Tanaka model,
remain effective tools for the rapid estimation of composite properties. Recent studies
have shown a growing tendency to combine analytical models with numerical
simulations and machine learning techniques. In [11], a hybrid approach was
proposed in which FEM results were employed to improve the accuracy of an
analytical model through machine learning algorithms. This methodology
significantly enhances prediction accuracy while maintaining reasonable
computational efficiency. An important aspect of composite modeling is the
consideration of physical interactions between constituent phases. In [7], the
influence of the interphase layer between fibers and the matrix on effective elastic
properties was investigated. The study demonstrated that even a thin transition layer
can substantially affect the mechanical response of the material, and that the
relationships between microstructural parameters and effective properties can be
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described using nonlinear regression models. A separate research direction focuses
on the generation of stochastic microstructures. In [8], an algorithm for constructing
RVEs with randomly distributed particles or fibers was proposed. The method enables
the generation of statistically representative microstructures while maintaining a
prescribed volume fraction. Statistical descriptors such as nearest-neighbor distances,
pair-correlation functions, and Ripley’s K-function are commonly employed to
quantify the degree of randomness and spatial heterogeneity of the generated
structures. Further developments in stochastic modeling have investigated the
influence of random generation techniques on simulation results. In [9], it was shown
that the choice of random number generation algorithm affects the spatial
arrangement of fibers within an RVE, which subsequently influences the statistical
characteristics of the predicted mechanical properties. While the average elastic
moduli remained relatively stable, significant differences were observed in their
variance and distribution. Recent studies have also advanced high-fidelity
microstructure modeling techniques. In [10], machine learning methods were applied
to generate stochastic RVEs capable of reproducing realistic microstructures of
unidirectional composites with high accuracy. Such approaches aim to improve the
correspondence between numerical models and actual composite materials. Another
important research area concerns the experimental and numerical validation of
micromechanical models. In [6], short-fiber composites were investigated using
RVE-based homogenization techniques and their averaged variants. The results
demonstrated good agreement between numerical predictions and experimental
observations. However, the proposed methodology was primarily focused on
estimating average material properties rather than analyzing the influence of spatial
microstructural heterogeneity. A review of the current literature indicates that most
approaches to modeling fiber-reinforced composites are focused on predicting
effective average material properties using RVEs, analytical models, or hybrid
combinations thereof. Considerable effort has been devoted to improving prediction
accuracy and reproducing realistic microstructures. Nevertheless, spatial
microstructural characteristics such as inter-fiber distances, local fiber density, and
the degree of non-uniform fiber distribution remain insufficiently investigated.
Existing approaches generally do not incorporate these factors into the interpretation
of simulation results, which limits the ability to fully describe the influence of
microstructural heterogeneity on the mechanical behavior of composite materials.
Therefore, there is a clear need for methods that combine numerical modeling with
quantitative microstructure analysis. In particular, the integration of computer vision
techniques with micromechanical modeling provides a promising framework for
evaluating spatial heterogeneity and its influence on the effective properties of fiber-
reinforced composites.

3 Microstructure Modeling

The microstructure of a fiber-reinforced composite is considered at the level of a
representative volume element (RVE), which consists of a matrix and a system of
unidirectional fibers with circular cross-sections. Figure 1 illustrates a regular fiber
arrangement in which the centers of the inclusions form a periodic lattice with a
constant inter-fiber distance d.

286



INTELLIGENT SYSTEMS AND DIGITAL TECHNOLOGIES

O+

matrix _Bber

OO
Figure 1. Schematic representation of the regular arrangement of fibers in a composite matrix.
Based on this configuration, a three-dimensional voxel model (Figure 2) of size

N x N x N, where N = 40 voxels, is generated. Each element of the domain is
assigned a corresponding material phase.

Figure 2. Numerical voxel-based composite model with a regular microstructure: 2D cross-
section and 3D representative volume element (RVE) for subsequent FEM analysis.

The selection of the 40x40x40 voxel size is based on the results of a previous
study [12], in which the effect of voxel model size on the stability of effective elastic
properties was investigated for polycrystalline copper. It was found that increasing
the size of the representative volume reduces the statistical scatter of the obtained
properties. For a model size of 20 voxels, the mean variance was 1.38, while the
maximum deviation of the effective properties did not exceed 1.91%. Based on this
observed trend, an RVE size of 40x40x40 voxels was used in the present study as a
compromise between the accuracy of microstructure representation and
computational cost. Each voxel (x,y,z) is assigned a material phase using the
following discrete function:

1, matrix (1)

Viy.2) :{2 fiber

where the values 1 and 2 are identifiers of the material phases and are used to assign
the corresponding physical and mechanical properties within the numerical model.
The fiber volume fraction is defined as

Vf _ Nfiber (2)
Ntotal
where N - is the number of voxels belonging to the fiber phase, N, - is the

total number of voxels in the model.

For the regular fiber arrangement, the fiber volume fraction is determined
geometrically through the fiber radius. For stochastic models, the volume fraction is
controlled by restricting the displacement of fiber centers and enforcing the non-
overlapping condition between fibers.

Stochastic fiber distribution model. To represent the microstructure of real
composite materials, which is characterized by deviations from a regular fiber
arrangement, a stochastic fiber distribution model is introduced. The model is
generated from a regular square packing configuration by applying random
displacements to the fiber centers.
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The coordinates of the fiber centers X =(x,y;)are defined as
X = Xi(O) +A% Y= yi(O) + Ay, ©)
where (x(,y(®) are the coordinates of the nodes of the regular lattice, and
(Ax, Ay, )are random displacements determined according to a Gaussian normal

distribution:
A, Ay, ~ N(0,6%) @
where ¢ is a parameter controlling the degree of microstructural heterogeneity.
To ensure the physical validity of the generated microstructure, a non-overlapping
condition is imposed on the fibers:
| % —x; = 2r,i# j ()

where r is the fiber radius.

An additional constraint is introduced to limit the maximum displacement of fiber
centers, preventing them from leaving their local cells and avoiding excessive
distortion of the original structure. The allowable displacement is defined relative to
the characteristic cell size and is controlled by a parameter specifying the degree of
stochasticity in the fiber distribution. In the present study, the displacement range of
the fiber centers was limited to 15% of the characteristic dimension, providing a
moderate level of microstructural heterogeneity for the numerical experiments.

This approach enables the generation of microstructures with a controlled degree
of non-uniformity, ranging from nearly regular arrangements to significantly random
configurations. At the same time, the prescribed fiber volume fraction is preserved,
and the condition of geometric non-overlap between fibers is maintained.

The generated stochastic configurations are subsequently used for numerical
simulations aimed at investigating the influence of spatial heterogeneity on the
effective mechanical properties of composite materials.

Figure 3. Example of a stochastic composite microstructure generated using Gaussian

displacement of fiber centers.

4 Numerical Analysis and Homogenization

To determine the effective mechanical properties of the composite, a numerical
analysis of the stress—strain state of the representative volume element (RVE) is
performed using the finite element method (FEM).

The mechanical properties of the composite constituents are assigned according
to their physical and mechanical characteristics (Table 1). The model consists of two
material phases: matrix - isotropic material; fibers - orthotropic material with
specified elastic.
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Table 1
Mechanical properties of composite constituents
Component | Elastic Properties (GPa) Poisson’s Ratio Density
(kg/m3)
matrix E =3 0.35 1200
glass fiber E,, ~ 76,5 Vy =V, ~0.22 2650
E,=E, ~10.1 v, ~ 0.30
The stress—strain analysis is carried out within the framework of linear elasticity:
c=Ce¢ (6)
where C is the material stiffness tensor determined through the homogenization

procedure.
Macroscopic strain components are prescribed as boundary conditions to enforce
uniform deformation of the RVE:

u(x)=g- x (7
where U is the displacement vector; € is the prescribed macroscopic strain tensor.
All six independent strain components are considered: €1€yy1 €11 €41 64, €yy -

To construct a complete loading dataset, a combinational loading scheme consisting
of 64 loading cases is employed, where each combination corresponds to a separate
numerical simulation. For each model, stress and strain fields are obtained and
subsequently used to determine the effective material properties through
homogenization. The volume-averaged stress and strain tensors are calculated as

<8>:V£I edV ©)
() =] oV ©

where: € and G are the strain and stress tensor components, respectively; )

denotes the volume-averaged value; V is the volume of the representative volume
element.

The obtained averaged quantities are used in the homogenization procedure to
determine the effective mechanical properties of the composite material.

5 Fiber distribution analysis and microstructure heterogeneity assessment

The input data for the study consist of segmented masks of fiber-reinforced
composite cross-sections obtained from micrographs of the material. During data
preparation, the reinforcing phase was separated from the matrix and represented as
binary images, where each pixel corresponds to one of two phases: fiber or matrix.

To accurately identify individual fibers, a combination of the Distance Transform
and the Watershed algorithm is employed. This approach enables the separation of
touching or partially overlapping fibers, which is particularly important for
composites with a high reinforcement volume fraction. In the first stage, local maxima
of the distance function are determined for each fiber region and used as markers for
subsequent segmentation. As a result, each fiber is represented as an individual
connected component.
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For each identified region, its geometric characteristics, including area and
centroid coordinates, are determined. In addition, area-based filtering is applied to
remove small segmentation artifacts and regions that do not correspond to actual
fibers. The coordinates of the centroid of the i-th fiber are calculated as

1 ﬁ 1
= o i (10)
XI A ~ Xk yl A < yk

where Ai is the area of the i-th fiber and (x,,y,) are the coordinates of the pixels

belonging to the corresponding region.

As aresult, a set of fiber center coordinates is obtained:

P :{(Xi 1 Yi )}:11 (11)
where N is the total number of fibers in the analyzed cross-section.

The obtained coordinates are used for further analysis of the spatial arrangement
of the reinforcing inclusions. Based on these data, inter-fiber distances are calculated,
their distributions are analyzed, and the real microstructure is compared with an
idealized square-packing model. The resulting statistical characteristics are
subsequently used for the generation of stochastic RVE models and for investigating
the influence of microstructural heterogeneity on the effective mechanical properties
of composite materials. To construct the numerical model, it is necessary to quantify
the degree of heterogeneity of the real composite microstructure and determine the
allowable displacement of fibers relative to a regular arrangement. A square fiber
packing model is adopted as the reference structure since it serves as the basis for the
regular RVE model. Using the obtained fiber center coordinates, a regular square
lattice with the same number of fibers and the same average center-to-center spacing
is generated. For each fiber in the real structure with center coordinates (x;, y;) , the

nearest node of the reference lattice (xi°, yio) is identified. The local displacement is
then calculated as the Euclidean distance

d; =05 =)+ (v, ~ y})? (12)
where 0, denotes the displacement of the center of the i-th fiber relative to the

corresponding reference node.

The resulting set of values characterizes the deviation of the real microstructure
from an ideal square packing arrangement. To analyze the local arrangement of fibers,
distances to the four nearest neighbors are additionally determined, corresponding to
the number of neighboring fibers in a regular square cell. For each fiber, the average
nearest-neighbor distance is calculated as

1 4
=-Bd (13)
LI 4 kgld'k
where d,_isthe distance from the center of the i -th fiber toits k -th nearest neighbor.

The mean inter-fiber spacing is then defined as
N
L. =—BL. (14)

spacing N i=
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where N is the number of fibers in the analyzed cross-section.

To construct the reference square lattice, an automatic search is performed for the
local microstructural region that most closely resembles a regular square packing
arrangement. The selection criterion is based on minimizing the variation of inter-
fiber distances and minimizing deviations of the angles between neighboring fibers
from 90°. Using the identified cluster, the characteristic inter-fiber spacing and the
orientation of the reference structure are determined.

Tl {runct) wrid (cenl (bum) fiber circles

Figure 4. Comparison of the actual fiber arrangement with the regular square packing model.

To evaluate the spatial distribution of fibers, histograms of the average distances

to the nearest neighbors were constructed. Unlike hexagonal packing, where each

fiber has six nearest neighbors, a square packing arrangement is characterized by four
nearest neighbors. Therefore, the primary analysis was performed for k=4.

Histogram of mean nearest-neighbor distances

25 30 35 40 45 50 55
Mean distance to 4 nearest neighbors (px)

Figure 5. Histogram of the distribution of average distances to the four nearest neighboring
fibers.

Figure 5 presents the histogram of the average distances to the four nearest
neighboring fibers. The histogram indicates that most fibers exhibit average neighbor
distances in the range of 30 — 45 px. The peak of the distribution is located
approximately between 38 and 42 px, corresponding to the most characteristic inter-
fiber spacing in the analyzed microstructure. At the same time, the finite width of the
distribution indicates deviations of the real microstructure from an ideal square
packing arrangement and confirms the existence of local regions with increased and
decreased fiber density.

Angular and positional analysis. For each detected fiber, the directions toward
its nearest neighboring fibers were determined relative to the reference coordinate
system. The resulting angular distribution is presented as a polar histogram in Figure
6(a). The angular distribution exhibits pronounced maxima in the directions close to
0°, 90°, 180°, and 270°. These preferred directions correspond to the principal axes of
a square arrangement and indicate the presence of a pronounced fourfold component
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in the local organization of the fibers. At the same time, the finite width of the angular
peaks and the presence of contributions between the principal directions demonstrate
that the experimental structure does not form a perfectly periodic square lattice. Thus,
the angular distribution complements the nearest-neighbor distance analysis by
demonstrating that local positional variations occur while the predominant fourfold
organization of the reference structure is retained.

Nelghbor Angular Distribution Real vs Ideal Square Grid
90° 0 : v

® feal fmers
I el e

250 4 O R e R |
0 50 100 150
X {px)

Figure 6. (a) Polar histogram of the angular distribution of nearest neighbors;
(b) comparison of the detected fiber centers with the nearest nodes of the ideal square lattice.

Figure 6(b) provides a direct spatial comparison between the experimentally
detected fiber centers and the corresponding nearest nodes of the ideal square lattice.
The observed displacements vary throughout the analyzed cross-section: some fibers
remain close to their reference positions, whereas others exhibit more pronounced
deviations. This spatial variation demonstrates that the microstructure contains local
positional fluctuations while maintaining the overall organization associated with the
square reference configuration.

The positional and angular descriptors therefore provide complementary
information. The displacement from the reference lattice characterizes the deviation
of individual fiber positions, whereas the angular distribution describes the
preservation of preferred local orientations. Their combination provides a more
complete description of the spatial heterogeneity of the experimental microstructure.

Graph-based representation of fiber spatial arrangement. To additionally
characterize the local organization of the reinforcing phase, the fiber centers were
represented as vertices of a spatial graph, with edges defining the corresponding
neighborhood relationships. The graph representation makes it possible to quantify
not only the distances between fibers but also the number and organization of
neighboring fibers. Three complementary graph constructions were considered. First,
a Delaunay graph was generated from the fiber center coordinates and used as a
baseline geometrical representation. This construction defines spatial connectivity
directly from the distribution of the fiber centers without requiring a predefined
maximum neighborhood distance. For the analyzed microstructure containing 87
fibers, the Delaunay graph contained 247 edges. The mean number of neighboring
fibers was 5.68, with a median of 6. The minimum and maximum numbers of
neighbors were 4 and 8, respectively. The lengths of the Delaunay edges were also
analyzed. The mean edge length was 36.18 px, while the median was 30.05 px and
the standard deviation was 19.72 px. The edge lengths ranged from 17.71 to 164.33
px. The difference between the mean and median values, together with the presence
of relatively long edges, indicates that the Delaunay graph includes both locally close

SR TS |
200 250
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fibers and comparatively long geometrical connections. To account for differences in

fiber size, the center-to-center distance was normalized by the combined radii of the

corresponding fibers:

L (15)
L+

ij

where dij is the center-to-center distance and F;and I;are the equivalent radii of

fibers i and j respectively.

For the analyzed Delaunay graph, the mean normalized distance was 1.54 and the
median was 1.25. The 75th, 90th and 95th percentiles were 1.64, 2.29 and 3.32,
respectively, while the maximum value was 7.16. The obtained distribution indicates
that not all Delaunay connections represent immediate local fiber proximity.
Therefore, a distance-filtered Delaunay graph was additionally considered. An edge
was retained when its normalized distance did not exceed R, =20- This threshold

was used as a controlled parameter for sensitivity analysis of the neighborhood
definition rather than as a universal physical criterion.

After filtering, the number of edges decreased from 247 to 215 and the mean
degree decreased from 5.68 to 4.94. The median degree was 5, while the minimum
and maximum degrees were 2 and 8, respectively. No isolated fibers were obtained.

As a third representation, a Gabriel graph was constructed from the same fiber
center coordinates. In this case, a Delaunay connection was retained when the circle
defined by the corresponding center-to-center segment as its diameter contained no
other fiber center. This provides a local geometrical neighborhood definition without
requiring an explicitly selected distance threshold. The Gabriel graph contained 190
edges. Its mean degree was 4.37 and the median degree was 4, with a standard
deviation of 1.16. The minimum and maximum degrees were 1 and 7, respectively,
and no isolated fibers were detected. The characteristics of the three graph
representations are summarized in Table 2. The comparison demonstrates that the
estimated local connectivity depends on the definition of spatial neighborhood. The
Delaunay graph provides the largest number of geometrical connections, while the
distance-filtered graph removes part of the longer connections according to the
selected normalized-distance criterion. The Gabriel graph provides a more restrictive
local neighborhood representation without introducing an empirical distance
threshold.

Table 2
Topological characteristics of the investigated fiber spatial graphs
Parameter Delaunay Delaunay, R, <2.0 Gabriel
Number of fibers 87 87 87
Number of edges 247 215 190
Mean degree 5.68 4.94 4.37
Median degree 6 5 4
Standard deviation — — 1.16
Minimum degree 4 2 1
Maximum degree 8 8 7
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The three approaches were therefore treated as complementary descriptors of the
fiber arrangement. The Delaunay graph characterizes the geometrical connectivity of
the complete center distribution, the filtered Delaunay graph evaluates the effect of a
controlled proximity criterion, and the Gabriel graph provides a parameter-free
representation of local geometrical neighborhoods.

Local spatial order. The angular organization of neighboring fibers was further
quantified using local bond-orientational order parameters. For the i-th fiber, the
fourfold and six fold components of the local spatial arrangement were calculated as

viO = S expaio, ) (16)

i I

w=t | @

exp(6i6;)
N,

i JeN;
where N, is the number of neighboring fibers, N, is the corresponding neighborhood,
and 0, is the angular position of neighboring fiber j relative to fiber i.

The parameter s, characterizes the local fourfold orientational component,
whereas y  characterizes the sixfold component. Values approaching unity indicate

stronger angular coherence with the corresponding symmetry. The corresponding
median values were 0.3253 and 0.4865, with standard deviations of 0.2365 and
0.2500, respectively. The higher mean and median values of v, compared withy,,

indicate a stronger sixfold component according to the local bond-orientational
descriptor. However, this result does not imply that the entire microstructure has a
globally hexagonal arrangement. Rather, it indicates that local fiber neighborhoods
contain a measurable sixfold orientational component in addition to the dominant
square-like organization observed in the angular distribution.

The relatively large standard deviations of the local order parameters demonstrate
that the degree of orientational organization varies between individual fiber
neighborhoods. Thus, the local order parameters provide information about spatial
heterogeneity that cannot be obtained from a single global descriptor.

Quantification of microstructural heterogeneity. The combined analysis of
fiber positions, inter-fiber distances, angular distribution and local neighborhood
topology demonstrates that the investigated microstructure retains a predominantly
square-like organization while exhibiting local spatial variations.

For the analyzed microstructure, the mean nearest-neighbor distance was 23.53
px, with a median of 23.82 px and a standard deviation of 2.38 px. The coefficient of
variation was 10.10%, indicating moderate variability in local fiber spacing. The
angular distribution further confirmed the presence of preferred directions
corresponding to the principal axes of the square packing, while the comparison with
the ideal lattice demonstrated local positional deviations of the fiber centers.

The graph-based and local orientational analyses additionally revealed variations
in the number and angular organization of neighboring fibers. Thus, the observed
heterogeneity is manifested not only through variations in inter-fiber spacing but also
through local positional and topological differences.
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These characteristics were used to define the degree of stochasticity of the
generated RVE models. To reproduce the observed deviations from the regular square
arrangement, the fiber centers were randomly displaced according to a Gaussian
distribution. Based on the obtained spatial statistics and preliminary numerical
experiments, the maximum displacement was limited to 15% of the characteristic
inter-fiber spacing. This value provides moderate positional variability while
preserving the predominant square-like organization, the prescribed fiber volume
fraction, and the non-overlapping condition between fibers.

The resulting stochastic configurations were subsequently used for numerical
simulations of the effective mechanical properties of the composite material.

6 Result and Discussion

To investigate the influence of spatial microstructural heterogeneity on the
effective mechanical properties of the composite, a series of stochastic models was
generated by randomly displacing the fiber centers relative to a regular square lattice.
To obtain statistically stable estimates of the effective mechanical properties, 100
independent stochastic realizations were generated. This number of realizations
provides a more accurate estimation of the mean mechanical properties, reduces the
influence of random deviations in individual realizations, and allows for a more
representative characterization of the statistical distribution of the composite
properties. For each realization, a homogenization procedure was performed to
determine the effective elastic moduli, shear moduli, and Poisson’s ratios.

E_x: Random vs Uniform E_y: Random ve Uniform E_z: Random vs Uniform

Random (u=1.32237, o=7.470-03,
Uniform (u=1.31061)

2161 2162 2163 2184 2165 29065 20000 29005 26900 29105 2910 115
Ey Ez

Figure 7. Statistical distributions of the effective elastic moduli for random and uniform fiber
distributions.

G, Mandom va Uniform Gt Mandom vs Uniform G, Mard

~ Uniform

Gy -

Figure 8. Statistical distributions of the effective shear moduli for random and uniform fiber
distributions.
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Figure 9. Statistical distributions of the effective Poisson’s ratios for random and uniform
fiber distributions.

