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DEVELOPMENT OF ALGORITHMS FOR DETECTING DEFECTS
IN THE CODE SEQUENCE STRUCTURE
ON THE SURFACE OF MODULATION DISKS

D.Yu. MANKO, IE.V. BELIAK, A.A. KRYUCHYN,
R.M. ISHCHENKGO, V.V. ZAVARZINA

Abstract. This study investigates algorithms for detecting and localizing defects in
code sequence structures on modulation disk surfaces. It targets small anomalies in
lithographically patterned elements that can cause readout errors or reduced measure-
ment accuracy. A multi-level image-processing model combines Gaussian smoothing,
adaptive thresholding, morphological operations, and contour-based segmentation.
Processing stages are formalized as mathematical operators for reproducible imple-
mentation. Defects are characterized using perimeter- and area-based metrics, and their
area distribution is approximated by a normal law. A spatial model computes defect
centroids, enabling comparative quality assessment of disk samples. The software pro-
vides an interface for tuning thresholds, visualizing contours and defect-area plots, and
exporting results. Tests on real defective disks confirm the method’s reliable detection
of local structural violations and its suitability for diagnostic systems.

Keywords: modulation disks, automated inspection, code sequence, microstructural
anomalies, image preprocessing, morphological analysis, contour segmentation.

INTRODUCTION

The integration of automated surface inspection methods into the technological
workflow of optical and micromechanical components, particularly modulation
disks, plays a crucial role in ensuring the accuracy and reliability of photoelectric
measurement systems [1-3]. Previous studies have reported that the formation of
high-precision coded structures on transparent substrates using photolithographic
techniques is often accompanied by the emergence of local defects. These defects
may result from technological inaccuracies, residual stresses, or surface contami-
nation [4—6]. In response to the growing demands placed on the metrological per-
formance of encoding systems, the development of effective technical diagnostic
procedures for the detection of defects within code sequences at submicron struc-
tural resolution has become increasingly relevant.

Traditional inspection methods based on visual assessment and manual sur-
face marking of modulation disks are significantly outperformed by modern ap-
proaches utilizing computer vision systems (Fig. 1). These advanced systems en-
able automated processing of digital images, integration with production lines,

© D.Yu. Manko, le.V. Beliak, A.A. Kryuchyn, R.M. Ishchenko, V.V. Zavarzina, 2025
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and real-time adaptation to new requirements through the implementation of neu-
ral network algorithms [7]. The development of corresponding algorithms for the
structured analysis of modulation disks is considered a priority direction in ad-
vancing the technology of high-precision optomechanical component fabrication
and verification.

—‘ Expert judgement ‘—

* visual inspection of samples

¢ defects manual labeling

E automated system monitoring

integration of software tools

‘ Software algorithms ‘

 preprocessing of input data

« mathematical modeling

T integration of adaptive techniques

growth in resource consumption

— ‘ Machine analysis | —

« statistical methods of analysis «

« neural network architecture

Fig. 1. Evolution of automated inspection tools for code sequences on modulation disks

An analysis of scientific studies devoted to the automation of defect detec-
tion in binary structures formed during the photolithographic deposition of code
sequences reveals the active development of two principal approaches: classical
algorithmic solutions [7—10] and machine learning-based methods [7; 11-14].
The first category focuses primarily on traditional image preprocessing tech-
niques, including filtering, adaptive thresholding, segmentation, and morphologi-
cal transformations [8—10]. These methods allow for both the restoration of the
digital image matrix and the basic detection of structural anomalies. However,
such approaches exhibit limited adaptability to changes in illumination, local dis-
tortions, and micro-scale defects, which are common in coded patterns produced
by photolithographic processes. The second category of research emphasizes the
use of neural network architectures, particularly convolutional neural networks
(CNNs), autoencoders, and transformer-based models [11-14], which offer supe-
rior classification accuracy and enhanced generalization in the presence of in-
complete input data and high noise levels. Nevertheless, the implementation of
these solutions imposes substantial computational demands, often requiring
graphics processing units (GPUs) or tensor accelerators, which complicates their
deployment in software systems operating in real-time environments [11-14].
Furthermore, training neural network models necessitates the preparation of large
datasets of annotated digital images with labeled defects, which may be infeasible
in production settings with a limited number of representative samples. These
considerations highlight the need for a comprehensive methodology that com-
bines the efficiency of classical image processing algorithms, the flexibility of
machine learning techniques, and the optimization of computational resources.
Such an approach should aim to strike a balance between defect detection accuracy,
processing speed, and adaptability to real-world industrial operating conditions.

8 ISSN 1681-6048 System Research & Information Technologies, 2025, Ne 4
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The aim of this study is to develop a mathematically grounded approach for
detecting defects in the structure of code sequences on the surface of modulation
disks by integrating image preprocessing techniques, morphological analysis, and
statistical interpretation of the results. The primary focus is placed on constructing
a comprehensive methodology based on thresholding and contour analysis, em-
ploying adaptive filters, shape moments, and area distribution approximation of
the detected defects. Given the constraints of computational resources and the
need for integration with embedded control systems, the study does not explore
the broad application of resource-intensive neural network models. Instead, it pro-
poses an efficient software-based algorithmic solution that prioritizes detection accu-
racy, processing speed, and feasibility for deployment in industrial environments. The
proposed model is designed to ensure the identification of local structural anomalies
within code sequences, with the potential for future enhancements tailored to the
specific characteristics of high-precision optomechanical components.

PROBLEM STATEMENT: DEFECT DETECTION IN THE BINARY
STRUCTURE OF A CODE SEQUENCE

The present study addresses the task of automatic defect detection in a binary
structure formed on the surface of a modulation disk as a result of photolitho-
graphic reproduction