Figures 7-9 present the histograms of the effective properties obtained for the
stochastic microstructures. The blue bars correspond to the results of individual
realizations with randomly distributed fibers, while the blue curves represent
approximations using a normal probability distribution. The orange bars indicate the
corresponding values obtained for the regular model with a symmetric fiber
arrangement. Analysis of the histograms shows that the distributions of most effective
mechanical properties are close to normal. Furthermore, the values obtained for the
regular model are located near the centers of the corresponding distributions. This
indicates that random displacements of fiber centers do not significantly affect the
average mechanical properties of the composite. However, they introduce a
measurable statistical variation in the predicted effective properties, reflecting the
influence of microstructural heterogeneity on the material response. For a
guantitative assessment of the obtained distributions, the main statistical
characteristics of the effective elastic properties are presented in Table 3. The table
includes the mean value ., the standard deviation o, and the coefficient of variation

CV , which is defined as
cv=2.100%: (18)
n

Table 3
Statistical characteristics of effective elastic properties for stochastic composite
microstructures

Property Regular Mode Mean Value Standard CV, %
(D) Deviation (o)

E_x, (GPa) 4.320 4.327 0.0075 0.17
E_y, (GPa) 2.461 2.462 0.0008 0.03
E_z, (GPa) 29.087 29.096 0.0063 0.02
G_xy, (GPa) 3.156 3.186 0.0262 0.82
G_xz, (GPa) 1.787 1.788 0.0012 0.07
G_yz, (GPa) 4.840 4.890 0.0674 1.38
V_Xy 0.2396 0.2390 0.00063 0.26

vV Xz 0.0932 0.0936 0.00038 0.40

v yz 0.0382 0.0381 0.00006 0.15

The coefficient of variation provides a measure of the relative dispersion of the
results independently of the absolute magnitude of the considered parameter. Higher
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values of CV indicate greater sensitivity of the corresponding mechanical property to
the random spatial distribution of fibers within the composite matrix. To
quantitatively assess the influence of stochastic fiber arrangement on the effective
mechanical properties of the composite, the homogenization results obtained for the
regular and stochastic models were compared.

Table 4 presents the effective elastic moduli and shear moduli calculated for both
types of microstructures, together with the relative deviation between them:

P..—P
AP = M 100%* (19)

reg

where P__and P

reg ran denote the effective property obtained for the regular and

stochastic microstructures, respectively.

Table 4
Comparison of effective elastic and shear moduli for regular and stochastic composite models.
Pregular Pranclum AP
Froperty (GPa) (GPa) Go)
E, 4319 4327 0.19
E, 2461 2.462 0.04
E 29.09 29.10 0.03
Gyy 3.155 3.186 0.98
Gy, 4.840 4.890 1.03
G, 1.787 1.788 0.06

As shown in Table 4, the mean values of the effective properties obtained for the
stochastic models remain close to those of the regular microstructure. The largest
deviation is observed for the shear modulus G, however, even in this case the

difference does not exceed 1.1%. For the elastic moduli EE, and E, the

deviations are below 0.2%, indicating that the average stiffness of the material is
largely preserved despite the random displacement of fiber centers. These results
suggest that moderate microstructural heterogeneity has only a limited effect on the
mean effective mechanical properties of the composite. Nevertheless, as
demonstrated by the statistical analysis presented in Table 4, stochastic fiber
distributions introduce a measurable variability in the predicted properties, which
should be considered when assessing the reliability and uncertainty of composite
material performance Table 5 presents a comparison of the effective Poisson’s ratios
obtained for the regular and stochastic composite microstructures. Similar to the
elastic and shear moduli, the calculated values exhibit only minor differences between
the two models. The close agreement between Viegutar and vy indicates that the

random
random spatial distribution of fibers does not significantly affect the macroscopic
deformation behavior of the composite material. These results confirm that moderate
microstructural heterogeneity has a negligible influence on the effective Poisson’s
ratios, while the overall elastic response of the composite remains governed primarily
by the constituent material properties and the fiber volume fraction.
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Comparison of effective Poisson’s ratios for regular and stochastic composite mo:ire?sb o5
Property Vieqular Vi andom
Vi 0.2396 0.2390
Vyy 0.0932 0.0936
Vyy 0.0382 0.0381
Conclusions

This study investigated the influence of non-uniform fiber distribution on the
effective elastic properties of a unidirectional fiber-reinforced composite using a
combination of image-based microstructure analysis and voxel-based numerical
modeling. A methodology was developed to characterize the spatial organization of
fibers from segmented micrographs and to use the obtained characteristics for the
construction and evaluation of stochastic representative volume element (RVE)
models. The analysis of the experimental microstructure demonstrated that the fiber
arrangement retains a predominantly square-like organization while exhibiting local
deviations in fiber positions and inter-fiber spacing. For the analyzed microstructure,
the mean nearest-neighbor distance was 23.53 px, with a median of 23.82 px and a
coefficient of variation of 10.10%. The angular distribution showed pronounced
preferred directions close to 0°, 90°, 180°, and 270°, confirming the presence of a
dominant fourfold component while also demonstrating deviations from an ideal
periodic arrangement.

The graph-based analysis provided an additional quantitative description of the
local fiber neighborhoods. Three spatial representations were compared: the
Delaunay graph, a distance-filtered Delaunay graph, and the Gabriel graph. For the
analyzed microstructure, the corresponding mean numbers of neighboring fibers were
5.68, 4.94, and 4.37, respectively. The comparison demonstrated that the estimated
local connectivity depends on the definition of spatial neighborhood. The Delaunay
graph provides a general geometrical representation, while the distance-filtered and
Gabriel graphs provide more localized descriptions of fiber proximity. The local
bond-orientational parameters further characterized the angular organization of
individual neighborhoods, with mean values of. v, = 0.3711 and Y, = 0.5168 for

the Gabriel graph. The obtained microstructural characteristics were used to support
the construction of stochastic RVE models. The stochastic fiber distribution was
generated by randomly displacing fiber centers relative to a regular square lattice
according to a Gaussian probability distribution. The maximum displacement was
limited to 15% of the characteristic inter-fiber spacing in order to introduce moderate
spatial variability while preserving the general organization of the fiber arrangement
and preventing geometric overlap.

The numerical results demonstrated that the introduction of spatial heterogeneity
has a minor effect on the mean effective elastic properties of the investigated
composite. For the elastic moduli, the maximum deviation between the regular and
stochastic models was less than 0.2% for E, . 0.04% for E, - and 0.03% for E,- For

the shear moduli, the deviations did not exceed 1.03%. The largest changes were
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observed for G,, and G,,’ for which the relative increases reached 0.98% and

1.03%, respectively. The differences in Poisson's ratios remained below 0.5%. At the
same time, stochastic configurations introduced a statistical variability of the effective
mechanical properties that was absent in the regular model. Thus, although the spatial
heterogeneity considered in this study has a limited influence on the mean effective
properties, it affects the statistical distribution of the numerical results. This
distinction is important when the objective is not only to estimate average material
properties but also to characterize their variability and the influence of local
microstructural features. For the investigated composite with a fiber volume fraction
of 40% and a maximum fiber displacement of 15%, the regular RVE model provides
a close estimate of the mean effective elastic properties. However, stochastic RVE
models are more appropriate when the analysis requires consideration of the
variability of mechanical properties, local microstructural effects, or statistical
reliability. The proposed combination of image-based spatial characterization, graph-
based analysis, and stochastic RVE generation can therefore be used as a basis for
developing more representative computational models of heterogeneous fiber-
reinforced composites.
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BOKCEJIBHE MOAEJIOBAHHS BIIJIMBY HEPIBHOMIPHOT'O
PO3MOAIJTY BOJIOKOH HA EJJACTHYHI BJIACTUBOCTI
BOJIOKOHO3MIINHEHUX KOMIIO3UTIB
Ph.D., Boaka O., Ph.D., lllanoBaiosa M., Ph.D., Micrpa C., ’Kuxapies B.
Hayionanvnuii mexuiunuii ynieepcumem « XapkiecoKutl NOMMexXHiuHull iHCmumymy,
Yxpaina

Anomauia. Y yii cmammi 00cnioHcyemovca 6nAUE NPOCMOPOBOI HeOOHOPIOHOCMI
PO3N0OINY BONOKOH HA MIKDOCMPYKMYPHI Xapakmepucmuku ma e@pekmugHi NnpyicHi
61acmueocmi 0OHOHANPABNEHUX GOJNOKHUCIMUX KOMNO3UMIE. 3anponoHoeano KOMNIeKcHy
Memooonozilo, wo NOEOHYE KOMN lomepHull 3ip, 2eoMempuyHutl ma epagosuti auanis
MIKpOCMPYKIYPU 3 60KCENbHUM HucenbHum mooeniosannam. Ceemenmosani mikpogpomozpaghii
o0bpobasiomecs 3a oonomoeoio anrcopummis «Distance Transform» ma «Watershedy ons
i0enmughixayii OKpemux 60J0KOH Mma BUSHAYEHHs KOopOouHam ixuix yemnmpis. IIpocmoposuii
PO3N0OIN BONOKOH XAPAKMEPUZYEMBCS 3d OONOMO20I0 8I0cmanell 00 HaubIuxCuux cyciois,
BIOXUJIEHb YeHMPI8 BOJOKOH 8i0 emaloOHHOI K6aOpamHoi pewimKku, Kymosux po3nooinie ma
MONONOIUHUX XAPAKMEPUCIUK NPOCMOposux epagis. Jloxanbhnuii npocmoposuti nopsaook
000amK060 KilbKICHO OYIHIOEMbCA 3d OONOMO2010 HOMUPUKPAMHUX MA  UECTNUKPAMHUX
napamempie opicHmayiino2o nopsaoKy 36 askie, ma . Ha ocnogi ompumanux xapaxmepucmux
2eHepyIombCa pe2yIApHi ma CMOXACMUYNI MOOeNi penpe3enmamueHux o0 eMHux eiemenmis
(RVE). Cmoxacmuynicme cmpykmypu 6i0meoploemvcs 3a 0ONOMO2010 KOHMPOLbOBAHO20
BUNAOKOB020 3MIlYeHHs YEeHMPI8 BOJIOKOH. 3anponoHosanuti nioxio 0ae 3moey nposecmu
KOMNIEKCHY KINbKICHY OYIHKY HEeOOHOPIOHOCHII peanbHUX MIKpOCMpPYKMyp KOMno3umie ma
3a6e3neyye 0CHOBY 0151 N0OYO08U OLIbUWL PeanicCMUYHUX MoOelell KOMNOZUYIIHUX Mamepiania i
Nn00ANbUO20 O0CTIONCEHHS IXHIX epeKMUBHUX MEXAHIYHUX 61acmuocmell.

Knrouoei cnoea: xomnosumni mamepianu, apmoeami GOJIOKHAMU, MIKPOCHPYKMYpd,
nPOCMOpo8utl po3nooil 60JI0KOH, AHAI3 HA OCHOBI 2paghie, 8I0CMAHb 00 HAUOAUNCHO20 CYCiod,
cmoxacmuuna  MIKpOCIMPYKMypd, —penpe3enmamueuuil 00 €MHUll — eleMeHm, B0KCelbHe
MOOenoBanHsl, Mmoo CKiH4eHHUX eneMenmie, KoMn 1omepHuil 3ip.
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Abstract. The rapid development of aviation cyber-physical infrastructures, including smart
airport systems, unmanned aerial platforms, and distributed telemetry environments, increases
the importance of communication technologies that can simultaneously ensure long-range
coverage, low power consumption, and acceptable resilience under dynamic operational
conditions. LoRaWAN is considered one of the most promising LPWAN technologies for such
scenarios due to its Chirp Spread Spectrum physical layer, star-of-stars architecture, and
suitability for sparse autonomous sensing systems [10]. At the same time, aviation use imposes
stricter requirements on communication continuity, integrity, latency, cyber resilience, and
assurance than conventional 10T applications, which means that direct adoption of LoRaWAN
without adaptation is unsafe and methodologically unjustified. This article expands the original
review into a full scientific study based primarily on the same reference base already present in
the source manuscript. The paper systematizes technological properties of LoRa/LoRaWAN in
aviation systems, analyzes the principal deployment scenarios, formalizes a multi-layer threat
model, compares methods for improving interference immunity and cyber resilience, and
proposes an integrated framework for aviation-oriented adaptation of LoRaWAN
infrastructures. In addition, the proposed framework is evaluated through a MATLAB-based
Monte Carlo simulation of airport-support telemetry under normal operation and reactive
jamming, demonstrating improved packet delivery, attack detectability, and post-attack
recovery. The overall objective is to provide a structured conceptual basis for designing,
evaluating, and further researching aviation LoRaWAN networks under realistic constraints of
interference, mobility, and cyber threat exposure.

Keywords: LoRaWAN, Cyber Security, Interference Immunity, Artificial Intelligence, Data
Processing, Machine Learning

1 Introduction and Research Background

1.1 Relevance of LoRaWAN for aviation applications

The aviation sector is undergoing a phase of intensive digital transformation
driven by distributed sensing, autonomous unmanned systems, smart airport
infrastructure, remote monitoring, and the broader integration of Internet of Things
concepts into operational and support environments. These processes increase the
need for communication systems capable of serving geographically dispersed nodes
under power constraints, mobility, and adverse radio conditions while maintaining
acceptable reliability and security. LoRaWAN occupies a visible place among
LPWAN technologies because it combines long com-munication range, low energy
consumption, and relatively simple deployment, making it attractive for
environmental sensing, maintenance telemetry, perimeter monitoring, mobile data
collection, and UAV-assisted communications. In aviation-oriented applications,
these properties are especially relevant where cellular connectivity is unavailable,
expensive, or inadequate for long-duration autonomous operation.
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1.2 Research problem and limitations of direct LoRaWAN adoption in
aviation

However, LoRaWAN was not originally designed for critical aviation contexts.
The protocol inherits a number of vulnerabilities at the PHY, MAC, network, and
cryptographic levels, especially in older versions and weak implementations, which
makes it sensitive to selective jamming, replay attacks, wormhole manipulation,
rogue gateways, battery depletion, and device compromise. In aviation systems, such
attacks may affect not only data confidentiality but also telemetry integrity, control
continuity, maintenance awareness, and mission coordination.

1.3 Aim, objectives, and scientific contribution of the article

The objectives are: to deepen the literature review, clarify technological
properties of LoRa/LoRaWAN in aviation systems, systematize aviation use cases,
formalize a threat model, compare methods of improving resilience, analyze FANET-
specific issues, address certification and regulatory constraints, and propose an
integrated framework for future research and engineering design [1, 2, 6, 8, 12]. The
scientific novelty of this work lies in the integration and quantitative validation of a
cross-layer re-silience framework for aviation-support LoRaWAN telemetry. Unlike
studies that consider anti-jamming techniques, gateway diversity, intrusion detection,
or recovery mechanisms separately, the proposed approach combines these
mechanisms into a single monitoring—assessment—adaptation—recovery con-trol loop.
The framework is evaluated through a reproducible Monte Carlo simulation that
compares a static LORaWAN baseline with an adaptive multi-gateway configuration
under reactive jamming. The results quantify the resulting gains in packet delivery,
jamming resilience, attack detection, and recovery performance. The remainder of the
paper distinguishes background material from the authors’ original contribution.
Sections 2—4 summarize the technological foundations, aviation use cases, threat
landscape, and existing resilience methods. Section 5 presents the authors’ integrated
cross-layer framework and its control logic. Section 5.5 provides the original
simulation-based validation and quantitative comparison with a static baseline
configuration. Section 6 discusses limitations, implementation boundaries, and future
research directions.

2 Technological Foundations of LoRaWAN in Aviation

2.1 Physical-layer characteristics of LoRa and their aviation relevance

LoRa and LoRaWAN should be analyzed separately because their contribution to
aviation suitability differs by layer. LoRa is the physical-layer technology based on
Chirp Spread Spectrum modulation, while LoRaWAN defines the network
architecture, activation procedures, device classes, session management, and backend
trust relations [10, 12]. In aviation, this distinction matters because radio robustness
and protocol security do not automatically imply one another.

The physical layer of LoRa provides high receiver sensitivity and supports
communication over large distances with low transmit power. One of the most
important factors is the spreading factor, which determines the degree of spreading
and directly affects sensitivity, airtime, and throughput. This can be expressed
through the symbol duration formula:

SF
T, = 2
BW

@)
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where T_is symbol duration, sr is the spreading factor, and BW is bandwidth. This

relation shows that increasing sF improves range and resistance to path loss, but also
significantly increases transmission time and vulnerability exposure window.
A simplified frame airtime expression may be written as:
T, ~T +N,,.- T, (2

preamble sym s

where N, is the effective number of payload-related symbols. In aviation networks,

frame

longer airtime is a double-edged property: it can support difficult links, but also
increases latency and makes reactive jamming more effective [10, 14, 15, 16].

2.2 LoRaWAN architecture, device classes, activation logic and operational
constraints

LoRaWAN implements a star-of-stars model in which end devices communicate
with gateways, gate-ways forward traffic to network servers, and backend services
handle activation and application-level delivery. This architecture is deployment-
friendly and scales well for low-rate sensing, but it also creates dependencies on
gateway authenticity, backend trust, and secure join procedures. In aviation appli-
cations, such dependencies become especially important because gateways may be
mobile, remotely deployed, or physically exposed [6, 10, 12].

End Nodes Natwork
Ead Nodes Concentrator/Gateway Application Server
Awistion Senzors) {Geound Stations (Ar Trafic & Openssess)

Netwark Server
(TCPAF SSL/LaReWAN™)

Nrcraft Structural
Health Monitering

Landing GearTise
Pressure Mritaring

Application
Server

GrattyiGamy |

CorcartratGotonsy

UAV Flet Tracking ok® B/ LoRatan™ TCHP S50/ Lok A TCPAP SS. | Sacure Paycad

Airport Weather &
Enviroamertsl Data

()

P> AES Secured Payioad ]‘_:
Figure 1. LoRaWAN Protocol Architecture
LoRaWAN device classes determine how often nodes can receive downlink
traffic and therefore affect energy consumption and responsiveness. For long-life
airport sensors, lower-power behavior may be acceptable, while UAV-oriented
scenarios may require more responsive classes despite higher energy costs. Activation
procedures also matter. Over-the-Air Activation supports dynamic onboarding and
session re-establishment, whereas static personalization approaches may reduce
flexibility after compromise or redeployment [10, 12]. In aviation applications, radio
robustness and protocol security do not automatically imply one another. Longer
airtime can support difficult links but also increases latency and vulnerability
exposure, gateway authenticity and backend trust remain critical because gateways
may be mobile or physically exposed, and the choice of device classes creates a trade-

v

LoRaWAN 1.1 should be regarded as the minimum security baseline for aviation-
oriented deployments, although further protective mechanisms remain necessary [12,
20].
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3 Aviation Applications and Threat Landscape

3.1 Main aviation use cases: airport monitoring, telemetry, tracking,
degraded-mode communications

The practical significance of LoRaWAN in aviation depends on the specific
operational scenario. A protocol that is acceptable for autonomous environmental
sensing may be unsuitable for low-latency control-related exchange. Therefore, the
deployment context must be analyzed explicitly [6]. In airport environments,
LoRaWAN can be used for perimeter sensors, runway lighting diagnostics, weather
stations, vibration sensing, environmental monitoring, equipment tracking, and
support telemetry. Such applications are attractive because they reduce installation
costs, support autonomous sensors, and can operate over large aerodrome areas
without full wired infrastructure. [6, 10, 15].

Table 1
Comparison of LPWAN technologies for aviation applications
Criterion LoRaWAN NB-10T LTE-M Sigfox
Spectrum Unlicensed ISM Licensed Licensed Unlicensed
cellular cellular ISM
Infrastructure Private or public Cellular Cellular Sigfox
dependence gateways operator operator network
network network availability
Typical data Low-rate Low-rate Moderate-rate Very-low-
capability telemetry telemetry telemetry and rate
mobility messaging
support
Energy High for sparse High, but Moderate Very high
efficiency periodic sensing network for small
attachment may payloads
increase
overhead
Mobility Limited in Limited to Better than Limited
suitability standard static moderate other LPWAN
deployments options
Private High Low to Low to Low
deployment moderate moderate
control
Auviation- Strong for private | Suitable where Suitable for Suitable
support airport sensing, cellular more mobile, only for
suitability monitoring, and coverage and latency- sparse, non-
degradedmode operator sensitive critical
telemetry integration are support messages
acceptable applications
Main Non- Dependency on Energy and Payload,
limitation deterministic cellular cost overhead downlink,
access; infrastructure and
unlicensedband and coverage
interference; subscription limitations
assurance
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LoRaWAN is well suited for low-rate telemetry and asset tracking, particularly
where power economy and communication range are more important than
throughput. However, even in these scenarios, strict protection against spoofing, stale
data, and replay remains necessary if the information contributes to operational
decision-making [6, 10]. Aviation systems often rely on layered architectures. In this
context, LoORaWAN may be highly effective as a degraded-mode or backup
communication channel rather than as the sole communication backbone. This use
model is consistent with the article’s recommendation to combine LoRa with LTE,
5G, or other backup paths when continuity and trusted recovery are critical [6].

No LPWAN technology should be regarded as universally optimal for aviation
applications. LoRaWAN offers a strong combination of private deployment control,
low power consumption, and wide-area sensing capability, which is attractive for
airport-support telemetry. NB-loT and LTE-M can provide advantages where
licensed spectrum, operator-managed coverage, and cellular integration are available,
while LTE-M is generally more suitable for mobility-oriented support applications.
Sigfox is appropriate only for sparse and non-critical messaging because of its
constrained payload and downlink capability. None of these technologies should be
considered a direct replacement for certified safety-critical aviation communication
systems.

3.2 UAVs and FANET-based deployment scenarios

One of the most promising use cases is the use of unmanned aerial vehicles as
mobile gateways collecting data from ground sensors or disconnected devices. Such
architecture can support emergency monitoring, search-and-rescue support,
temporary infrastructure restoration, and wide-area environmental sensing. Its
advantages are rapid deployment, geometric flexibility, and ability to service difficult
terrain. At the same time, UAV gateways create new risks. Airborne nodes may be
jammed, captured, imitated, or geospatially targeted. Since they often act as
concentration points between distributed sensors and backend systems, compromise
of a UAV gateway may have disproportionate operational effects [6, 13]. Flying Ad
Hoc Networks are attractive because they can support distributed coordination among
UAVs with low-energy communications [13]. However, FANETS are also among the
most challenging environments for LoRaWAN because standard protocol
assumptions do not include dynamic mesh-style topology, relay trust, or fast re-
authentication during topology changes. This mismatch is one of the most important
scientific challenges identified in the article.

3.3 Threat model for LoRaWAN-based aviation networks

The original article already contains a valuable threat taxonomy, but a full-length
paper should make the threat model more explicit by linking attack mechanisms to
operational consequences [6]. In aviation contexts, threats must be evaluated not only
by technical possibility but also by mission effect. Potential adversaries include
passive observers, active RF attackers, insider threats, technically skilled external
actors, and adversaries targeting disruption rather than data theft. Some attackers may
only observe traffic and infer patterns, while others may inject, replay, tunnel, jam,
or physically compromise nodes. In aviation environments, even a modest attacker
can become operationally dangerous if the system depends on continuity and trusted
telemetry [5, 6, 15].
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Figure 2. Jamming and Spoofing cyberattacks on flight safety
3.4 Mission impact of PHY, MAC, network, and hardware-level attacks
Selective jamming and reactive jamming are among the most severe LoRa-related
attacks because they directly target availability [14, 15, 16]. A simplified availability
relation can be written as:
A=1- PIoss (3)
where P is packet loss probability due to noise, interference, collisions, or active

jamming. Un-der hostile conditions, this probability becomes dependent on link
parameters, jammer timing, and infrastructure diversity [15, 16].
A more explicit conceptual dependency may be represented as:
R = f(SF,BW,J,D,C) @

where J denotes jammer effectiveness, D gateway diversity, and C channel
congestion. This is useful because it shows that availability is not only a radio-quality
issue but a resilience issue shaped by architecture and attack pressure [14, 16].

Replay attacks exploit old valid frames and are especially dangerous when stale
telemetry or repeated commands can influence operations. Wormhole attacks distort
topology and timing by tunneling traffic, thereby affecting geolocation, trust
relationships, or route assumptions. Rogue gateways are similarly dangerous because
they can relay, delay, or manipulate traffic while appearing legitimate to poorly
protected infrastructure [5, 6, 12].

4 Methods for Improving Resilience

4.1 Methods for improving interference immunity: adaptive parameters,
hopping, gateway diversity, UAV relays

The original article correctly identifies adaptive transmission, gateway diversity,
relays, hybrid archi-tectures, and frequency agility as the principal methods for
improving interference immunity. In this expanded version, these methods are
interpreted more systematically. Adaptive Spreading Factor techniques dynamically
adjust communication parameters to maintain acceptable packet delivery under
changing channel conditions. A useful engineering objective for such adaptation may
be written as:

U=a- PDR_B Tframe_Y' E, (5)

where PDR is packet delivery ratio, T irame is airtime, E is energy cost, and o, B,y

are task-dependent coefficients. This equation reflects the real trade-off between
delivery, delay, and endurance [14].
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Changing channels or hopping across frequencies can reduce the effectiveness of
narrowband interference and attacks based on traffic predictability. Such methods are
especially important when the attacker exploits static behavior, although they also
increase implementation complexity and energy overhead [17].

Mobile UAV relays can bypass local interference or geographic obstacles by
physically changing the communication geometry. Such flexibility is valuable in
emergency operations and rapidly changing environments, though limited flight
endurance remains a major constraint [13].

4.2 Methods for improving cyber resilience: LoRaWAN 1.1 migration,
secure hardware, 1DS, geofencing

Cyber resilience differs from basic protection because it includes resistance,
detection, response, and recovery [5, 6]. For aviation LoRaWAN systems, this
broader perspective is essential because complete prevention is unrealistic in open
wireless environments. Protocol migration is one of the most justified baseline
measures. LORaWAN 1.1 improves key handling and session logic, thereby reducing
several vulnerabilities associated with older deployments. However, migration should
be seen as a starting point rather than a complete solution [12, 20].

The use of Physical Unclonable Functions, secure elements, or TPM-like storage
can significantly improve resistance to cloning and key extraction. This is particularly
important in aviation contexts where physical access to devices cannot always be
prevented [19]. The analytics layer is instantiated as an explainable rule-based IDS to
enable reproducible validation of the integrated framework. It uses PDR, the
deviation from a pre-attack PDR reference profile, and mean SIR over a 60-s
monitoring window. A future ML-based extension can use the same measurements
together with RSSI, spreading-factor distribution, airtime, channel occupancy,
gateway reception count, packet inter-arrival time, and join-request frequency. With
labelled traces, these features can support supervised models such as Random Forest
or gradient-boosted trees; with limited labels, they can support unsupervised anomaly
detection, for example Isolation Forest [1, 6]. Geofencing is useful for checking
whether a device behaves within expected spatial or operational limits. In aviation,
this mechanism can be extended from simple location boundaries to mission-aware
trust contexts, where unusual spatial behavior triggers stricter verification or isolation.

PAST: LoRaWAN v1.0 PRESENT: LoRaWAN v1.1 & FUTURE: Next-Gen Aviatior LoRaWmN
(Basic Security) Current Aviation Adaptations (PQ + Al + Integrded)
INTEGRATID DEFENSE & Alj51 E4]

- = Spit Kays = Unfed Cross-layer Framewirk
= Single NwkSKey (FNwkSintey,
(Key overlap risks) SNwkSIntK :nse (AL based)
= Unilateral * Mutual Authentication = Cognitive Radio (SDR adaption)
Aithertication = 32-bit Counters

ol Aters ADVABCED CRYPTO & FANET [6 2]
s Sebibolmers ‘::> * Post-Quanwn (PQ) Alwrithms
(Replay vulnarability) GAP: Separate y
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Figure 3. Evolution of LoRaWAN Security: Past (1.0), Present (1.1), Future (PQ + Al )
For comparative evaluation, a resilience-oriented score can be written as:
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Ry =W,C +W,l +w,A+w,D (6)
where C,1,A,D: C (Confidentiality), | (Integrity), A (Availability), D

(Detectability): A theoretical tool to compare and to set priorities for different design
decisions during the development of a wireless sensor network given a certain mission
profile [5, 6].

Table 2
Main methods for improving cyber resilience
Method Main objective Strength Limitation
LoRaWAN 1.1 Protocol hardening Better replay and Does not stop
migration join protection jamming
Secure element / Key protection Better capture Extra hardware
PUF resistance cost
ML-based IDS Attack detection Finds traffic Depends on
anomalies datasets and tuning
Geofencing Context validation Adds mission Can be bypassed if
awareness used alone
Secure rejoin / key Recovery Restores trust after Increases control
rotation suspicion complexity

5 Integrated Aviation-Oriented Security Framework

5.1 FANET-specific security challenges and trust management issues

FANET-Specific Security Challenges. The original manuscript already
mentioned several FANET-specific security issues different from those typical for
terrestrial sensor networks. In this expanded version of the manuscript, we follow this
approach and treat the security issues of FANETS as a separate major topic since they
fundamentally change the way of communication as well as the way of establishing
trust. Dynamic topology is the first challenge for FANETS. The number of possible
topologies in a FANET is too high and even changing from time to time in a UAV
swarm or in an airborne ad hoc network. As a result, the trust relationships and the
sessions of the nodes are changing too and it is difficult to manage and to keep under
control such kind of dynamic sensor networks compared to static sensor networks.
Relay and routing trust: In standard LoRaWAN end-to-end communication between
end nodes is possible. However, for FANETs using LoRaWAN a multi-hop mesh
topology is required. Thus, modifications to the standard LoRaWAN protocol or an
overlay network have to be implemented. Both approaches introduce additional attack
surfaces. These concern intermediate forwarding nodes, routing information as well
as the integrity of information that is relayed through the network. In the end, it also
has to be investigated which cryptographic concepts in the future could be used in
long-endurance flights. As yet, there are only a few first approaches for securing
future communications (post-quantum cryptography), which are, however, of only
exploratory nature and not yet ready to be used in aviation [13, 20].

5.2 Regulatory and certification requirements for aviation LoRaWAN
systems

There are more requirements for higher assurance communication systems in
aviation. These also have to fulfill additional documentation, verification and tracing
requirements as well as requirements for cyber-assurance of the system in use.
LoRaWAN was designed as a communication system for the loT, thus it is not
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suitable for higher assurance applications, like avionics. Therefore an aviation
specific implementation of LoRaWAN has to go through formal verification and field
validation in order to be considered for use in such environments. This verification
and validation process has to check not only the communication protocol but also the
used hardware for the trust in the system. Additionally also the trust in the used
gateways as well as in the activation process of the sensors and actuators has to be
verified. LORaWAN should not be used as the sole communication bearer for safety-
critical flight-control, collision-avoidance, navigation, or time-critical command
functions. Its access mechanism, duty-cycle constraints, variable airtime, shared-
spectrum interference exposure, and dependence on gateway and backend availability
prevent the deterministic latency and bounded communication assurance required by
certified avionics systems. Consequently, the appropriate role of LoRaWAN in
aviation is limited to non-critical sensing, maintenance telemetry, environmental
monitoring, asset tracking, and degraded-mode data collection, provided that
operational segregation, fallback paths, and appropriate cybersecurity controls are
implemented.

5.3 Integrated cross-layer framework for security and resilience
enhancement

In this paper we propose an integrated cross-layer framework for improving
security and enhancing resilience of communication systems for air-borne sensor
networks of sensing devices. We merge a number of isolated counter-measures
against attacks into an unified resilience architecture for use in aviation. The
framework consists of a physical resilience layer for radio-adaptive air-borne
networks with multiple gateways, a protocol security layer with cryptographically
secured activation and session management, a platform trust layer for secure air-borne
hardware and post-capture resistance, an analytics layer with an Intrusion Detection
System (IDS) for detection of and classification of anomalies, and a recovery layer
with mechanisms for secure rejoin of the network, for key-rotation, for fallback to
alternative communication systems, and for continuous operation of the mission in
degraded mode.

The physical resilience layer of an integrated cross-layer framework for aviation
LoRaWAN systems consists of radio components, i.e., airborne devices, and gateway
components, i.e., gateways:

1.Platform Security Layer: In order to guarantee secure communication between
aircraft and gateways within the aircraft’s LoRaWAN network, the Protocol
2.Security Layer enables secure activation of devices as well as protects against
replay attacks by managing sessions;

3.Platform trust layer, responsible for secure hardware and post-capture
resistance;

4.Analytics layer, for anomaly detection and attack classification;

5.Recovery layer: Secure rejoin of an aircraft, a node or a service, as well as key
reversion, fallback to alternative communication as well as continued safe aircraft
operation in a degraded mode of operation [6, 12, 19].

5.4 Control logic, recovery mechanisms, and optimization objective

This system operates under a monitoring-assessment-adaptation-recovery control
loop. In the moni-toring phase the system could monitor a set of signal parameters
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L]
(e.g. the Received Signal Strength Indicator (RSSI) or packet loss) as well as several
endpoint parameters (e.g. the number of active gateways per endpoint, timing
information, or the complete state of all endpoints). The system could also monitor
the details of the join procedure for all endpoints. In the assessment phase the system
could make an estimate for the root cause for possible system degradation between
congestion, fading, active jamming, packet replay, abused/tampered LoRaWAN
infrastructure or endpoint compromise. In the adaptation phase the system
communicates with possible system components that could be modified (e.g.
modified activation of a backup path and/or isolation of holes in the network and
possibly compromised nodes, increased diversity of communication paths between
all pairs of endpoints). In the recovery phase the system performs a secure rejoin of
the isolated device, it rotates all session keys and possibly switches over to a fallback
communication method or even to a reduced function mission mode until all problems
have been solved [6, 12, 15].
The framework above will have a general optimization objective as follows:
maxJ =1, A+2A,l +A,PDR-A,L-AE (7
subject to mission constraints:
Risk < RisK_,,, 8

where A is availability, | integrity, PDR packet delivery ratio, L latency, and E
energy cost [6].

Table 3
Mapping of threats to integrated mitigation measures
Threat Main mitigation Supporting Framework
mitigation layer
Selective/reactive Adaptive SF, Multi-gateway, Physical
jamming hopping hybrid backup resilience
Replay LoRaWAN 1.1, IDS, secure rejoin Protocol security
secure session
logic
Rogue gateway Gateway trust IDS, backend Protocol +
validation segmentation analytics
Key extraction Secure element / Key rotation Platform trust
PUF
Battery depletion Join control, Duty-cycle-aware Analytics +
anomaly detection policies recovery

5.5 Simulation-Based Validation of the Proposed Framework

To complement the analytical framework proposed in this study, a discrete-event
Monte Carlo simulation was implemented in MATLAB R2022a. The purpose of the
simulation was not to reproduce the complete LoRaWAN protocol stack or to claim
certification-level evidence, but to evaluate the relative resilience benefit of the
proposed cross-layer architecture for airport-support telemetry. This scope is
consistent with the role of LoRaWAN as a low-rate sensing and degraded-mode
communication technology rather than as a standalone bearer for safety-critical
avionics functions [6, 10, 12]. The simulated network represented an airport-support
sensing area of 4 km x 3 km containing 30 end devices. Devices transmitted 24-byte
telemetry packets every 60 s during a 1800-s observation interval. The radio
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L}
configuration was based on a simplified EU868-like three-channel abstraction with a
125 kHz bandwidth and a transmit power of 14 dBm. A reactive jammer was activated
from 600 s to 1200 s on the primary channel. The simulation used 50 Monte Carlo
runs for each configuration in order to account for random device locations, path-loss
variation, packet collisions, and channel conditions. Two configurations were
compared. The baseline configuration used one gateway, a fixed spread-ing factor of
SF9, and a static primary channel without attack detection or recovery. The proposed
framework used three spatially distributed gateways, adaptive spreading-factor
selection, arule-based anomaly detector, and channel switching after attack detection.
The detector used packet delivery ratio degradation and the average SIR as input
features. An attack alarm was triggered when the observed PDR and SIR crossed
predefined thresholds or when PDR declined by more than 10 percentage points
relative to the pre-attack reference profile. After detection, the recovery policy
redirected traffic to one of the non-jammed channels. The evaluation considered
packet delivery ratio (PDR), packet loss ratio (PLR), mean end-to-end latency, mean
transmission energy, the Jamming Resilience Index (JRI), attack detection rate, false-
positive rate, detection delay, and recovery time. The JRI was calculated as:

JR' — PDRjammed (9)
PIZ)RNormaI
Table 4
Simulation parameters
Parameter Value
Evaluation method Discrete-event Monte Carlo simulation
Number of Monte Carlo runs 50
Simulated area 4 km x 3 km airport-support area
Number of end devices 30
Simulation duration 1800 s
Telemetry transmission period 60s
Payload size 24 bytes
Channel abstraction Three EU868-like channels (868.1, 868.3, 868.5 MHz)
Bandwidth 125 kHz
Coding rate parameter CR=1
Transmit power 14 dBm
Baseline gateways 1
Proposed framework gateways 3
Baseline spreading factor Fixed SF9

Proposed spreading factor Adaptive SF7, SF9, or SF11

Jamming type

Reactive channel-targeted jamming

Jamming interval

600-1200 s

Jammed channel

Primary channel (868.1 MHz)

Jammer power (rel. to signal)

+10 dB on the jammed channel

Adjacent-channel leakage

-18 dB (relative to useful signal)

IDS observation window

60s

IDS thresholds

PDR: 0.85, PDR-drop: 0.10, SIR: 0 dB

Recovery policy

Channel switching (Ch 2 or 3), adaptive SF, gateway
diversity

Recovery PDR target

0.80
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A JRI close to one indicates that the network preserves most of its normal-
operation delivery performance under jamming. The simulation parameters are
summarized in table below. The results in Table 5 and Figure 4 show that the
proposed framework substantially improves communication availability. Under
normal conditions, PDR increased from 75.25% in the baseline configuration to
96.64% in the proposed configuration. During reactive jamming, the baseline PDR
decreased to 57.45%, whereas the proposed framework maintained a PDR of 94.54%.
Therefore, the proposed configuration achieved an absolute PDR gain of 37.09
percentage points and a relative improvement of 64.51% under jamming. The
corresponding JRI increased from 0.7639 in the baseline configuration to 0.9783 in
the proposed framework, as shown in Figure 5.

Table 5
Results and performance comparison
Metric Baseline Proposed Change
PDR (normal 75.25 96.64 +28.42%
operation), %
PDR (reactive 57.45 94.54 +64.51%
jamming), %
PLR (reactive 42.55 5.46 -87.17%
jamming), %
Jamming Resilience 0.7639 0.9783 +28.68%
Index (JRI)
Mean end-to-end 248.82 377.39 +51.67%
latency, ms
Mean transmission 5.17 8.30 +60.54%
energy, mJ

This result indicates that the cross-layer design preserved approximately 97.8%
of its normal-operation PDR during the attack. The improvement is associated with
the combined effect of gateway diversity, adaptive spreading-factor selection, and
channel switching after anomaly detection. These mechanisms are consistent with the
physical-resilience and recovery layers of the proposed framework [6, 14, 15, 16].

Packat Delivery Ratio under Normal and Reactive-Jamming Conditions
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Figure 4. Packet delivery ratio under normal operation and reactive-jamming conditions.
The rule-based IDS detected the jamming event in all simulation runs. Its event-
level detection rate was 100%, while the false-positive rate was 0.7%. The mean
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detection delay was 76.8 s, which is consistent with the 60-s observation window, and
the mean recovery time after detection was 60 s. Figure 7 summarizes these IDS and
recovery results. The findings demonstrate that the framework can support a
monitoring—assessment—adaptation—recovery cycle for non-critical airport sensing
and telemetry applications. The resilience improvement was accompanied by an
expected efficiency trade-off. The mean end-to-end latency increased from 248.82
ms to 377.39 ms, while mean transmission energy increased from 5.17 mJ to 8.30 mJ.
This increase is explained by adaptive selection of higher spreading factors for
adverse links and by additional reception opportunities in the multi-gateway
configuration. Hence, the proposed framework improves availability and jamming
resilience at the cost of latency and energy, which confirms that aviation-oriented
LoRaWAN design should be treated as a constrained multi-objective optimization
problem.
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Figure 5. Jamming Resilience Index for the baseline and proposed framework configurations.
The presented results should be interpreted as simulation-based evidence for
airport-support telemetry, perimeter monitoring, maintenance diagnostics, and
degraded-mode data collection. They do not establish compliance with certification
requirements and do not justify the use of LoRaWAN as the sole communication
technology for safety-critical flight-control or avionics functions. Field experiments,
hardware-in-the-loop validation, realistic RF measurements, and further analysis of
protocol-layer attacks remain necessary before operational deployment.
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Figure 6. IDS and recovery performance of the proposed framework under reactive jamming
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6 Future Research and Conclusions

6.1 Open research problems in aviation LoRaWAN security

There are many issues to be addressed for the application of LoRaWAN in the
aviation area, as has been described in recent research. First of all, an integrated cross-
layer model has to be developed which not only supports radio adaptation but also
supports attack detection, trust management and continuous mission execution when
under attack. There is no single formally analyzable model that fulfills all of these
requirements. IDS realism: There is a severe lack of suitable data sets for the training
and evaluation of IDS detection models. Suitable data sets must comprise a wide
variety of different scenarios, including different types of mobility, various kinds of
single and combined interference as well as coordinated attacks on the network as
well as normal operation with all possible types of variability. The accuracy that has
been reported so far is not guaranteed to be sufficient for the actual application in real
FANETs [6]. FANETSs: Design of FANET-native protocol adaptations to support
secure split/merge of relays, reduced capability relays, very fast re-auth. Small aircraft
(ULM/L). Aviation-specific standards and assurance profiles for FANETS using
LoRaWAN. The issue of secure key usage over long time spans corresponds to the
long time of missions and even longer to the certification time of those keys also after
transition to post-quantum cryptography [13, 19, 20]. A priority for future work is the
replacement or augmentation of the rule-based IDS with a data-driven model trained
on representative airport-support LoRaWAN traces. Such an evaluation should
compare detection accuracy, precision, recall, false-positive rate, inference delay, and
computational overhead for supervised and unsupervised models under jamming,
congestion, replay, rogue-gateway, and battery-depletion scenarios.

6.2 Final conclusions and practical implications for aviation deployment

The simulation-based validation performed in this study provides quantitative
support for the proposed cross-layer framework. In the modeled airport-support
telemetry scenario, the proposed configuration increased PDR under reactive
jamming from 57.45% to 94.54% and increased the Jamming Resilience Index from
0.7639 to 0.9783. The rule-based IDS detected the jamming event in all Monte Carlo
runs with a mean detection delay of 76.8 s and a 0.7% false-positive rate, while the
recovery policy restored the target PDR within 60 s after detection. These results
indicate that combining gateway diversity, adaptive radio parameters, attack
detection, and channel switching can substantially improve LoRaWAN availability
under targeted interference. The article states that long-range low power
communication system like LoRaWAN 1.1 is very useful for distributed
infrastructure with high maintenance cost, for very sparse deployed stations and for
autonomous systems. Therefore, we could concludes that LoRaWAN 1.1 is very
promising for sensing and telemetry applications, for communication between a
swarm of UAVs and for airport monitoring applications. In addition, the author states
that LoRaWAN 1.1 is very promising for a degraded mode of communication in case
of failure of primary communication system.

Declaration on Generative Al

The author(s) have not employed any Generative Al tools.
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LORAWAN B ABIAIIIi: IfOMl'U[EKCHI/Iﬁ AHAJII3 KIBEP3AT'PO3 TA
CTPATEI'TM 3ABE3IIEYEHHS CTIMKOCTI

Tepryc FO., Koznosebka /1., Dr.Sci., Kosnoscebkuii B., Koruk B.
Hayionanvnuii ynieepcumem “Kuigcokuii Agiayitinuti incmumym”, Ykpaina

Anomauia: [lleuoxuii poseumox asiayitinux Kibep@izuunux cucmem, 3okpema BIIJIA ma
«pO3yMHUX» aeponopmis, nompebye O0anekoOiuHUX ma eHepoeqeKmusHUX KOMYHIKayil.
Texnonoziss LORaWAN € oouicio 3 naiinepcneKmueHiwux 01s maxkux 3a60aHb, npome cy6opi
sumozu asiayii 0o besnepepeHocmi 36’a3Ky, 3amMpuUMOK ma Kibepcmitikocmi pooasime i
6nposaddcenns bez aoanmayii nebeneunum. Y yiv cmammi cucmemamu3o8ano 1acmusocmi
LoRa/LoRaWAN, npoananizoeano cyeHapii poszopmanus, opmanizoeano 6Gazamopisresy
Mo0enb 3a2po3 i 3anponoHO8aHo iHMe2posamy apximexkmypy, aoanmogany 0o nomped asiayii.
Epexmusnicms piwenna niomeepoxiceno mooentosanusim memooom Monme-Kapno ¢ MATLAB,
saKe imimye pobomy menemempii aeponopmy 6 yMO6ax HOPMAAbHOI ekcnayamayii ma
peaxmugHo2o 3a2nyuienns. Pesynomamu oemoncmpyioms noxpaujeny 0ocmagky nakemie ma
wieUOKe 6IOHOGNEHHS NICIS AMAK, CMEOPIOIOYU OCHOBY OJid NPOEKMYBAHH HAOIUHUX aBIAYIUHUX
mepesc LoRaWAN.

Kntwouosi cnosa: LoRaWAN, kibepbesneka, cmiiikicme 00 nepewikoo, wmyyHuil inmenexm,
00pobKa Oanux, MauuHHe HA84AHHS
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OCOBJIMBOCTI JOHABYAHHS AYJIIOMO JAJIBHUX
BEJIMKOMOBHHMX MO/IEJIEA: OMNIVOICE, FISHAUDIO2
(FISHSPEECH S2) TA QWEN3 AUDIO
Dr.Sci., Meseio JI,10000-0003-3412-1639) [Jerermico C. -1, 210009-0002-7474-0725]
Dr.Sci., Bunokyposa Q,3[0000-0002:9421- 8566] Ph.D., MeJtermio M.40000-0002-9315- '1500]
13 JTvsigcuiuii nayionanvnuii ynicepcumem in. I. @panxa
2Vxpaincoiuii kamonuybkull yuisepcumen
4 ITvsiscoruti Oepaicasnul yuigepcumem 6e3nexu JICummeianbHOCH1
EMAIL: ! dpeleshko@gmail.com, 2severyn,peleshko@gmail.com,
Svynokurova@gmail.com, “marta.peleshko@gmail.com

Anomauia. Cmeopenns AKICHUX YKPAIHCbKOMOGHUX —CUCMEM CUHME3Y MOGIEHHS
VCKNIAOHIOEMbCS.  HUSLKOPECYPCHICMIO  YKPAIHCLKOT MO8U mMa  00MedceHicmio  00CMYRHO20
anapamnozo 3abesneuenns. Cyuachi ayOiomMoOdanbHi 8eIUKOMOBHI MOOeNi OeMOHCHmpPYIonb
6UCOKY AKICMb zero-shot cunmesy, npome MOMCIUSOCMI IX OOHAGUANHSA OISl YKPATHCLKOI MOBU
Ha Zpaghiunux npoyecopax cepeoHbo2o KIAcy 3anuaromvCs HeOOCMAmHbO O0CTIONCEHUMI.
Mema. [Iposecmu nopignanvne docnioxcenns mooeneu OmniVoice, FishAudio2 (Fish Speech
S§2) ma Qwen3-TTS Ona eusHauenHa mModxicausocmell ix OOHABYAHHA ONsl YKPAIHCLKOI MO8U Ha
Kkaacmepi 3 vomupwvox epagiunux npoyecopie NVIDIA Tesla T4. Memoou. IIpoananizosaro
apximekmypui napaouemu mooenell (Heasmopezpeciiny OuQysiiHy, noositiHy agmopezpeciiny
ma Thinker-Talker i3 cymiwwio excnepmig), ix niHeeicmuune OXONieHHs, 3AcoOU KepyBaHH:A
mpueanicmio, memMnom ma emoyiamu MOGIeHHs, NPOOYKMUGHicCms ingepency, eumoau 00
nidzomoeku Habopie OaHux, a maxkodxc anapamui obmexcenna apximexkmypu Turing.
Pesynemamu. Becmanoeneno, wo OmniVoice noeonye 6a308y niompumky ykpaincoekoi mosu,
mouHe KepyeaHHs mpusaiicmio ma weuoKicmio MoeieH s i Hatlguuy weuokooiio (koediyienm
peanvrozo uacy, RTF, 0.025), a oomescenns saopa flex_attention wjo0do posnodinenoi nam'ami
T4 donacmocs nepexooom na mexanizm yeaeu SDPA (Scaled Dot-Product Attention). Qwen3-
TTS 3abe3neuye naiixpauje KepySauHs emoyiamu yepe3 CUCMEMHI NPOMNMuU, aie nompedye
3HAYHO OiNbUWO20 HAOOPY OAHUX OISl HAGUAMHA YKPAIHCLKOI hoHemuKku ma SUnpasieHHs
nomunok y nasuanvhux ckpunmax. FishAudio2 eenepye naiisupasuiuie moenenns 3 uacmomoio
Juckpemusayii 44.1 kl[y, npome posmip 4.4 mapo napamempis i 8iOCymHicmo KepyeamHs
weuoKicmio y 8i0kpumomy kooi poonams ii Oonasuanna na T4 nedoyinenum. Bucnoseku. [ns
OJoHasuanus mooeni cunmesy YKpaincekoi mosu Ha knacmepi Tesla T4 pexomenOosano
OmniVoice; Qwen3-TTS e arbmepramugoio 05 0iAN0206UX A2EHNIE 3 YMOGU HOPMYSaHHs
PO3UWUPEHO20 YKPATHCHKO20 HAOOPY OAHUX.

Kniwouosi cnosa: cunmes moeieHHs, ayO0ioMOOANIbHI BeIUKOMOBHI MOOeNi; OOHABUAHH,
Vkpaincoka moea; OmniVoice; Fish Speech; Qwen3-TTS; NVIDIA Tesla T4; xionysauHs
20710Cy; Kepy8anHs MpUBANicmio MOGIEHHSL.

1. Betyn

AHaJIi3 30Cepe/DKCHO Ha KPUTHUYHUX NapaMeTpax HaBYaHHS Ta MPAKTHYHOTO
BUKOPUCTAaHHS WX MOJENeH y TNpOMHCIOBIN ekcruryatamii. Jlo mapametpiB
BHUKOPUCTAHHS HAJIEKaTh MOXJIMBOCTI JECTEPMIHOBAHOTO KEPYBAHHS TPHUBAIICTIO
3BYKOBOI JTOPI’KKH, 3/IaTHICTh MOJICNI JI0 BiITBOPEHHS €MOIIiH, KIIOHYBaHHS TOJIOCY,
a TaKOX 3arajibHa MBUIKICTH iHdepeHcy. o mapaMeTpiB HABYaHHS HAJIEKATh OIliHKA
MOJKJIMBOCTI IOHABYAHHS Ha HASIBHOMY arapaTHOMY 3a0€3MeUeHH] CepeTHBOT0 KIacy
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(NVIDIA Tesla T4), anami3 apxiTeKTypHUX HapagurM KOXHOI MOJENi, a TaKOX
MPOLECH MiATOTOBKM HAOOpiB AaHMX Ta crerudika podOTH 3 KUPWINIHOIO
¢doneTHKOI. MeTa — MPOBECTH MOPIBHIIBHE JOCTiKeHHS Mojeneit OmniVoice,
FishAudio2 (Fish Speech S2) Ta Qwen3 Audio 1 BU3HAUYEHHS MOMKJINBOCTEH
JOHAaBYaHHs Mojernel ykpaiHcbkoi MoBH Ha kiactepi NVIDIA Turing (Tesla T4, 4
rpadiuni mpomecopu mo 16 I'bB VRAM (Video Random Access Memory,
BiZleONaM'siTh)).

2. Anani3 ocTaHHix gocaimKeHb i myb ikamin

CyuacHi cucremn cuHTe3y MoBIeHHS (text-to-speech, TTS) mnepeBaxHO
IPYHTYIOTBCSI Ha apXiTekTypi TpaHcdopmepa [1], sika 3amiHMIa peKypeHTHi Ta
3rOPTKOBI MEpexXi B 3a/ayax MEPETBOPCHHS MOCIiJOBHOCTEH 3aBISKH MEXaHi3My
yBarn Ta BHCOKOMY CTYNCHIO mapajenisaimii HaBYaHHsA. PaHHE TOKOJIHHS
HelipomepexkeBux TTS-cucrem Mano 1BoerarmHy OyJIOBY: aKyCTHYHAa MOJENb
reHepyBalia MeJI-ClIeKTporpamy, a OKpeMHil BOKOJIEp MepeTBOPIOBAB i HA XBUIILOBY
¢dopmy. IlokasoBum mnpuxitazom € Bokoxep HiFi-GAN [2], moOynosanuii Ha
TeHepaTUBHUX 3MarajbHUX Mepexax (generative adversarial networks, GAN), sikuii
3aB/ISIKM MOJICTIOBAHHIO TEPIOJMYHHUX CKJIAJI0BHX CHIHANY 3a0e3MeurB SKICTh,
OMM3BbKY JI0 JFOJCHKOI, 32 MIBUAKOCTI FeHepallii, [0 3HAYHO TEPEBHIIYE PeaTbHHUI
yac. Mozens VITS (Variational Inference with adversarial learning for end-to-end
Text-to-Speech) [3] o0'ennana obunsa eranu B eauny end-to-end apxiTekTypy Ha
OCHOBI YMOBHOrO BapialilfHOr0 aBTOKOAyBaibHHMKA 3 adversarial-HaBUaHHIM 1
CTOXAaCTUYHUM IIPEIUKTOPOM TPUBATOCTEH. Pa3oM 3 THM Taki cucTeMu oTpeOyBaiu
3HAYHUX OOCATIB JAHMX BiJl KOHKPETHOTO IMKTOPA Ta HE MiTPUMYBaIH KJIOHYBaHHS
ronocy 0Oe3 MOHAaBYaHHs. SIKICHO HOBHWH €Tam IOB'S3aHH 3 TOSBOIO HEHPOHHUX
ay1l0KOJIEKIB, SIKi IEPETBOPIOIOTH HENIePEPBHUIA 3BYKOBHUI CHTHAIT Ha TIOCIiJOBHICTh
JHMCKPETHUX TOKeHiB. SoundStream [4] 3anpornoHyBaB HOBHICTIO 3rOPTKOBHIA KOJEK
i3 3QJIMIIKOBMM BeKTOpHMM KBaHTyBaHHsM (residual vector quantization, RVQ),
3MaTHU TpaimroBaTd B jiamnasoHi OitpeiitiB Big 3 mo 18 k6it/c, a EnCodec [5]
PO3BHHYB IIe# MiJXiJx AJs1 OTOKOBOTO KOJIYBaHHS ayllio 3 YaCTOTOO MCKpeTH3allii
24 148 kI'u. Came OaratopiBHeBi cioBHukH RVQ (multi-codebook) cranu 6a3oBum
MPE/ICTABICHHAM 3BYKY Ul OUTBIIOCTI ayAiOMOJENeH, IO pO3rISIIAIOThCA B il
crarti. Cruparounch Ha Taki kojeku, aBropu VALL-E [6] ynepie chopmyioBanu
3agaqy TTS sk yMOBHE MOBHE MOICTIOBAHHSA KOIEGKOBUX TOKEHIB 1
NPOAEMOHCTPYBAJIM CHHTE3 TOJIOCY HEBIIOMOIO JAUKTOpA 3a 3-CeKYHIHUM
¢parmenTom pedepercHoro aymio (zero-shot TTS). Asroperpeciitna (AR)
napagurmMa oTprMaia moAanblinid po3BUTOK y cimeiicTsi Seed-TTS [7], sike nocsrio
SIKOCTI CHHTE3y, MPaKTHYHO HEBIiAPI3HIOBAHOI Bifl JIFOJACBKOrO MOBJICHHS, Ta B
cuctemi CosyVoice [8], me 3amporOHOBAHO CyMepBi30BaHI CEMAaHTHYHI TOKEHH,
oTpuMaHi 3 0araTOMOBHOT MOJeNi pO3Mi3HABAHHS MOBJICHHS, Yy TMOETHAHHI 3
conditional flow matching ms pexonctpykiii crekrporpamu. Bomxouac AR-
MOJIETISIM MPUTAMaHHEe MPUHIUIIOBE OOMEKEHHsI: OCKIIBKH 'eHepallisi BiI0yBa€eThCs
TOKEH 3a TOKCHOM, TOYHE KEpyBaHHS TPHMBAIICTIO CHHTE30BAHOTO MOBJICHHS €
cknagHuM. Y poboti IndexTTS2 [9] 3amporioHoBaHO nepruuid Jyist Beaukux AR-
MoOJieJiell MeXaHi3M SBHOTO 3aJlaHHS KUIBKOCTI T€HEPOBAaHMX TOKEHIB, a TaKOX
po3aineHHs TeMOpy Ta EMOIIWHOI CKJIAIOBOi, IO € KPUTHYHUM JUIS 337134
aBTOMATHYHOTO Iy OJIsIKY.
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AnpTepHaTHBY CTaHOBINTH HeaBToperpeciiHi (NAR) mimxomu. E2 TTS [10]
MoKa3aja, IO MeJN-CHEeKTporpaMy MOKHa reHepysatu MeropoMm flow matching 3
TEKCTOBOI IOCIIiIOBHOCTI, JIONIOBHEHOI TOKEHaMH-3allOBHIOBaYaMHu, 0e3 Mouedi
TpUBaJIOCTEH i ieperBopeHHs rpadem y ponemu (grapheme-to-phoneme, G2P). F5-
TTS [11] ynockonammna o cxemy, BukopucraBmm Diffusion Transformer 3
onoxkamu ConvNeXt V2 Ta crparerito cemrunoBanHs Sway Sampling, i mocsria
koediuienra peanpHoro yacy (real-time factor, RTF) 0,15. MaskGCT (Masked
Generative Codec Transformer) [12] mepeHecna B CHHTE3 MOBJICHHS MapaurMy
MacKOBaHOTO T'€HEPAaTHBHOTO MOJICIIOBAHHS, 3alpONOHOBaHy Ui 300pa)KeHb Y
MaskGIT (Masked Generative Image Transformer) [13], 3a sixoi Bci TOKeHH
TEHEPYIOTHCSI TAPAJICIIBHO 3 MTOCTYOBHM iTepaTHBHUM PO3MACKyBaHHSIM; BaXKIIHBOIO
BJIACTHBICTIO TAaKOro MiJXOJy € MOXIHBICTh 3aJ[aBaTH 3arajbHy TPUBAIICTh
3reHepoBaHoro MosieHHA. OmniVoice [14] pos3BuBae mneil HampsMm: Monelb
OesnocepeTHEO  BimoOpaxkae TeKcT y 0aratokoJOyKOBI aKyCTHYHI TOKEHH,
BHUKOPHCTOBY€E CTpATEril0 TMOBHOKOAOYKOBOIO BHIIJKOBOrO MACKyBaHHS Ta
iHimiam3aMio BaraMy TONepeIHb0 HaBYEeHO! Benmkoi MoBHOI Mozeni (LLM), mo
JIO3BOJIMJIO MacmTaOyBaTH MiATPUMKY a0 roHan 600 moB Ha 6a3i 581 Tuc. roauH
BiZIKpUTHX JaHuX. OKpeMHil HampsM CTaHOBISITH MOJENi, M0 OyayrOTh CHHTE3
MoBieHHS Ha ocHoBi LLM i3 moasiiiHoto aBroperpeciero. Fish-Speech [15]
3alpoINOHyBalla IMOCHIAOBHY  «IIOBUJIBHY-IIBHAKY» apXxiTektypy Dual-AR 'y
MOEJHAHHI 3 TPYNOBAaHMM CKQSIPHUM  KBAaHTYBaHHAM, LIO  JIO3BOJIMIO
BuKopycToByBatu LLM 11 BuiIy4eHHs JIHIBICTUYHHX O3HAK 0Oe3 IONEepeaHbOro
G2P-neperBopennst. Fish Audio S2 [16] macmraOyBana 1ei miaxiJ, JOMOBHUBIIK
Horo OaraToeTalmHUM HaBYaHHSIM, BHPIBHIOBAaHHSAM METOJAaMH HaBYaHHA 3
MiAKPIIUICHHSAM Ta KEPYyBaHHSAM IPOCOJIEI0 i eMOLISIMU 33 JOTNIOMOTOI0 TEKCTOBHX
inctpykuiit. CimelicTBo Mozeneit Qwen peaiidye iHIIY KOHLEMLIIO — apXiTeKTypy
Thinker-Talker, ynepiue orcany B Qwen2.5-Omni [17], ae moayins Thinker renepye
TEKCT 1 BUCOKOPIBHEBI IPEACTABICHHS, a ABOTPEKOBUIl aBTOpErpeciitHuii MoIyIb
Talker — morokogi aygiotokenu. Y Qwen3-Omni [ 18] o6uaBa MoIysIi IiepeBeicHO Ha
apxitektypy cymiii ekcriepris (Mixture-of-Experts, MoE) [19], a 6iokoBy mudy3ito
3aMiHEHO JIETKOI0 Kay3aJbHOI 3rOpPTKOBOIO Mepexero (convolutional network,
ConvNet), mo 3a0e3rmednsio TEOPETHYHY 3aTPHUMKY mepuioro makera 234 mc y
pexumi xononHoro crapry. CrenianizoBana cepis Qwen3-TTS [20] BukopucToBye
JBOTPEKOBY MOBHY MOJeb i TOKEHi3aTop 3 wactoror 12,5 T’y ta 16-piBHEeBUM
CJIOBHUKOM, JIOCSITAI0YX 3aTPUMKH NEPILOro makera 97 Mc; BogHoYac i HaBuanbHUI
KopIyc oxoruttoe sunie 10 MOB, cepell sIKHX yKpalHCbKa BincyTHs. J{ist sikicHOro
CHHTE3y YKPailHCHKOTO MOBJIEHHS BHM3HAYAJILHOIO € MOBHA DENpPEe3CHTATUBHICTh
HaBYaIbHUX JaHux. Bimkpuri kopmycu Common Voice [21] ta FLEURS (Few-shot
Learning Evaluation of Universal Representations of Speech) [22] micTsaTh
YKpalHChKi 3amicH, OpoTe iXHili 00CAr Ha TOPSAKM MEHIIWI MOPIBHSIHO 3
QHIUICPKOI0 YW KHUTAWChKOIO MOBaMH, MO BIJHOCHTh YKpPalHCBKY /O
Hu3bKOpecypcHuXx MoB. Ilpoexr Massively Multilingual Speech  [23]
MPOAEMOHCTPYBAB MOYKIIUBICTh MacIITa0yBaHHS MOBJICHHEBUX TEXHOJIOTIH Ha IIOHAT
TUCSIYy MOB 32 PaXyHOK CaMOKEPOBAHOTO HaBUYaHHS, a Moaenb Whisper [24] — mo
cnabko-cymiepBizoBaHe HaB4YaHHI Ha 680 Tuc. TroamH 3abesnmeuye pobacTHe
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0araTOMOBHE pO3Ii3HABaHHsS MOBJCHH:; caMe Whisper IIHPOKO 3aCTOCOBYETHCS B
cydacHux TTS-cucremax st aBTOMaTHYHOI TPAHCKPHUIILIT pedepeHCHOro ayio.

[IpakTnyHe nOHABYAHHA MOJENEH 13 COTHSAMH MUIBHOHIB 1 MUIBSpIaMu
rapameTpiB Ha 0OMEKEHOMY allapaTHOMY 3a0€3IICUCHHI CIIUPAETHCS Ha HU3KY TEXHIK
edextuBHoro HapuanHsi. Meroq LoRA (Low-Rank Adaptation) [25] nosBomsie
3aMOpo3UTH 0a30Bi BarMm MoOJeN Ta HaBYATH JIMIIE HU3BKOPAHIOBI MaTpHII
ajanTaiii, Mo Ha TOPSIKU 3MEHINY€E KUIBKICTh MapaMeTpiB, sIKi OHOBIIIOIOTHCS.
Onrumizatop ZeRO (Zero Redundancy Optimizer) [26] ycyBae nyOmoBaHHS CTaHIB
ONTHMi3aTopa, TPAIi€HTIB 1 IMapamMeTpiB MiX IMpoLecamMH 3a Tapajiesli3My JaHHX.
HaBuanns 3i 3Mimanoro TouHicTio [27] Maibke BABIUI 3HIKY€E BIMOTH JIO0 TTaM'sTi,
onHak y 16-6itHomy dopmarti 3 pyxoMorw KOMOIO 1oJjoBHHHOI To4yHOCTI (floatl6)
norpedye mMacmraOyBaHHs (QyHKIIT BTpat /Ut 3amo0iraHHs BTpaTi MalnuX 3Ha4YeHb
rpagientiB. EdeKTuBHICTD MeXaHI3My yBarM 3HAYHOIO MiIpPOH0 BH3HAYAETHCS
peanizamieto obuncmoBansHuX saep: FlashAttention [28] 3acTocoBye TaitmiHr s
3MEHIICHHsT KUTBKOCTI 3BepHEHb A0 TJ00ambHOI MaM'sTi rpadigyHoro mporecopa
(graphics processing unit, GPU), a FlexAttention [29] reHepye ontumMizoBaHi siapa
IUIsL JOBUIBHUX BapiaHTIB yBarm 3a JONOMOIOK KOMIIUIATOpa, IPH IbOMY
KOH(Qirypauist OJIOKIB TakHX sep 3aJeXuTh BiJ o0csry posnofineHoi (shared)
maM'aTi MOTOKOBOrO MyJbTHIponecopa. Jisi akyCTHYHOTO MOJICTIOBAHHS TaKOXK
3aCTOCOBYIOTh CrielianizoBaHi eHkogepu Ha kmranr Zipformer [30], mo
BukopuctoBye U-Net-mmoniOHy cTpykTypy 3 pi3HUMH 4acTOTaMU KaJpiB.

Awnani3z myOunikaumid 3acBigdye, 110 OUIBLIICTH POOIT OIIHIOE MOjeNi Ha
BHCOKOINIPOJYKTUBHHUX NPHCKOPIOBAaYax Ta I BHCOKOpecypcHHX MoB. HatomicTh
CHCTEeMaTHYHOT 0 TIOPIBHSHHS MOXKJIMBOCTEH foHaBuaHHs OmniVoice, Fish Audio S2
ta Qwen3-TTS w1 yKkpalHChKOI MOBH Ha amapaTHOMY 3a0e3IeueHHI CepeIHbOro
KJlacy, 30KpeMa Ha rpadiuHux mnporecopax apxitekrypu Turing OGe3 amaparHol
miarpumku  ¢opmaty bfloatl6 (Brain Floating Point, 16-6GitHuii dopmar 3
IUIAaBAIOYOI0 KOMOIO 3 PO3LIMPEHUM Jialla30HOM IIOPAZKY), Y BIIKPUTHX JDKepenax
HE BISIBJICHO, 110 i 3yMOBIIIOE aKTyaJIbHICTh L{LOTO IOCHIPKSHHS.

3. ApxiTeKTypHi 0co0/MBOCTI MoaeIei

3.1 OmniVoice

OmniVoice (po3pobka komanau Xiaomi/Kaldi) peanizye mnpuHIKIOBO
BiIMIHHUI BiJ iHIIMX PO3rJSIHYTHX MOJENel Miaxig 10 cuHTe3y MoienHs. Lle
JOBOJI MaciiTabHa 0araTOMOBHAa MOJelb, apXITEKTypy SKOI BHU3HAYAIOTh SIK
mudys3iiiHy MOBHY MoOjenb AUCKpeTHoro HeaBToperpeciiHoro (NAR) tumy. st
PO3yMiHHS TIepeBar HeaBTOPErpeciifHOro MmiIX0Ay JOLIIBHO PO3TIISTHYTH KIACHIHHN
aBToperpeciiinuii (AR) migxin. AR-Moneri reHepyioTh ayIiOTOKEHH MOCIiIOBHO,
KpOK 3a kpokoM. Hanpukunan, st cuntesy 10 ¢ ayzmio Mozeb Mae BUKOHATH COTHI
abo TucsYi mociiioBHUX itepaiit. Lle, mo-nepiie, cyTTeBO 30ibliye Yac renepaiiii,
a TMO-Ipyre, CIPUYMHSAE HAKONMYCHHS TIOMIJIOK: MOXMOKa, OMyIeHa Ha MOYaTKy
MOCJIJOBHOCTi, TMOIIUPIOEThCS Ha BCi HAacTynmHi Kpoku. HeaBroperpeciiina
mudysiiiHa mapagurMa Tpamoe MPUHIMIIOBO 1HAKINE: 3aMICTh IOCHTiIOBHOTO
nepenOavueHHs «371iBa HANPaBO» MOJAETHh Oepe MATPHII0 BHIIAIKOBOTO IIymy (abo
MacCKOBaHUX TOKEHIB) MOTPIOHOI JOBKUHMA I OHOBIIOE BCI TOKCHHM OIHOYACHO 32
KibKa KpOKiB 3HemrymieHHs. Ha koxuoMy kpoii audysii BICBHEHICTh MOICTI B
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nepe0aueHHIX 3POCTaE, i BUMAIKOBI 3HAYEHHS MTOCTYIIOBO 3aMiHIOIOTHCS iTKHIMH
aKyCTHYHUMH TOKEHaMH (iTepaTHBHE PO3MACKyBaHH, iterative unmasking).
OcHoBHOW0O TIpoOnemMoro Tpamumidanx NAR-Mozenell € Tak 3BaHE «BY3bKe
MicLie» MPOAYKTHBHOCTI, 3yMOBJICHE CKJIaIHHMH ABOPIBHEBUMH KOHBEEPAMH: TEKCT
CIIOYATKY NEPETBOPIOETHCS HA CEMAHTHYHI TOKEHH, a MOTIM — Ha aKyCTHYHI TOKCHH,
TOOTO IiJIOYNCENbHI iHAEKCH B 6araTopiBHEBOMY CIOBHHUKY (multi-codebook), 3 sikux
BiJTHOBJIIOIOTECSI KOPOTKi (pparMeHTH aymiocurHaiy. PosrimstHemo npuHImn po6otn
0araTopiBHEBOro CJIOBHHKA. SIKIIO BHXiJAHHI 3BYKOBHI CHIHAJ IO3HAYHUTH K X, &
Horo HaOmmKeHHs nepiuM piBHeM — sk C1, To apyruit piBeHb KOy€e pi3HHUIIO X —
Cl1, tperiii — 3amumok X — C1 — C2 i 1. 1. B OmniVoice BUKOPHCTOBYIOTBCS YOTHPH
piBHI CIIOBHUKIB: mepmmii (6a3oBmil) Komye (OHETHKY, ApyrHid — TeMOp Ta
IHTOHAIIiO, TPETii 1 YeTBEepTHI — aKyCTHUYHI XapaKTEpPHUCTUKH Ta ApiOHI neram. Y
pe3yabTari koxkHi 20 MC ayaio ONUCYIOTBCS HE OJHHM TOKEHOM, & MAaTPHIICIO
TokeHiB. Came 1110 6araToKo0BY MAaTPHIF0 MOJIEIb HABYAETHCS BiHOBIIOBATH Ta
reHepyBaty B npoueci audysii. [IpuanmmnoBoro ocobnuBicTio OmniVoice € mpsime
BiZIoOpaXXeHHsI TEKCTY B 0araTOKOJ0BI aKyCTHYHI TOKEHH 0e3 IPOMIKHUX cTamii. ¥
HeaBTOperpeciiHux qudy3iiHUX MOJEISIX Ui ayio (1 TEKCTY) poJib HIyMy BUKOHYE
MackyBaHHs. Ilig uac HaByaHHS (OpPSIMHH  TpOIEC) MOJACIb  OTPHMYE
ayZioMOCiIOBHICTh, PO30UTY Ha TOKEHH, i KPOK 332 KPOKOM BHITA/IKOBO 3aMiHIOE iX
Ha crewianbhuii TokeH [MASK]. Ha 3aBepmansHomy etari audy3ii 3aMackoBaHHUMHU
€ 100 % TOKeHiB, 1110 € aHAJIOrOM MOBHOTO 01JI0r0 1IymMy B AUQy3iHHUX MOIENsIX
300paskenp. I1ig yac reHeparii (3BOPOTHHH IpoLIeC, 3HEUTYMIICHHS) MOJIENb ITOYHHAE
3 TOCIIZIOBHOCTI, sIKa CKJIAJAETHCS BHKIIOYHO 3 TOKeHIB [MASK], i 11 3aBmaHHA
MoJISTae B TOMY, 1100 3a KijJbKa TMapaiesbHuX iTepalii neper0oayunTH, SKi akyCTHYHI
TOKCHH MAalOTh CTOSATH Ha MICI[i MacOK, CIMPAlO4uCh Ha BXiTHHA TEKCT. ABTOpHU
OmniVoice BUIUISIIOTh ABI KIIIOUOBI iHHOBawil. [lepma — crpareris BUMagkoBOro
MacKyBaHHs BCboro kojoBoro cioBHuka (full-codebook random masking) mig gac
HAaBYaHHS], fKa 3MYLIye MOJENb BHBYAaTH B3Aa€EMO3BSI3KM MDK aKyCTHYHHMHU
OMHUIISIMHU TapaliesibHO, a He MOCiigoBHO. [lpyra — iHimjamizaris MOZAeNi Baramu
MoTiepeTHbO HaBuUEHOI TeKCTOBOI Benrkol MoBHOT Mozeini (LLM). 3a TBepmkeHHIM
Ppo3po6HUKiB, 3HaHHs, HaOyTi LLM min yac monepegHboro HaB4YaHHS, e(EeKTHBHO
nepeHocAThesl Ha nBoHamnpasieny (bidirectional) apxitekrypy OmniVoice. Inakie
Ka)Xy4H, ITapaMeTpH TEKCTOBOT MOJIEJIi, HABUCHOI HA BEIMKUX KOPITycaxX i 3AaTHOT 10
IJTMOOKOr0 PO3yMIiHHS NPUPOIHOT MOBH, BUKOPHCTOBYIOTHCA SIK IIOYaTKOBA TOYKA
HaBuanns. Cnij 3a3Ha4uTH, 10 kiacuuHi LLM HaB4aioThCs 3 Kay3albHOK MacKoOIo,
TOOTO BPaxOBYIOTh JHIle TomepenHiin konrekcT. Haromicts OmniVoice sk
HeaBToperpeciiina nudysiitHa Mosienb € IBOHAMPABICHO: BOHA T€HEPYE BCi 3ByKOBI
TOKEHH OJIHOYACHO W MapaiesibHO, TOMY MNOTpeOye HOCTyMy IO BCHOTO TEKCTY
Bifpa3y (SIK [0 MOYATKY, TaK i 0 KiHIs pedeHHst). st bOro aBTOpH 3aCTOCOBYIOTh
BUJTyUYCHHsI Kay3albHOT MAacKH, 110 (pakTHYHO MeperBoproe LLM Ha ABOHampaBiieHy
MO/JIeTIb; IETAIbHUH aHAi3 [[bOTO MEXaHi3MY BUXOUTH 32 MEXKi IIbOTO OCITiPKSHHSL.
Ilepenecennss 3HaHp fo3Bomsie OmniVoice «mepenpodiIOBaTH  BEIHUE3HY
JHTBICTHYHY €MHICTh LLM sk moTyXHHWH anpiopHHi 0a3uc IS TMOKpAIIeHHS
PpO30ipIUBOCTI Ta MPUPOIHOCTI 3reHEPOBAHOTO MOBIICHH». Ha mpakTuiii 11e o3Hayvae,
IO [UIs NPHUPOJHOTO O3BYYCHHS DPEUCHHS MOJENb Ma€ BH3HAYaTH MicLil mays,
I IBUILCHHS TOHY Ta JIOTIYHUX Haronocis. 3suyaiiHi TTS-mMomeni 3My1ieHi BUBYATH
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Il 3aKOHOMIPHOCTI 3 HyJI1 Ha OCHOBI ay/iO3alHCiB, II0 € CKIIAJHOK 3aJa4ero.
OmniVoice 3aBisku 3HaHHsIM LLM yiKe BOJIOZIE CEMAaHTUYHUM YSBICHHSIM IIPO T€,
SIK Ma€ 3By4aTH PEUCHHs, 1 il 3aJMINAETHCS JIMIIE TIEPETBOPHTH LiE YSABJICHHS Ha
akyctiyHi TokeHH. Came e 3a0e3redye BHCOKY IIPHUPOIHICTH 1 po30ipiuBicTh
BuMoBH. [t cydacaux LLM 0,6 Mipx mapameTpiB — HeBEIHKHH 00csr (HalHOUTbII
MOJIETIi MarOTh COTHI MUBSIPZIB ITapaMeTpiB), OJHAK JUISI MOJEI CHHTE3Y MOBJIEHHS
BiH € 3HauyHMM. OCKiJBKH MOJEIb iHiIiamizoBano Baramu LLM, iif He morpiOHO
BUTpayaTH NapaMeTpyd Ha BUBUYCHHS MOBHM 3 HyJs, 1 Bci 0,6 Mipn mapamerpis
CHPSIMOBAHO Ha IMiABHIIEHHS SKOCTI 3BYKY. 3aBmsKku audys3iiHIi JBOHANIpaBIeHii
apxiTeKTypi MoOJeNnb TeHepye BCi 3BYKOBI TOKEHM IIapaJieNlbHO, HE OYIKYIOUH
3aBepIIeHHs IeHeparii nornepeaHix GparMenTiB, mo 3ade3nedye Maike MUTTEBHI
CHHTE3 YChOTr0 ayio.

3.2 Qwen3-Audio

CimeiictBo Mopeneii Qwen3-Audio, po3pobnene xomanmoro Alibaba Cloud,
¢byHkuioHye Ha 6a3i apxitextypu Thinker-Talker, sika 06'e1Hy€e poliecy CIPHIHSTTS
Ta reHepalii B €IWHUA MYJBTUMOJATBHUI KOHBEEP. ApXITEKTypa CKJIAJA€THCS 3
JIBOX KITFOUOBHX TPaHC(HOPMEPHHX MOJYJIB, MOOYI0BaHHX 3a MpHHIMIOM Mixture-
of-Experts (MoE). Thinker 06po6iisie BXifHuit TeKCT a00 IHCTPYKIIiFO; HOro 3aBIaHHs
MOJIAITAE Yy BM3HAUCHHI 3MICTY, KOHTEKCTy Ta eMoliliHoro 3abapsnenHs. Lleit
TpaHcopmep He TeHepye 3BYK, a (hopMye BUCOKOpIBHEBi mpexcraBienns. Talker
OTpUMY€E Li NPEACTABICHHS i MEepeTBOPIOE X Ha aKyCTHYHI TOKEHM (aHaIOTriuHi
ormmcanuM st OmniVoice). Cymim ekcnieptiB (MoE) — apxiTekTypHuid miaxi,
CHpsIMOBAHUI Ha EKOHOMiI0 OOYMCIIOBANBHHX pecypciB. Heiipomepexxa Qwen3
CKJIAZIa€ThCs 3 BENMKOI KIIBKOCTI MEHHIMX migMepexk («ekcreptiBy). Ilim wac
3a MOTOYHE 3aBJaHHs (HANPUKIAJ, SKCIEPT 3 aHMIHCHKOI MOBH abo0 eKCIepT i3
cunTe3y Ienory). lle 3a0esmeuye BHCOKY MIBHJIKOAIIO Ta 3HIDKYE BHMOTH [0
pecypciB mij yac 3amycKy.

Moyenb BHKOPHCTOBYE BilacHH# TokeHizatop Qwen3-TTS-Tokenizer-12Hz,
KU 3a0e3nedye BHCOKOS(EKTHBHE aKyCTMYHE CTHUCHEHHS CUIHAIY 3a HH3BKOI
yactotu kaapiB (12 T'm). Ile no3BoJsie MOBHICTIO 30eperTH NapaiiHrBiCTHYHY
inpopMmario, 30kpema TEeMOp, (OHOBHU IIyM Ta aKyCTHYHI BIACTHBOCTI
MPUMIIICHHSI, B sIKOMY TiepeOyBaB eranoHHuil mukrop. Yacrora 12 I’ Biamosinae
Jly’Ke€ BUCOKOMY CTYIEHIO CTUCHEHHS: THIIOBA YaCTOTA JUCKPETH3ALlil MOBJIEHHEBOI'O
aynio craHOBUTH 24 kI'11, i MOMIMPEH] TOKEHI3aTOPH CTUCKAIOTh ioro a0 S50 abo 75
TOKEHIB Ha CeKyHIy, TOJi SIK TOKeHizatop Qwen3 reHepye nuimie 12 TOKeHiB Ha
cekyHny aynio. Bigmosigno, momynp Talker Mae mepepbadaTy 3HaUHO MEHIIE IAHUX,
110 CYTTEBO MPHUIIBUIIIYE HOro poboTy Oe3 BTpaTH JeTaeii roiocy.

BigmoBa Big DiT (Diffusion Transformer, mudy3iitnuit Tpancopmep) Ha
kopucth Jerkoi ConvNet (y moxymni Code2Wav) e ki1040Bor0 BiMiHHICTIO Qwen3 -
Audio Big OmniVoice. Moxyns Code2Wav € 3aBepIiiaiibHUM €TaroM poboTH MOJIEN,
Ha SIKOMY aKyCTHYHI TOKEHH MEPETBOPIOIOTHCS HAa 3BYKOBY XBuiIHO. Judys3iitai
mogem (DiT), mo BuxopucroByroTecs B OmniVoice, MparfoioTh MapajenbHo i
moTpeOy0Th KIIBKOX iTepariii 3HeIIyMICHHs; BOHH (OPMYIOTh 3BYK JIHIIE TICIIS
MMOBHOT T'eHEpAallil peYeHHs, TOMY HeOOXiTHO O4iKyBaTH 3aBEPIICHHS CHHTE3Y BCHOT'O
aymio. Y Qwen3 mudysito 3amineHo kaysanpHoo ConvNet. TepMiH «kay3anbHa»
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O3Hauae, L0 MepeKa BUKOPHCTOBYE JIMIIE IONEPEIHil KOHTEKCT (aHAJIOTriYHO
Kay3aJbHIM MacIi, 3rafaniii mig gac omucy OmniVoice). 3aBISIKH [IbOMY IIIOWHO
Talker remepye mepmmii TokeH (mo BigmoBinae mepmiii 1/12 cekynmm aymio),
ConvNet ozipa3y nepeTBoproe Horo Ha 3BYK. SIk HaCJIiJJOK, HEMa€ MOTPEeOH OYiKyBaTH
3aBepIleHHs 1H(EpEeHCY, 1 MOJENb IOYMHAE BiJTBOPIOBATH MOBJICHHS Malbke
MHTTEBO.

3.3 FishAudio2 Ta esementn IndexTTS2 apxitexTypn

OCHOBOIO CHCTEMH € apXiTeKTypa, nojioHa 10 LLaMA, sika BUKOPUCTOBY€EThCS
JUTSL BiTOOpaXKeHHS BXITHHUX TEKCTOBHX IIOCIIIOBHOCTEH y MPOMDKHI CeMaHTHYHI
TOKEHH, IO HaJajli IePETBOPIOIOTHCS Ha aKyCTHYHI TOKCHH.

FishAudio2 e HaiibinbIIoOI0 cepeq TPhOX PO3MISTHYTHX Mopenei: Bepcis Fish
Audio2 mae 6mm3pK0 4,4 MIIp/ TapaMeTpiB, II0 € 3HATHUM 00CSTOM IS ayAiOMOJIENI.
Taxwii po3mip [03BONSE MOJIENI 3acBOITH BENHKY KIJIBKICTH OCOOIHMBOCTEH
JIIOJICBKOTO MOBJICHHs (aKLIEHTIB, NMPUIMXaHb, EMOIIiH) 1 3a0e3neduye HaJ3BHYAHO
SKICHUH 1 mpuponHuil 3ByK. BomHouac mis ii 3amycky Ta ekcrutyaraunii moTpiOHi
BUCOKOIIPOYKTHBHI i 10pori rpadiyHi nporecopH.

B ocHoBi Mozeni nexuts nossiiiHa aproperpecis (Dual-AR). ABroperpecis (AR)
— e crnoci0 reHeparli, 3a SKOro pe3ysbraT OPMYEThCS TOETAIHO: Ha KOXKHOMY
KpOIli MOJIeSIb BPaXOBY€ BKe 3T€HEpOBaHe ¥ Ha 11iif OCHOBI mependavae HaCTyMHHUI
enemeHT. TepMmiH «mozgiiiHay (dual) o3Hauae, 1m0 reHepalis BiIOyBaeTbCs y IBa
MOCITiJOBHI MPOXOAH, A€ OIUH aBTOperpeciiHuil mpouec ciuinye 3a inmuMm. Came
MOJIBiiiHa aBTOperpecis Ta mojajiblia reHepanis ayaio Biapisusators FishAudio2 Bix
IndexTTS2. B IndexTTS2 Takox nependayeHo /Ba eTany, IpoTe HNeplni i3 HUX €
aBTOperpeciiHuM, a JApyruii — HeaBToperpeciiiHuM (sk B OmniVoice). Orxe,
IndexTTS2 3aiimae npomixkae monoxenns Mmix FishAudio2 ta OmniVoice.
ApxirekTypa Moneni noaiona 1o LLaMA (Meta) un ChatGPT, To6To rpyHTYy€eTBCS
Ha TpaHcdopmepi, o ckiaanaeThest auie 3 aexozaepa (decoder-only transformer).
3aMicTh CTBOPEHHSI Cliellialli30BaHOT ayAiOMOJIeNi 3 HyJIsl aBTOpU MO0y IyBaiu 11 5K
MOBHY Mozenb. Lle o3Hauae, o aynio cnpuilMaeTbCcs He SIK HEelepepBHa 3BYKOBa
XBWIS, & SK THOCJiJOBHICTh YUCJIOBHX KOJIB. 3aBISKH LIbOMY MOJAEIb e(eKTHBHO
BPaxOBy€ KOHTEKCT TEKCTY, JIONiYHI HAroJOCH Ta HaBiTh eMOL(KHI HCTPYKIHl B
OyXKax (Harmpukiam, [weniT] abo [mpodeciitauii ToH]), 00poOIIsIFOUHN 1X K 3BUYAMHI
CJIOBA.

Ha Bigminy Big OmniVoice, BioOpakeHHsS € MOBHUM: TEKCT — CEMaHTHYHI
TOKEHH — aKyCTHYHI TOKEHH:

* Kpok 1 (TekcT — ceMaHTHYHI TOKEHH): MOIETIb O0OpoOse TekcT i
MePETBOPIOE HOro Ha CEMaHTU'HI TOKEHH, SIKi 116 He € 3ByKOM, a BiZIoOpaXkaroTh 3MiCT
Ta eMolliliHe 3a0apBIeHHsS Mall0yTHHOTO MOBJICHHS.

* Kpok 2 (cemaHTHYHI TOKEHH — aKyCTHYHI O3HAKH): CEMaHTHYHI TOKSHH
MePETBOPIOIOTHCS HAa aKyCTUYHI, TOOTO Ha (i3HYHI XapaKTePUCTUKK 3BYKOBOI XBHIII
— BHCOTY royiocy, TeMOp, mymu, nuxands. Ha mpomy erami pOpMyeThCst KiHIEBHIA
ayJIiOCUTHAIL.

Cnig 3BepHYTH yBary, o OaratopiBHeBuil cinoBHHK (codebook) FishAudio2
ckiamaerses 3 10 piBHIB (Ha BigMiHy Big 4 B OmniVoice). BiamnosinHo, koxxeH Kaap
OTHCYETHCA IECATEMA CIOBHUKAMH: 1-1 CIIOBHHK: 0a30Ba CEMaHTHKa (3MiCT, BUMOBA,
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OCHOBHa iHTOHamis); 2-10-ii CIOBHMKH: 3aJIMIIKOBI aKyCcTH4YHI netam (Temop,
MIKPOIHTOHAIIi], TyYHICTb, TUXAHH:).

Jns BimoOpaskeHHS 3aCTOCOBYETHCS CeMaHTH4HE CTHCHEHHA Bif 50 mo 25 T'm
(momibHe mo OmniVoice, ane 3 iHIMUME TapaMeTpamu). ToOTO MoJels po3OuBae
aymio Ha KOpOTKI (parMeHTH: SIKIIO 3a 3aMOBYyBaHHAM (opmysamocs 50
CEeMaHTHYHHX TOKEHIB Ha KOXKHY CeKyHIy 3BYKY (50 I'm), To po3pobHHKaM Branocs
BMICTUTH Ty caMy iH(popMairo jume y 25 xaapis (25 I'm).

3aBIIKH FOMY JOBXKHHA ITOCIIZOBHOCTI, SIKYy 00po0IIsie MO, CKOPOUYETECS
BJIBiUl.

[Ticnst BimoOpaxeHHs 3amyckaeTbest Dual-AR. SIk6n cncrema renepyBana Bei 10
CJIOBHHUKIB B OJIHY ITOCJIIOBHICTB, 11 JOBXHMHA 3pocia 6 y 10 pasi, mo cyrreBo
ynoBineHMIIO O iHpepeHe. ToMy apXiTeKTypy po3/ijeHo Ha qBa npoxomau. Slow AR
(ToBLIBHA aBTOpErpecisl): HaWOIIbIIa YacTUHA MOJem (4 MIIpI mapaMeTpiB), sKa
BHUKOHYETHCSI B3JIOBXK Oci Yacy (Kaip 3a KaapoM) i repenbaydac JIMIIE MEpLIHi
cinoBHUK. Fast AR (mBuzaka aBroperpecis): nerkuit Mogyss Ha 400 MJIH napameTpiB.
Otpumasim 6a3oBuii TokeH BiJ Slow AR, Fast AR pyxaeTbcs B310BX OCi IITHOUHU
# JUIs TOrO CaMOro KaJpy LIBHIKO FEHEPYE PEIITy 9 aKyCTHYHUX CIIOBHHUKIB.

Jlnst  OTpuMaHHS 3BYKY aKyCTHYHI TOKEHH JEKOAYIOTHCS BOKOAEPOM; B
exocucremi FishAudio 3a3Buyaii BukopucTOBYIOTECS GAN-MoOzemni, HarpuKIiaa
HiFi-GAN, a6o Bnacumii nexonep Firefly. B IndexTTS2 pam BHKOHYEThCs etar
aKyCTUYHOTO MOJCIIOBAHHS, HA SKOMY T€HEpPYeTbC CHEKTporpama, Iio
MIEPETBOPIOETHCS HA ay[i0 TONEPEeAHbO HABYCHUM KOAEKOM. Y paHHIX BEpCifxX UL
uporo BukopucroByBaBcst U-DIT (U-Net 3 nudysiero), a B HoBux — Zipformer,
cydacHa apXiTeKTypa, po3poliieHa crieniaibHo uist 00poOku aynio. Bona renepye
cnekTporpamy 3Ha4Ho crabinpHinte, Hixk U-DiT, i npakTHYHO yCyBa€ MpoOITyCKH CIIiB
abo ix vactuH. Halicnabmmmm MicueM mozeni € T aBToperpeciiiHa mpupoja: s
BU3HAUCHHS Apyroro (hparMeHra ayaio MOJENb Ma€ CHOYAaTKy 3TeHEepyBaTH MepLINi
i He MOXe 3reHepyBaTH COTHH (parMeHT, TOKU He 3aBEPLINTD AEB'STHOCTO JIEB'ITHI.
Yepes Taky CTPOry IOCIHiOBHICTD MPOLEC HEMOXJIUBO PO3INAPAICIUTH.

4. JlinreicTnka Ta sIKicTh CHHTE3y YKPaiHCHKOI MOBH

MO>KIITUBICTB SIKICHOTO TOHKOT'O HaJIaIITYBaHHS JUISl YKPATHCHKOI MOBH KPUTHYHO
3aJIXKUTh Bijl JIHTBICTUYHUX 3HAHB, 3aKJIQJICHUX Y MOJEIb il Yac MONePeaHBOro
HaBuaHHs (pre-training). PobGora 3 kupwinunuM andasitoM, crenupiYHUMU
¢doHeMamMK Ta MpaBHJIAMH HAroJIOUIyBaHHs MOTpeOye HAsIBHOCTI BiAMOBIAHUX
3aKOHOMIpHOCTEH y Barax Mozeini (s yKpaiHChbKOT MOBH — 30KpeMa MOM'SKIIICHHS
MIPUTOJIOCHHUX).

Jnst  XapaKTepHCTHKM  3/[aTHOCTI  MOJENi  NpAIfoBaTH 3  KUPHJIMIECIO
BHUKOPHCTOBYIOTh TEPMiH «KPOCTIHTBaIbHUI mMOTeHIiamy. OCKUIbKH OiNbIICTh
PO3TISTHYTUX MOJeNieil MONepefHbO HAaBYECHO IEPEeBAXKHO HA AHMIIHCHKIA Ta
KHUTaWUCHKil MOBaX, lie# MOTEHIIaNT Y HUX CYTTEBO Pi3HUTHCS.

4.1 OmniVoice

Cepen posrmaHyTHX Mozened OmniVoice Mae HaHIIMpIIEe JIiHIBICTHIHE
OXOIUICHHS: BOHa odimiHO miaTpuMye moHan 600 MoB, MmO € HaWOLTBIINM
MMOKa3HUKOM CepeJl CyYaCHHX MOjeNlel zero-shot CHHTE3y MOBIICHHS. YKpaiHCBhKa
MOBa BXOJIUTh JI0 L[Or0 Heperiky. ba3oBy MoJesb HaBYEHO Ha Oe3IpereIeHTHOMY
3a obcsiroM Habopi Bigkputux manux — 581 000 roxuH.
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Jns nHaB4yaHHs zero-shot cuHTE3y (TOOTO BIATBOPEHHS TOJOCY 32 KOPOTKHM
pedepeHCHUM 3ammMcoM) T Yac TONEepPEeIHhOr0 HABYAHHSA MOJIEN MOTpiOHI
Tepabaiitu nannx. OgHak 6;m3bpK0 90 % TOCTYITHUX SKICHUX ay/i0faHUX B IHTEpHETL
NpUIaa€ Ha aHINChKY, KUTAWChKY Ta ICMAHChKY MOBH. YKpaiHChbKa, SIK i COTHI
IHIIMX MOB, HAJEXHUTh JO HH3bKOpecypcHUX (low-resource), TOOTO YHMCTHUX
PO3MIYCHUX HAOOPIB JAaHWX JUIS HEel ICHYe 3HAYHO MEHIIE. 3a KJIACHYIHOTO ITiJIXOy
1o HaBuaHHA OmniVoice, HalliMOBIpHillle, cHHTe3yBajla 0 YKpaiHCEKE MOBJICHHS 3
AHMICEKUM (YW KHTaHCHKUM) aKIEHTOM, IPOITyCKaMH 3BYKIB i HENPaBWIEHUM
MMOM'SKIICHHSAM ~TPUTOJIOCHUX. [l 3amoOiraHHs TOTIpIICHHIO SKOCTI  JUIA
YKpaiHCBKOI Ta IHIIMX HHU3BKOPECYPCHHX MOB TiJ 4Yac HaBuaHHs OmniVoice
3aCTOCOBYETECS CTPATETis MepeaucKpeTH3anii fannx Ha pisHi MoB (language-level
data resampling). T{ cyTh mnomsrac y mTydHoMy 3GiNbIIEHHI YACTKH JAHUX
HH3bKOPECYPCHHX MOB 3a JIOLOMOTOI0 KOC(IilliEHTIB MOBTOPEHHS, IO J03BOJISIE
30aaHCyBaT BIUIMB PI3HMX MOBHHX TIpPYN Ha TPajJi€cHTHI OHOBJICHHS MOJEII.
3aBpgky iHimjanmizanii 3 LLM Tta HasBHOCTI yKpaiHCbKOI MOBM B HaBYaJbHOMY
xopryci (3okpema 3 mrepen FLEURS ta Common Voice) OmniVoice Mae cTilike
YSIBIICHHS TIPO YKPaiHCBbKY (DOHETHKY. 3 OIJIsi/ Iy Ha YCHilllHe JOHABYaHHS MOJIEN TSt
IHIMX HU3BKOPECYPCHUX MOB MOXKHA CTBEPXKYBAaTH, LIO il apXiTeKTypa 31aTHa JI0
rITHOOKOT0  KPOCITIHTBAIBLHOTO y3aralbHEHHs: HaBiTh 3@ HEBEJIHMKOro 00CsTY
YKPaiHCBKHX JJAaHUX MOJICNIb BUKOPHCTOBYE aKyCTHYHI 3aKOHOMIPHOCTI CIIOPiJHEHUX
CIIOB'SIHCHKHMX MOB, 30epiraioun mpaBwibHy BHMOBY. lle pobutp OmniVoice
ONTUMAIBHUM KaHAUJATOM JUI JIOHABYaHHA: MOJEIb HE IOTPIOHO HaBYaTH
KUPWIMLI 3 HyJs, JOCTATHBO aJaNnTyBaTH il 4O KOHKPETHOTO I'OJIOCY Ta YCYHYTH
HEe3HaYHi aKLEHTHI apTe(aKTH.

4.2 Fish Speech S2

3a 3asBoro aBropiB, FishAudio2 (Fish Speech) Takoxx po3pobisiiacs 3 MeTo
MaKCHMaJIbHOTO MOBHOTO OXOIUICHHsA. B oQiuiliHii JOKyMeHTawUil 3asBIICHO
MiATPUMKY yKpaincbkoi MoBu (uk) mopsin 3 pociiicekoro (ru), momscbkoro (pl) Ta
IHIIMMU eBpoIielicbkuMu MoBaMu. HaBuanbHui kopmyc Mozeri nepeBuirye 720 000
roZiH 6araTOMOBHOTO ay[io, 10 3a0e3neuye riIM00Ke MOJICIIOBAaHHS aKyCTUYHHX i
MPOCOIMYHUX OCOOIMBOCTEH pi3HHMX MOB. BapTo Big3HAYMTH HASBHICTH YCHILIHUX
mpereaeHTiB Toukoro HanamryBanus Fish Speech 1.5, 30kpema mst ykpaiHCbKOT
MOBH: aBTOPH TOBiJOMJISIFOTH MPO JIOHABYAHHS MOJENI Ha BIACHOMY HAaOOpi JaHUX
obcsrom 240 rogvH YKCTOrO YKPaiHCBKOTO MOBIEHHSA. BogHouac pesynibTaru
BJIACHOT'O TECTYBAHHS Ta MOBIIOMIICHHS KOPUCTYBAUiB, SKi CTBOPIOBAJIH T'OJIOCH ISt
CHOPIJHEHUX KUPWIMYHUX MOB (30KpeMa O0onrapchbkoi), CBiI4aTh MPO PH3UKH
MOBEPXHEBOro AoHaBuaHHsI. Monens (moxioHo mo IndexTTS2) cxunbHa reHepyBaTH
MOBJICHHS 3  SICKPaBO  BHUP@XEGHMM  DOCIHCBKMM  aKIEHTOM,  OCKUIbKH
pociiicbkoMOBHHI cerMeHT y 0a3oBoMy HaOopi JaHuX 3Ha4HO mepeBaxkae. [1[o0
YHUKHYTH 1IbOTO, PO3POOHHKHM PEKOMEHAYIOTh MiJi Yac JOHABYaHHSA OOOB'S3KOBO
noaasaty Ter [uk] 10 KOKHOro TekcToBoro (daitny Tpanckpumiii (.lab). le 3mymurye
Moaenb 3adikCyBaTH BiAMOBiMHUN (DOHETHYHHMH MPOCTIp i HE 3BEpPTATUCA [0
POCIHCHKOMOBHUX aKyCTHYHHX BEKTOPHHX IPE/ICTABIICH.

Skictp cunresy Fish Speech 3aranoM OIHIOETBCS K HaJ3BHYaiiHO BHCOKA!
mokazarnk WER (Word Error Rate, 4acTka MOMHJIKOBO PO3Mi3HAHUX CJTiB) CTAHOBHUTH
6mm3bK0 3.5% (U1t aHIIIHCHKOT MOBH).
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4.3Qwen3-TTS

Jliarsictrana 6a3a mozgeni Qwen3-TTS e HalO1IHIT KOMIIPOMICHOIO B KOHTEKCT1
LOTO JIOCIKeHHS. 3rifHo 3 oimiiHOI0 crierudikaIiero, 6a30Ba MOJCITH OXOILTIOE
nuire 10 OCHOBHHX MOB: KHTaHCBKY, aHIJIIHCBKY, SITIOHCHKY, KOPEHCHKY, HiIMEIIbKY,
(paHIy3bKy, POCIHCBKY, MOPTYTranbChKy, ICTIIAHCBKY Ta iTamiiiceky. BincyTHicTsh
YKpalHCBKOi MOBH B OQIIIHHOMY TIEpesiky € CyTTEBUM HEIOJIKOM MOIeNi ULt
MMOCTaBJICHOT 3ajmadi. Ha mepmmii morisy HasBHICTH POCIHCHKOI MOBH cepe
MATPUMYBaHUX Mana O rapaHTyBaTH KOPEKTHY OOpPOOKY KHPWIMYHHX CHMBOJIIB
TokeHizaropoM. IIpoTe, $IK 3aCBIIYMIIM TECTH, MOJEIb HE 3HAE YHIKaIbHUX
YKpaTHCBKUX JiTep («i», «i», «e», «I») Ta CIeru(piYHUX U1 YKpaiHCHKOi MOBH
¢onernunmx nepexoais. [1ix yac cripodu cuHTE3yBaTH YKpaiHCHKHI TEKCT 6a30BOIO
MoJeIuTio 6e3 Moudikariif iHpepeHc ado 3aBepuIyBaBcs TIOMIIKOIO PO3Mi3HABAHHS
HEBIZIOMHX TOKEHIB, a00 OTpHUMaHe ayJio Mall0 BUPKCHHH HENPHPOHUN aKICHT.
MoskHa TPHITYCTUTH, 110 BHIYCK ABOX Bepciii Mogenmi — jerkoi Qwen3-TTS-12Hz-
0.6B-Base Ta Ginbmoi 1.7B-Base — maB Ha mMeTi 3a0€3MeUUTH MOMUIUBICTD SIKICHOTO
PO3IIUPEHHS] CHCTEMH Ha HOBi MOBH. OCKiJIBKH MOJIeNTb HABYCHO HA 5 MIIH T'OJHH
aynio, i apxiTekTypa, iMOBIPHO, Ma€ BHCOKY 3JAaTHICTh JI0 MOJEIIOBAHHS MOBH.
Tonke HanmamTyBaHHs Qwen3 /Uil yKPaiHCBKOI MOBH € I[JIKOM MOIIMBHM, MPOTE
norpedyBaTuMe 3HA4YHO OUTBIIOr0 HaOOpy MAaHUX (ULl MOBHOIIHHOT'O HaBYaHHS
HOBHX (hOHEM, a He JIMILIE aJjanTalii rojocy), HiX JUIs IHIIUX PO3IIIIHYTHX MOJEIICH,
3okpema OmniVoice. J[lns dyacTkoBoro po3B's3aHHA NPOOJIEMH JIOLUIBHO
3aCTOCOBYBAaTH TpaHCUiTepauilo abo ¢QoHemMHe nepeTBopeHHs Tekcty B [PA
(International Phonetic Alphabet, Mixxnapoguuii QoHeTHuHuUi andasiT) nepexn
noaa4ero B Mozeins. [Ipu npomy nomuinpHime cnuparucs He Ha qocBin IndexTTS2,
SIKYy HaBYaJId BHKIIOYHO Ha (oHeMax, a Ha nocBix F5-44, sky HaBuamm Ha
ribpuaHoMy Habopi AaHHX, IO MOeAHYE rpadeMHi Ta (POHEMHI MPeICTaBICHHS.

5 TlapameTpu BUKOPHCTAHHS MojieJiell y excrryarauii (production)

5.1 KiionyBaHHs roJiocy Ta BUXi/IHI ay/1ioXapaKTepHCTUKH

Jns1 Garatbox creHapiiB BUKOPUCTAHHSI KPUTHYHO BOXKIHBOIO € 3IaTHICTh MOJIEJIi
reHepyBaTH 3BYK i3 3alaHUM TeMOpPOM (KJIOHyBaHHs1) 200 CTBOPIOBATH HOBI I'OJIOCH
3a OMUCOM (AM3aifH roJIoCy), a TAKOXK SKICTh BUXIJHOTO ayio, IO BH3HAYAETHCS
YaCTOTOIO JAMCKpeTH3aLil.

OmniVoice. OmniVoice reHepye BHUXiJHE ay/i0 3 YaCTOTOO JHUCKpeTH3amiil 24
k['1 (TumoBe 3Ha4YeHHs i cydacHux T2S (text-to-speech) moneneit). Monens mae
Cy4acHi MOXKJIMBOCTI zero-shot KJIOHyBaHHS rojocy 0e3 10JaTKOBOrO JOHABYAHHS:
JUTSL IBOTO IOCTaTHBO pedepeHcHoro ayaio TpuBaiictio 3—10 c.

Mozenb Takox Ma€e PYHKIIF0 aBTOMATHIHOT TPAHCKPHUIILT pedepeHCHOTo ay/1io
3a oromororo BOymoBaHoi monesi Whisper (SKIo TeKCT ped)epeHCHOTo 3anucy He
HaJaHO BpY4YHY); 1 (YHKIIS BXe CTaja CTAaHJAPTHOIO Ui 0araTrbox CHCTEM
(manpuknan, FS) i1 copomrye aBromaTmsaiito mporeciB. OKpiM KIOHYBaHHS,
OmniVoice Mae moTyxHy mifcuctemy Voice Design, 1110 103BOJIsIE CTBOPIOBATH HOBI
TOJIOCH, 33J]AF0YH B TEKCTOBOMY OIIHCI Taki aTpHOYTH, K CTaTh, BiK, BUCOTA TOJIOCY
Ta akueHT. s BUMagKoBOro BHOOPY ToJIOCY MiACHCTEMa HMIATPUMYE PEKUM Auto
Voice.

Qwen3-Audio. Mogeni cimeiicta Qwen3-TTS (BKiIOUHO 3 MOmHDiKaIisIMU
Base, CustomVoice Ta VoiceDesign) Takox CHHTE3YIOTh ayaio 3 4acToToro 24 k'
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Qwen3 31aTHAa NPaKTHYHO MUTTEBO BHKOHYBATH Zero-shot KIIOHYBaHHS royocy 3a
pedepeHcHuM 3ammcoMm TpuBamicTio 3 c¢. Sk 1 OmniVoice, Monens MiITpUMYyE
CTBOPEHHSI TOJIOCY 3a TEKCTOBHM OIIMCOM, IO JIO3BOJISIE THYYKO I'€HEpYBaTH HOBI
roJjiocu 6e3 pehepeHCHHX 3aITUCIB.

Fish Speech S2. Cepen posrnsuyrux mozeneii FishAudio2 (3okpema Bepcist S2
Pro) Bupi3HA€THCS HANBHIIOIO YaCTOTOIO JUCKPETH3AIlii BUXiMHOTO ayio — 44,1 k[,
mo 3abe3nedye CTyAilHY sSKiCTh 3By49aHHS 0e3 0OMEXEHHs BHCOKHMX 4YacToT. [yt
TOYHOTO Ta CTabLIBLHOrO KIOHYBAaHHs roynocy 0e3 JOHABYAHHS MOJENb MOTpedye
pedepencHoro ayaio 6inbrroi TpuBanocti — Bix 10 1o 30 c.

VHIKaJIbHOI MOKITHBICTIO apXiTEKTYpH € HATHBHA MYJIBTHIHKTOPHA T'€HEeparlist
(multi-speaker generation): Monenb J03BOJISIE BUKOPHCTOBYBATH pi3Hi TOJIOCH B
MEXax OJHOrO KOHTEKCTHOTO BiKHa (TOOTO OJHOTO 3amMTy) IS CTBOPEHHS
cKkyaHuX fianoris. IIpy bOMY He BHHHKAE 3aTPHMOK, TIOB'SI3aHHX 3 IEPEMHUKAHHIAM
MOJIEJICH UM Tepe3aBaHTaKCHHAM Bar.

5.2 I'panyasipHe KepyBaHHsl HapaMeTPaMH aKyCTU4YHOI reHepauii

MOKITHBICTh IETEPMIHOBAHOTO KEPYBaHHS iHPEPEHCOM € KPUTHYHOK BUMOTOO
JUTsL CyYaCHUX CHCTEM JAyOJsiKY, CTBOPEHHS ayJiOKHHI, iIHTEPAKTUBHHX TOJIOCOBHX
areHTiB TOII0. BUMOTH MIOJ0 KepyBaHHS TPHBAIICTIO, IIBUJKICTIO Ta €MOLIHHO-
CTHJIICTHYHUMH XapaKTePUCTUKAMH MOBJICHHS 3HAYHOI MIpOK PO3KPHBAIOTH
(dyHAaMEHTaNIbHI BIIMIHHOCTI MiXK MOZCIISIMH.

5.2.1 KepyBaHHs1 TpMBAJiCTIO Ta LIBUAKICTIO iHdepeHcy

KepyBaHHs TpPHUBAiCTIO CHHTE30BAHOTO AayAi0 Ta TOYHMIl KOHTPOJIb TEMITY
MOBJICHHS € HalicalImmM MicteM Oinbiiocti AR-crcTeM, OCKiTbKH BOHU T€HEPYIOTh
3BYK TOKEH 32 TOKEHOM 0€3 I7100a1bHOr0 KOHTPOJTIO.

3 ormwiny Ha ne OmniVoice € 0e33amepedyHUM JIEPOM 3a ILMM KPHUTEPIieEM.
3aBIKH HEaBTOPETPECiiHIi apXiTEeKTypl MOZAEIb Ma€ JIOCTYII 10 IIOBHOT'O KOHTEKCTY
MOCJIIJOBHOCTI MiJ] Yac iTepaTUBHOI'O PO3MACKYBaHHs;. AHali3 MPOTPaMHOrO KOIY
cBiguuTh, O Ha piBHI odinifinoro API (Application Programming Interface,
MIPUKJIAAHUN porpaMHuii inTepdetic) (depes kiaac OmniVoiceGenerationConfig a6o
napameTpH pynkuii model.generate()) KoprcTyBayam i OCITiAHUKAM JOCTYIHI ABa
napametpu: duration Ta speed. Ilapamerp duration (tun float) no3sonsie 3amaru
(ikcoBaHy TPHBAIICTh BHXIJHOTO ayaio B cekyHnmax. Hampukman, sikimo ¢pa3sy
HEeoOXiIHO 03By4uTH piBHO 3a 10,0 ¢ W1 TOYHOI BiANOBIAHOCTI YaCOBHM MiTKaMm,
MOJEb aJANTy€ BHYTPILIHIA TEMIT MOBICHHs I/ IOCATHEHHsS Li€i MeTH; el
rnapamMeTp Ma€ HaWBHIIHMA MPIOPHUTET 1 MOBHICTIO MEPEKPUBAE 1HIII HAJAIITYBaHHSI
mBuakocti. [Tapametp speed (tun float) mpamtoe sk xoeditient (anamoriduo FS):
3HadeHnst > 1.0 npumBuaiye tem, a < 1.0 — ynoBiIbHIOE HOTO.

Ile omHi€l0 BaXKITMBOIO MOXMJIMBICTIO KepYBaHHS TPUBATICTIO € aBTOMAaTHYHE
pO3OHTTS IyXe MOBTUX TEKCTiB (HANPHKIAL, ISl ayTiOKHWT) Ha CErMEHTH 3a
noriomororo mapametpiB audio_chunk duration (3a 3amoBuyBanHsM 15.0 ¢) Ta
audio_chunk threshold, o rapantye crabinbHe ciokuBants VRAM He3aneKHO Bif
o0csry BxigHoro Tekety. [loniOHuMit miaxia peanizoBano Takox y F5.

Qwen3-Audio Takox MATPUMY€e KepyBaHHS MIBUAKICTIO, MPOTE BiIMOBIIHI
MexaHi3Mu peainizoBaHo iHakmie. Odimiitai API-cepBepn (30kpema po3mIMpeHHS
VLLM-Omni a6o BnacHi peamizamii Ha ocHOBi FastAPI) mo3BomsitoTs mepemaBaTH
nmapameTp speed y miamasowi Big 0.25 no 4.0. Lleii mapameTp CyTTEBO BIUTHBAE K HA
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MIBUJIKICTh CHHTE3Y, TaK 1 Ha TeMIl BiATBOpeHHA. Qwen3 Mae 1ie OJuH MiaXif JIo
KEpyBaHHS MIBHIKICTIO, LIO IPYHTY€ThCS Ha CEMaHTUYHOMY KOHTpOJI: MOJEIb
3/aTHA IHTEPIIPETYBAaTH TEKCTOBI IHCTPYKIi (HAaNpHKIIaA, «JUTail MOBUIBHIIIEY) it
aJanTyBaTH TeMO Ha piBHI reHepauii TOKeHiB. [ 1bOrO BHKOPUCTOBYETHCS
anroput™ ARIA (Adaptive Rate Interleave Alignment), sikuif TUHAMIYHO y3TOIKye
OJIMHMIII TEKCTy Ta MOBJICHHS, MiHIMI3yHOUM HECTaOUIBHICTh, IO BUHHUKAE Yepe3
pi3HY e)eKTHUBHICTB KOJIyBaHHSI MOJIAJIbHOCTEH. J[eTalIbHUIA aHaIi3 [IHOTO AIFOPUTMY
€ MePCIICKTHBHAM HAIPSIMOM IOABIINX JOCIi [PKCHb.

FishAudio2 mae HalimeHIe 3aco0iB KepyBaHHS TPHBAJICTIO. AHAJI3 3alUTIB y
perozutopii GitHub cBimunts, mo y Bigkpuromy BuximHomy koxi (Fish Speech
S2/1.5, ocranns Bepcis cranoM Ha 19.06) 06a30Bi iHCTpyMeHTH iH(epeHCYy He
MATPUMYIOTH TTApaMEeTPiB MIBUIKOCTI UM TPUBAJIOCTI, X04a XMapHuii APl xommanii
Fish Audio Taxwii mapameTp niarpuMye. BinmosinHo, ToKanbHI po3ropTaHHI MOIEIN]
3aBKAM TEHEPYIOTh MOBIICHHS 31 CTaHAAQPTHHM TEMIOM, 1 i #Oro 3MiHH
JIOBOJUTECSL 3aCTOCOBYBAaTH CTOPOHHI anropurMu moctobpobkn (Time-Scale
Modification). Ile HemHHyYe NpPHU3BOJAMTH MO TOTIPIIEHHS SAKOCTI 3BYKY,
CIIOTBOPEHHS (ha3H Ta MOSBU POOOTU30BaHUX apTe(aKTIB.

Bapro Takox BigzHauuTH, Mo noxigHa Monenb IndexTTS 2.5 e meprmoro AR-
MOJIEJUTIO 3 KEPOBAHOIO TPUBAJICTIO, TOAl sk 6a3oBa Fish Speech y morouHiii Bepcii
€ BKpaii 0OMEKEHOIO B ILOMY aCIIeKTi.

5.2.2 Emounii Ta cTmiricTuka

Bumora 1o emowiiiHOi BHpa3HOCTI (expressiveness) € OOOB'I3KOBOIO IS
CTBOpeHHs npupoaHux nianoriB. Tpagumiiino FishAudio2 BBaxkaeThcs onHiero 3
HaWCUIIBHIIINX MoJesel eMoliiHoro cunre3y. Bukopucranus LLaMA sk 6azoBoi
MOJeJi [J03BOJIsi€ ili TJIMOOKO BpaxOBYyBaTH CEMAHTHUKY TeKCTy. Y Momemi
peaii3oBaHO MEXaHi3M TaK 3BaHUX «M'SKUX IHCTPYKIii» (soft instructions) y dpopmi
TEKCTOBHX OITUCIB, LIO J03BOJISIE KOPHCTYBAa4YeBi 3a1aBaTH OakaHi eMOLiiiHI cTaHU
(cMyTOK, THIB, paicTh) MiJ Yac iHpepeHcy. BoaHovac mij yac JOHaBYaHHSI HOBOT'O
rojiocy MOKe BHHHKATH Taka Mpodiema: Ko pedepeHcHuid Hallp TaHUX MiCTHTh
aKyCTHM4HI MITKM CTWIB (Hampukmazn, [whisper]), Mozelb MOXE JKOPCTKO
MOB'SI3yBaTH 1li TEr'M €MOLIH BHKJIIOYHO 3 KOHKPETHUM [MKTOPOM, BTpayarouu
3MaTHICTh MEPEHOCHTH BIAMOBIAHI emMolii Ha iHm romocu. Qwen3-Audio peanizye
SIKICHO HOBHH TMiAXiJ A0 KepyBaHHS EMOIISMH. 3aBISKH MyJIbTHMOIAIbHIN
apxirektypi Thinker-Talker, onwmcaniii Buile, MOJeNb MIATPUMY€E HACKPI3HUI
KOHTPOIIb €MOIIi}i Ta mpocoii uepe3 cucteMHi iHcTpykuil (mpominry). Hampukaz,
NepeIaBIly IHCTPYKIII0 «TOBOPH CXBHJIBOBAHO, 3 Tay3aMu», KOPUCTYBad OTPUMYE
BimoBiqHUI akycTuunuil edexr. Cepen BiIOMHX aBTOpaM MOJeNell aHaTIOridHHX
MoXxIHBOCTel He BusiBiIeHo. Qwen3-TTS 31aTHa afanTHBHO HANAINTOBYBATH TOH i
PHUTM He JIMIIE HA OCHOBI SIBHOT IHCTPYKIIiT, @ i 3 OMIOPOIO HA CeMAaHTHYHE PO3YMIiHHS
camoro Tekcty. Ilpy I1bOMy MoOJeNb KOPEKTHO BHM3HAuYae€, IO OKpeMi cioBa
moTpeOyI0Th IPOHIYHOTO YW CYMHOrO TOHY (Il MepeBipeHO Ha POCiHCHKOMOBHHX
Tekcrax). OmniVoice pearnizye eMoIiiHIN KOHTPOIIb Yepe3 cucreMy Voice Design,
OIHUCAHy B PO3/iJI PO KJIOHYBaHHS roI0Cy. 3aMiCTh KIOHYBaHHS HasBHOTO TOJIOCY
KOPHCTYBa4 MOXE CTBOPDUTH HOBHH, 3aJaBIIM JeTamizoBaHi atpulOytu: gender
(cratp), age (Bik), pitch (Bucora Tomy), dialect (akuenr) Ta style (Hampukian,
whisper). Okpim rnobamsaux crumiB, OmniVoice 3abe3redye BHCOKHH PiBEeHBb
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TOYKOBOT0 KOoHTpOo (fine-grained control), sikuif peasni3oBaHO IUIIXOM BCTABJICHHS
HeBepOaIbHUX CHMBOJIIB Oe3HocepeJHbO B TEKCT. [liNTpUMYHOThCS, 30KpeMa, Teru
[laughter] (cmix), [sigh] (3iTxanHs), [surprise-oh] (3nuByBaHH:). Taka MOXIHMBICTE €
KPUTHYHO BaXJIMBOK JUISl TeHepauil mpupoaHuXx aiajioriB. KOpHCHOW € Takox
MOYKJIMBICTh BUIIPABJICHHS IOMUJIOK BUMOBH LIISXOM IPSIMOTO BCTaBIICHHs (hOHEM
31 CIOBHUKA Y KBQJpaTHUX dyKKaxX. J[s yKpaiHCBKOI MOBU Ii¢ €(QEKTHBHUI
IHCTPYMEHT POOOTH 3i CKJIaJIHOO JISKCHKOFO Ta 3aII03MICHHIMH.

5.3 [IpoayKTHBHICTH Ta 00YNCTIOBAJIbHA e()eKTUBHICTH

VYci HaBenmeHi Jnami 3HaYeHHS OTpuMaHO Ha iHctanci AWS (Amazon Web
Services) 3 wotmpma rpadivanmu npouecopamu T4 (mo 16 I'b) 6e3 Oynp-skoi
orrruMizantii iHdepeHrcy. [IpoyKTHBHICTS CHHTE3Y OIIHIOIOTH 32 JIBOMa OCHOBHUMH
METpUKaMH: 3aTpuMKOr mnepmioro makera (Time-to-First-Audio, TTFA), wmo
XapakTepHU3y€e Jac XOJIOAHOTO CTAPTY VIS TOTOKOBUX 3aCTOCYHKIB, Ta KOE(ili€eHTOM
peanbHoro dacy (Real-Time Factor, RTF) mnst odnaiin-renepanii. 3uauennst RTF <
1,0 o3Havae, mo iHpEpeHC BUKOHYETHCS IIBHILIE 3a peanbHuil yac. OmniVoice €
Ge33arepeyHiM JTiiepoM 3a moka3HukoM RTF, 110 3yMOBJIEHO HeaBTOpPErpeciiHoo
apXIiTEeKTypoIO, sIKa JI03BOJISIE TCHEPYBATH BCi TOKCHH MapajielibHO. 3aBISAKU 1bOMY
OmniVoice gocsirae RTF 0,025, To6ro mBuakicts cuaTedy B 40 pasiB nepeBHIILye
peanbHuii yac. [t 10AaTKOBOro MPUIIBHAIICHHS HA MEHIII TOTYKHOMY 00J1aIHaHHI
PO3POOHUKH MPOMOHYIOTH 3MEHILIUTH KIJIBKICTh ITEPaTHBHUX KPOKIiB PO3MAaCKyBaHHS
num_step 3i craHgaptHUx 32 g0 16, 010 HE3HAYHO 3HU3HTH SIKICTh, aje Iie OibIe
MPULIBUILINTG CUHTE3. [lapaMeTpu ceMIUTIOBaHHS, Taki SK position_temperature Ta
layer penalty factor, 103BOJIOTH HaMAITYBAaTH OAJIAHC MiX SKICTIO Ta IIBUAKICTIO
reHepalii; IX BIUIMB y IIbOMY JOCIIJUKCHHI €KCHEPUMEHTAJIbHO HE IepeBipsBCs.
Qwen3-Audio, 3a 3asBoI0 PO3pPOOHHKIB, OpPIEHTOBaHA HA MIHIMI3AIil0 3aTPUMKH
TTFA mns ronocoBux acucteHTiB. PO3pOOHUKH CTBEP/KYIOTb, 1[0 BUKOPUCTAHHSI
JIETKUX Kay3aJbHUX 3TrOPTOK JO03BOJIIE JOCSITH TEOPETUYHOI HACKPI3HOI 3aTPUMKH
234 Mc y pexuMi XOJIOJHOrO CTapTy Ta 97 MC y MIOTOKOBOMY PEXKUMi. Y BIACHHX
eKCIIepUMEHTaX OTPUMAHO 3HaueHHs, NpuOim3HO y 2-2,5 pasa Bumi. Takox
MOBiOMJIIETHCS, 1110 3aBasiku onrtumizauisM (Flash Attention 2, torch.compile) Ha
rpadiunux nporecopax cepii RTX 3090 mozens mocsirae RTF 6musbko 0,65-0,70
(Takoro piBHs He BHAnOCS A0cArTH st Mozxeni F5 3 wactororo 24 kI Ha T4).
FishAudio2 npopeMoHCTpyBaia HaWHIKYY IIBUIKOIIO Cepel] YCiX PO3MISIHYTHX
moneneil. Benukuit oOcar mapamerpiB (4,4 wmapn aus  cepii S2) pobuth
aBTOperpeciiHuil CHHTE3 00YKCITIOBAIIBHO 3aTPATHUM: IIBUIKO/Iisi MO OLIBII HiXk
yaBidi (3a7€KHO BiJl JOBXHHH TEKCTy) moctymaethcsi Qwen3-Audio. 3a manumu
PO3pOOHUKIB, HABITH Ha MpoMHUcIOBOMY TpadiuHomy mporiecopi NVIDIA A100 RTF
cranoButh 0,15-0,25, a Ha obnaananHi cepeansoro pisast (RTX 4060) 3pocrae 1o 5,
TOOTO reHepallisi BiAOyBaeThcss y 5 pasiB MOBUNbHIIIE 32 peanbHuii yac. Tomy Ha
rpadiunux nporecopax Tesla T4 Buxopuctanus FishAudio2 B pexumi peansHOro
Yacy HEMOXJIMBE, 1 MOJENb NpHIaTHa Jumie a1 oduiaifH-CHHTE3y TEKCTOBHX
MAacHBIiB.

6. ITinroToBKAa HAGOPIB JaHUX /IS JOHABYAHHS MOJeJiell yKpPaiHChbKOI MOBH

SIKiCTh KiHIIEBOTO YKPaiHCBKOTO TOJIOCY 3aJIC)KUTh HE JIUILE BiJl apXiTEKTypH
MOJIei, a i Bii CyBOPOTO JOTPUMAaHHS BUMOT 0 MiATOTOBKH Ha0OpiB AaHuX. KoxkHa
3 PO3IIISIHYTHX MOJIEJICH BUKOPUCTOBYE BJIACHHUIN KOHBEED MiJIrOTOBKU JIAHHX.
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6.1 MinimaabHi 00csaru HadopiB JTaHUX

Bumorn no MiHiManmeHOrO 00csATy HabOpy AaHWX UL TOHKOTO HATAIITYBaHHI
CYTTEBO BiJIPI3HAIOTHCS 3QJIC)KHO BiJI TOTO, UM MiATPUMYE 6a30Ba MOJICITh BiIIIOBIIHY
MoBy. Qwen3-TTS: st 6a3oBoro KiIoHYBaHHS TeMOpY aukTopa (LoRA) MiHiManbHO
JOCTaTHiI 00CAT TaHUX CTAHOBHUTH OJIU3BKO 5 XB (1prbam3Ho 30 ayniodparMeHTiB),
TOJI SIK ONTHMAIBHHUNA 00csT 11t ctadiimpHOro roocy — 10-30 xB. IIpoTe, ocKiTbKH
MOJZIeNIb HE MiATPHMYE YKpaiHCBKY MOBY, TaKOro OOCSATY BHCTAYHTH JIMILE JUIS
BIZITBOPCHHsI TEMOpY; Ui HaBYaHHS HOBUX (POHEM Ta YCYHEHHS BHPaKCHOIO
aKIEeHTy TMOoTpiOeH 3HayHO OLTbImMKE HaOlp HaHWX, OOCST SKOTO OILIHIOETHCS
monaiivenme y 100 roxua. OmniVoice: MoJens yxe 1o0pe BOJIOJi€ YKpPaiHCBKOIO
MoBor0. JIns SIKICHOrO J/OHaBYaHHS, OCOOJMBO I KOHKPETHOTO IHKTOpa 3i
cTabimizamier0  BMMOBHM,  DPO3POOHHMKHM  PEKOMEHIYIOTb  BHKODHCTOBYBaTU
monaiiMeHme 10 rogUH YHCTOrO0 HAaBYAIBHOTO ay/io. 3BaXkKaloud Ha OOMEXEHMI
JOCBIT poOOTH 3 €0 MOAEIIO, y JOCHIIKEHHI OpPIEHTYEMOCS Ha TOIBOEHE
3HaueHHst — 20 roamn. FishAudio2 (Fish Speech): o¢imiiini pexomenmamii mist
0a30BOro J0OHaBYaHHS NependavyaroTh MiHIMaIbHUN 00csr Habopy AaHMX moHazx 1
roguny. IIpoTe MpaKTHYHWIA MOCBIA CBiIUHTH, IO Ui TOJOJAHHS POCIHCHKOro
aKIEHTy HeoOXiJHO a00 BUKOPHUCTOBYBATH HabopH JaHuX obcsirom 6:1m3bko 200-300
rojiuH, b0 3aCTOCOBYBATH ABOCTANHUI Mmixix (50 rouH 3araabHOrO YKPaiHCHKOTo
aynio + 20 rouH HiNBOBOrO UKTOPA).

6.2 Qwen3-TTS

[MigroroBka Habopy nmaHux misi ciMeiictBa Qwen3 € HaiOIIBII BUMOTIIUBOIO,
OCKIJIBKH 111 MOZICNIb HaWCyBOpillle perjiaMeHTye TexXHidHi napamerpu. OCHOBHOO
BHUMOTI'OIO0 € YacToTa AucKperw3amii ayaio 24 k[ AHami3 KoIy CBiIYMTh, IO 32
4acTOTH BXifHOro ayamio 16 kI'n KoHBeep TeHepalii KOAEKIB HE BHSBILIE 1[I0
HEBIINOBIHICTh Ha MOYATKy, a BHAac NoMmiky AssertionError yxe B mporeci
HaBYaHHsI, 10 MPHU3BOJUTH 10 BTpaty 4yacy. Lo mpobiemy crocrepiranu y Bepcisax
2 1 3. Orxe, yci ayniogainn HeoOXiTHO MONEpeHbO MePeaUCKPeTU3yBaTu 10 24
k['u. @opmar ganux nependayae crBopenns daitty JSONL (JSON Lines — ¢popmar,
y SKOMY KOXEH PSIOK MiCTUTh okpemuil 00'ekt JavaScript Object Notation), ne
KOXKEH 00'€KT MICTUTh IULIXU A0 LiboBoro aymio (audio), TpaHckpumiito (text),
eraionHe aymio mukropa (ref audio) Ta imenrudikarop mukropa (speaker). ami
3aIyCKa€eThesl CKpUNT prepare_data.py, sikuit 3a TOMOMOro0 ToKeHizaropa Qwen3-
TTS-Tokenizer-12Hz nepetBoproe BHXiHE ay1i0 Ha 6araToKOIOBI MPEACTABICHHSI
audio_codes i crBoproe HOBuil MaHidecT train_with codes.jsonl. Ixcrpykmil
PO3pOOHUKA HATOONIYIOTH HAa HEOOXIAHOCTI BUNANICHHSI 3 TPAHCKPUIILLiit Oy b -SIKHX
HEMOBIICHHEBUX TeriB (HAMPHKIAA, aHOTAIil CMiXy), OCKLIbKA BOHH MOPYIIYIOTh
poOOTy MexaHi3My HaBUaHHS BEKTOPDHHMX NpPEACTaBlIeHb AuKTOpa. Kpim Toro,
JOofaBaHHs piBHO | ¢ THINI B KiHEllb KOXXHOTO HABYAJIBHOIO ayiodparMeHTa €
KPUTHYHHMM JUIsl YHUKHEHHS aHOMAJBHOTO INPUCKOPEHHS MOBICHHS HANPHKIHII
3reHepoBaHuX ¢pa3 mija yac iHdepeHcy.

6.3 OmniVoice

OmniVoice BukopucroBye popmar 30epiranus WebDataset, sikuit € hakTnaHM
CTaHIAPTOM JUIS HABYaHHA BEJIMKUX MOJENeH, OCKIUIBKH CYTTEBO 3MCHIIYE
HaBaHTAXXEHHS Ha MijcucteMy BBeaeHHs-BuBeneHHs (disk I/O, input/output). Hami
30epirarotecst He y BUrILsiAl Tucsy okpemux WAV-gaiinis (Waveform Audio File
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Format): HaromicTe kopucryBau (opmye BuximHuii ¢aitn data.lst abo JSONL 3
aOCOIOTHUMH IIUBIXaMU JI0 ay/1i0 Ta TPAaHCKPUIIIIMH.

[Nomanpmmii ommc HaBe#eHO 3a JOKYMEHTAII€l0 PEHO3UTOPII0 PO3POOHUKIB.
HeoOximHo 3amyctutm ckpunt extract audio tokens, skuii 00poOiisie aymio,
NIepETBOPIOE HOr0 HAa MAacHBH TEH30PIB .Npy Ta MaKye y BEJHKI tar-apXiBu (IIapan),
KOXKEH 3 SIKMX MICTHTh THCSYi BEKTOpiB. IlapajenbHO JUIsi KOXXHOIO IHapay
reHepyroThes ¢aim Meranannx JSONL. Takuit minxin 3a0e3neuye MaKCHMAIBHY
MPOMYCKHY 3[aTHICTH Iijl Yac YMTAHHS JAHUX 3 JUCKA B IPOLECi PO3MOALICHOro
HaBYaHHSI.

6.4 FishAudio2

Hns Fish Speech mimroroBka nanmx mnepenbadae HasBHICTH ayaiogailimiB Ta
BIJUIOBITHUX TpaHCKpunuid y d¢opmari .lab. [Ins yHUKHEHHS 3MIIIyBaHHS 3
POCIHChKOIO (POHETHKOIO BaYKIIMBO SIBHO JI0JJaBaTH MOBHUH Ter (Hanpukiaz, [uk]) Ha
II0YaTOK KOXKHOTO .lab-¢aiiny miJ yac HaBYaHHS, IO AOTIOMarae Mojei chopMyBaTi
IpaBWIIBHI BHYTPIIlIHI acorjarii.

7. loHaB4aHHSA MojeJieil Ha KJacTepi 3 YOTHPbOX rpadivyHUX NMpouecopis
Tesla T4

V wiit 9acTUHI TOCIiHKEHHS IPOaHai30BaHO MOXKIIUBICTh JOHABUAHHS MoeIeit
Ha KOHKPETHOMY arapaTHOMY 3abe3rneueHHi — iHcTtanci AWS, 1o MICTUTh YOTHpH
cepBepHi rpagiuni npouecopu NVIDIA Tesla T4.

7.1 AnapatHi o0me:xeHHs1 apxiTekTtypu Tesla T4

Ha ocHoBi HasiBHOTO n0cBiny ontumizauii inpepeHcy mozeni F5 Ha T4 moxHa
c(hOpMyJIIOBaTH OCHOBHI 0OMEKEHHS 11i€1 apXITEeKTypH.

Tesla T4 noOynmoBana Ha apxitektypi NVIDIA Turing (oGuuciroBanbHa
MoxuBicTb sm_75). Koxxen rpagiunuii npouecop mae 16 I'b Bineonam'sti GDDR6
(Graphics Double Data Rate 6) ta 320 ten3opuux sizep Turing. Ha MoMeHT Buxomy
ne OyB MOTYXHHH IIPUCKOPIOBAaY, INPOTE€ B KOHTEKCTI CYYaCHOIO HaBYaHHS
ayZioMo/iesiell BiH Ma€ TPH KPUTHUYHI HEJJOMIKH.

1. Oomexennii obcsir VRAM: 16 I'b Ha oaumH rpadiunuii mpouecop
HenocTaTHho Ui noBHoro (full-parameter) noHaB4YaHHS MoJeENei 3 MiUTbIpIaMu
napamerpiB. Ile 3Myllye 3acTOCOBYBaTH METOJM IapaMeTpUYHO-e()EKTHBHOIO
nonasuanus (Parameter-Efficient Fine-Tuning, PEFT), 3okpema LoRA (Low-Rank
Adaptation), Ta/ab0 anropurmu mapUHry craHiB ontumizaropa DeepSpeed ZeRO-
2/3 (ocTaHHili 3acTocoByBaBcst mij yac HaB4aHHsd IndexTTS2).

2. Bincyrnicte mintpumku BFloat16: apxitektypa Turing amapaTHo He
miarpumye ¢opmar ganumx bfloatl6, skuii € craHmapToM Uil CyYacHHX
TpaHc(hopMepiB 3aBISIKK IUPOKOMY TUHAMIYHOMY fiana3oHy. Lle 3myIrye HaB4YaTH
moneni abo B MeHmn crabinmbHOMy (opmari floatl6 (3 pU3UKOM 3HHKHEHHS
rpajienTiB), abo B moBinbHimomy float32.

3. O6mexenuii o00csAr po3mofiieHol maM'siTi: HAa KOXEH IOTOKOBHA
myabtunponecop T4 mpunamae onussko 64-99 Kb posnoxinenoi mam'sti (shared
memory) Ha Omok. Ile OoOMEXeHHS € KIIOYOBOK MPOOIEMOI0 UIS CYyYacHUX
peaunizariii siep Mexanizmy ysaru (attention kernels).

7.2 OmniVoice

Tonke HanamryBanHs OmniVoice Ha knactepi Tesla T4 Ha nepumwid mormsy €
ONTHMAITFHAM BapiaHTOM, OCKUIBKH MOJIeNb Mae numie 0,6 MiIp mapaMerpiB i Jerko
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BMimmyeTses B 16 'B VRAM. Iporte, sk cBiquaTh JOKYMEHTAIIiS Ta TPOTPaMHUH KO,
CTaHAAPTHHUI HaBUaubHMII KoHBeep OmniVoice JKOPCTKO NPHB'S3aHHUN 10O
onrruMizoBaHoro siipa flex attention (3 xommisiTopoM Triton), mpH3HAYEHOTO IS
00poOKyM yImakoBaHMX MHOCIiOBHOCTEH. Y pekmmi HaB4yaHHS siapo flex attention
aBTOMAaTHYHO HAJIAIITOBYEThCI Ha po3Mip Onoky (Hampukianm, 128x128), mio
notpeOye Omm3pko 128 Kb posmopineHoi mam'sTi Ha OJWH TOTOKOBHH OJIOK.
Ockineku T4 mae oomexxennst 99 Kb ma Omok, crpoba 3amyCTUTH CTaHAAPTHUH
ckpunt run_finetune.sh, HaifiMoOBipHIIIe, 3aBepIIMTHCS MOMIJIKOIO siipa Triton.
AwnanoriuHa mpoOnema BHHHKae Ha BciXx TrpadidHMX mporecopax, Kpim
nipuckoproBadiB piBHI A100 Ta H100, e o6csr po3noaineHoi mam'sti cTaHoBUTE 164
Kb i Oimpme. ToMmy po3poOHHMKM MoOnei Iiepefdadmiii pe3epBHHH MeXaHi3M
(fallback) — miarpumky crangapraoro Scaled Dot-Product Attention (SDPA) miz uac
HaBYaHHS. TakWil MIXil MIHPOKO 3aCTOCOBYEThCS B TPaHC(HOPMEPHUX MOJEIAX 3
00MEXEHHAMH I10JI0 PO3MOoiieHol naM'sTi. [Hiniani3yBaBIM MOJIENb 3 TapaMeTpoOM
attn_implementation="sdpa", MO>kHa TIOBHICTIO O00iIHTH OOMexeHHs mam'sti Triton.
Otxe, 3aB/IKH [[bOMY MeXaHi3My JoHaBuaHHs OmniVoice Ha KacTepi 3 YOTHPHOX
T4 € MOXIHMBHM, a 3 ypaxyBaHHSM HEBEIHMKOIO PO3Mipy MOJENi Ta IIBHAKOrO
3aBaHTaXeHHs JaHuX dYepe3 WebDataset — me W JOCTaTHRO IIBHIKHM Ta
e(PeKTUBHUM.

7.3Qwen3-TTS

Hns momeni Qwen3-TTS (Bepcist 1.7B) obcsar Bar y 16-0itHomy ¢opmari
nepeBuitye 3,4 I'b, mo pazoMm i3 rpaxieHTamu Ta craHamu onTuMizaropa Adam
HaOmwkaeTeest 10 Mexi 16 B VRAM ognoro T4 (3a HEoOXiZHOCTI MOXHA
BHUKOPHCTATH KBaHTOBaHUi1 BapianT Adam, sikuii moTpedye 3HaYHO MEHIIIE TTaM'sTi ).
HaBuannst MmoxxiuBe i3 3acrocyBanHsiM LORA Ta mapainenizMy JaHUX Ha YOTHPBOX
rpadiyaux nporecopax 3a monomororo DeepSpeed ZeRO-2 (po3poOHHKH TaKoX
3rajyrorh ppeiiMBopk ms-swift). Jlist yHukHeHHst moMuinok Hectadi mam'sti (Out-Of-
Memory, OOM) na T4 mig yac oOpoOku JOBrux ayaioparMeHTIB AOLIIBHO
BCTaHOBUTHU MiHiMabHUI po3mip makera (batch_size = 1 a6o 2) i kOMIeHCyBaTH Lie
HakomuyeHHsM rpanienTiB (grad accum = 16 a6o 32). Takumii miaxig yxe
3actocoByBaBcs i yac onemHoro HaBuanHs IndexTTS2. ['010BHUM BUKIIMKOM ITi [
yac poboru 3 Qwen3-TTS € HasBHICTH KPUTHYHHX QITOPUTMIYHHX MOMUIOK B
odiniiinnx ckpumnrax goHaB4YaHHs (30kpeMa sft_12hz.py), siki HEOOXiIHO BUIIPABUTH
mepes 3amycKOM TPOLeCY Ha yKpaiHCbKOMY HaOopi AaHuX. 3 Orisiay Ha ix
BA)KJIUBICTh, HI)KYE HABEJICHO LI IOMUJIKH T CIIOCOOU iX YCyHEHHS.

1. Tlommunka noagiitHoro 3cyBy MiTok (double label-shift): odiuiitauii ckpunT
CaMOCTIHO 3CyBa€ MITKU IiJbOBUX TOKEHiB, a BOymoBaHa (YHKIsS BTpaT
ForCausalLMLoss 6i6miorexkn HuggingFace po6uts 1ie moBropHo. Taka po30iKHICTh
MiXK HAaBYaHHAM Ta iHPEPEHCOM MPU3BOAUTH IO TOTO, MIO 3 KOXKHOIO EMOXO0
3rEHEpPOBAaHE MOBJICHHS CTA€ HEKOHTPOJIBOBAHO IIBHAKHUM 1 HEpO30ipIuBUM.
IMomunky ycysae mpsiMa 3amina Ha QyHkito F.cross_entropy().

2. BincyrtHicTh BUKIHKY text projection: y 6a30BOMY KOJi BiJCYTHsI MPOEKIIis
BEKTOPHHX MPEACTaBICHb TEKCTY B pocTip o3HaK Moy Talker. TekcToBi BeKTOpH
MOJIAIOThCsl 06€3 IEPETBOPEHHS, IO TIOTIPIIYE SKICTh HABYAHHS.

3. HexopekrHa mBuakicts HaBuanss (learning rate, LR): crangaprHe 3HaueHHS
LR = 2e-5 € 3ananro BucokuM ais moaeni 1.7B i cnpuunmsie pyiHyBaHHSI TOKSHIB
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kiHm nocnigoBHocTi (end of sequence, EOS), yHacniiok 4oro Moielts 6e3nepepBHO
rerepye ¢onoBuit mym. ToMy pekoMeHIOBaHO BUKOpHCTOBYBaTH LR = 2e-6 Ta
obmexuTH HaBdaHH 10 ermoxamu.

[Ticns BHECEHHS IIMX BUIPABIICHB IoHaBYaHHA Qwen3 Ha 4oTupbox T4 mae OyTu
YCIIITHAM.

7.4 FishAudio2

JletanbHe BHBYCHHS MOJICINI JIO3BOJISIE CTBEPJUKYBATH, IO JOHaBYaHHsA Fish
Speech (4,4 mipn mapamerpiB) Ha kiactepi 3 4oTupbhox Tesla T4 € Han3BUUaitHO
pecypco3aTpaTHiM. Po3mip Mozeni BuMarae o0oB'sI3k0oBOro BHKOpHCTaHHS LORA-
ajanTepiB BUKIIOYHO Ui KommoHeHTa LLaMA. JlocBin JoHaBUaHHSA JUIS
0oJrapchKOi MOBH CBiJTYNTh, IO HaBYAaHHS 0a30Boi Mojelni BIpoaoBxk 500 emox 3
po3smipoM makera 32 3aiiMae Onm3pko 44 TOAMH HA 3HAYHO MOTYKHILIOMY
rpadigyromy nporecopi NVIDIA V100. Bukopucranns gotupbox T4 3a0e3neuntsh
mapanenism ~ ngaHux  (Distributed  Data  Parallel), omgmak  BigcyTHicTh
BHCOKOIIBHAKICHOTO iHTepdelicy NVLink Mik rpadiuHuME mpouecopamu
CIPUYMHUTL 3HAYHI 3aTPUMKM CHHXpOHizauii rpajiieHtiB uepe3 mmHy PCle
(Peripheral Component Interconnect Express). BianosinHo, TOBHOIIIHHE JOHABYaHHS
JUIsL YKpaiHCBKOI MOBH MOXE TPHBATH KiJIbKa TH)XKHIB iHTEHCHBHHX OOYHCIICHb.
Heo0xi1HO Tako)X HaBECTH 3aCTEPEeIKEHHS PO3POOHUKIB, 3a3HaY€HE B JIOKyMEHTAIl:
HE PEeKOMEHIY€TbCS BUKOHYBATH JIOHABUAaHHS BEpCili Mojei, sAKi NMPONIUIM eTamn
HaBuaHHsd 3 migkpimieHHsM (RL), OCKUTbKM ILie CHpPUYUHSE 3CYB PO3MOIUTY
(distribution shift) i HeMHHYyYe MOTipIICHHS SKOCTI TeHeparlii.

8. BucHOBKH Ta pekoMeHaauii

V3aranpHeHi pe3yJbTaTH aHali3y TEXHIYHUX XapaKTEPUCTHK, JIHIBICTUYHHX
MOXJIMBOCTEH Ta amnapaTHUX OOMEXKEHb PpO3IVIAHYTHX MOJENed Iojo 3ajadi
JOHABYaHHs /Ul yKpaiHChKOi MOBH HaBeieHO B Tabmuni 1. Ha ocHOBI oTpumannx
pe3ysbTaTiB MOXKHA CTBEp/KYBATH, L0 HAWOLIBII NMPHUAATHOIO Uil JIOHABYAHHS
MOJIeTl YKpaTHChKOT MOBH Ha KiacTepi 3 4oTHpbox rpadiunux mporecopis Tesla T4
e OmniVoice. Ii mudysitina meaBTOperpeciiina apxitekTypa 3abesmedye TOUHE
KepyBaHHs TPUBAIICTIO Ta MWBHKICTIO MoBieHHs (duration / speed), 110 € oaHi€r 3
00OB'I3KOBHX BHMOT, SIKa B IHIIMX PO3MVSIHYTHX MOJENSAX HE BHUKOHYEThCS abo
BHUKOHYEThCs 4acTKoBO. ba3zoBa miarpumka moHay 600 MOB, 30KkpeMa YKpaiHCBKOI,
CTBOPIOE TIOTYXKHE JIHTBICTUYHE MiATPYHTS, LIO MiHIMi3y€ IOSBY POCIHCHKOTO
AKIEHTY 3aBIsKH MIHOOKUM KpociiHrBaapHUM 3B'si3kamM LLM. KomnakTauit po3mip
(0,6 mupa mapamerpiB) 3a0e3redye HaWBUIY UIBHAKICTH iH(pepeHcy. €aAuHO0
mpobiieMor0 € TexHiuHe OOMexeHHs apxitektypu T4 (HemocrtatHiii oOcsr
posmofinenoi mam'siti ans sapa Triton flex attention), sike mOMa€ThCs 3aBASKU
odiniitno miarpuMyBaHoMy nepexony Ha SDPA.

Qwen3-TTS e BaromMoro ajabTePHATHBOIO, 30KpeMa JJisi CTBOPEHHS [iallOrOBUX
areHTiB, 3aBIMKM HAHKpAIIOMy PO3yMIHHIO eMOLIHUX 1HCTPYKILii (depe3 CUCTeMHI
npomnt). If Torke HamamTyBanHs Ha T4 MoxuBe 3a gonomororo LoRA Tta ZeRO-
2. OpHak BiACYTHICT HATHUBHOI IATPUMKH YKPAiHCHKOI (DOHETHKM BHMarae
(dhopMyBaHHS 3HAYHO OLTBIIOrO HAOOPY MAHHUX [UIS HABYAHHS HOBHX (DOHEM 3 HyIIS.
Kpim TorO, HasBHICTH CEPHO3ZHUX MOMUIOK Y HaBYAJbHUX CKPUMNTaX (MOABIHHUIA
3CyB MITOK) mOTpeOyBaTUME KOPEKIii KOAy Ta CYBOPOrO KOHTPOIIO YaCTOTH
muckperm3anii (24 kl'm).
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Ta6auuns 1

JIiHrBiCTHYHI MOKJIMBOCTI Ta arapaTHi 0OMEXEHHsI pO3IIISIHY THX MOJIeJIeH 010 3a1a4i
JIOHABYAHHS JJIsl YKPATHChKOT MOBH

Kpurepiii OmniVoice Qwen3-Audio FishAudio2 (Fish
OIIHKHA (TTS/Omni) Speech)
ApXiTeKTypHa NAR nudysiitna | Aproperpeciiina MoE IMoxgiiina
6a3a (~0,6 mip1) (0,6 /1,7 mipn) aBToperpeciiina (4,4
MIIPJT)

OXOIUIEHHS MOB /

600+ MoB. Bucokwuit

[MixTprmka 80+ moB,

o0CsAT JaHuX IS

(yxpaiHchbka Bke

JUIs TeMOpY), COTHI

yKpaiHCcbKa KpOC-JIIHI BAJIbHUH HasBHICTH Tery [uk].
HOTEeHLiaN st IcHYIOTB yKpaiHCBKI
KUPHJIIHII. MOJEJI.
Buxinna yacrora 24 kI’ 24 xI' 44,1 k' (cryniiina
JMCKpeTH3aLii SIKICTB)
MOXITUBOCTI Zero-shot (3—10 ¢), |Zero-shot (3 ¢), nu3aiin Zero-shot (10-30 c¢),
KJIOHYBaHHS Voice Design, roJIocy 3a OMHUCOM  |HATHUBHI MYJIBTHIMKTOPHI
rosiocy aBTOMaTH4HA nianoru
TPaHCKPHITLLis
MiniManbHHI Bix 10 rogun 5-30 xBuiuH (TiNBKK > 1 roguHu (TeXHIYHUN

MiHiMyM), 50-240 roaun

ARIA.

JIOHABYaHHS HiITPUMY€THCS roMH (JUIs HABYAHHS (Ha mpaKTHLi JuIs
6a30B0) yKpaiHChKOT POHETHKH)| YKpaTHChKOT (POHETHKH)
Toune Bucoke. I'mobaineni | Cepenne. YnpapiiHus Husbke. [Tapamerp
yIpaBiIiHHSL APIl-nnapamerpu 4yepe3 CeMaHTHYHI LIBU/IKOCTI BiICYTHIN y
TPUBAJIICTIO duration Ta speed. | cucTeMHi MpoOMIITH Ta BIZIKPUTOMY KOJIi.

[KoHTposb emorin

Voice Design, rHyuKi|
HeBepOalbHi Tern

Bucoxuii. I'nn6oxe
PO3yMiHHS KOHTEKCTY

Bucoxkuii. TekcroBi
IHCTPYKUIT U1 ekcnpecii.

([laughter]). TEKCTY, CHCTEMHI
IHCTpYKLii.

IIpoxyKTHBHICTD Excrpemansna | Bucoka (TTFA 97 mc, Huseka (RTF 0,2 Ha
iH(epeHcy mBuakicts (RTF RTF =0,7). A100, y pa3u noBiibHile
(opienTtoBHi 0,025). Ha T4).
3HAYCHHS)

MOXJIHBICTD Bucoxka. Heobxinna | Cepennsi. [Totpebye Huspka. Hagzuuaiino

JIOHAaBYaHHS Ha 4 3MiHa KOy Ha  |BUIIPABJICHHS MOMIIOK | TPUBAIIC HABYAHHS Yepe3
x Tesla T4 attn_implementation y CKpHITTax i 4,4 Miupx mapaMeTpiB Ta

="sdpa". MiHIMaNbHOTO po3Mipy | oOMexenHs mmHu PCle.
ITaKeTa.
Kputepiit orinku OmniVoice Qwen3-Audio FishAudio2 (Fish
(TTS/Omni) Speech)

Bukopucranus FishAudio2 (Fish Speech) mis nonaBuanus Mozeni ykpaiHChKOT
MOBH € HaMEHIII IOIIJIBHUM CepeJl PO3IIISIHY THX BapianTiB. [lonpu HaiiBHIILy SIKiCTH
reHepanii eMOIIHHOr0 Ta BHPAa3HOI'O MOBJICHHS, a TaKOX [OBEICHY 3/aTHICTh
MpAIfOBaTH 3 KUPHWIHUIECIO, BiJCYTHICTh BOYIOBAaHOTO KEPYBaHHS IIBHIKICTIO
reHepamii y BiKpPUTOMY KOl € KPUTHYHOIO TEpPEeHIKOAOI0, 30KpeMa Juisi 3a1adi
ny6msxy. Kpim Toro, po3mip 4,4 Mipa napamerpis 3poouTh foHaBYaHH: Ha Tesla T4
HAQ/I3BUYAIHO TPUBAIUM 1 PECypCHO Hee(EKTUBHHUM, 1[0 MPU3BEAE A0 EKOHOMIYHO
HEBUIIPAB/IaHUX BUTPAT Yacy Ha PO3pOOKY.
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FINE-TUNING SPECIFICS OF AUDIO-MODALITY LARGE
LANGUAGE MODELS: OMNIVOICE, FISHAUDIO2
(FISHSPEECH S2) AND QWEN3 AUDIO
Dr.Sci., Peleshko D.%, Peleshko S.-D.?,

Dr.Sci., Vynokurova 0.3, Ph.D., Peleshko M.

13 Ivan Franko National University of Lviv,

2 Ukrainian Catholic University,

4 Lviv State University of Life Safety

Abstract. Building high-quality Ukrainian speech synthesis systems is hindered by the low-
resource status of the Ukrainian language and by limited available hardware. Modern audio-
modal large language models achieve high-quality zero-shot synthesis, yet their fine-tuning for
Ukrainian on mid-range graphics processing units (GPUs) remains insufficiently studied.
Objective. To conduct a comparative study of OmniVoice, FishAudio2 (Fish Speech S2) and
Qwen3-TTS in order to determine their fine-tuning capabilities for Ukrainian on a cluster of
four NVIDIA Tesla T4 GPUs. Methods. We analysed the architectural paradigms of the models
(non-autoregressive diffusion, dual autoregressive, and Thinker-Talker with mixture of experts),
their linguistic coverage, control over speech duration, rate and emotion, inference
performance, dataset preparation requirements, and the hardware constraints of the Turing
architecture. Results. OmniVoice combines built-in Ukrainian support, precise duration and
speed control and the highest inference speed (real-time factor, RTF, of 0.025); the shared-
memory limitation of the flex_attention kernel on T4 can be bypassed by switching to Scaled
Dot-Product Attention (SDPA). Qwen3-TTS provides the best emotion control via system
prompts but requires a much larger dataset to learn Ukrainian phonetics and fixes to its training
scripts. FishAudio2 produces the most expressive 44.1 kHz speech, but its 4.4 billion parameters
and the absence of speed control in the open-source code make fine-tuning on T4 impractical.
Conclusions. OmniVoice is recommended for fine-tuning a Ukrainian speech synthesis model
on a Tesla T4 cluster; Qwen3-TTS is an alternative for dialogue agents provided an extended
Ukrainian dataset is built.

Key words: speech synthesis; audio-modal large language models; fine-tuning; Ukrainian
language; OmniVoice; Fish Speech; Qwen3-TTS; NVIDIA Tesla T4; voice cloning; speech
duration control.
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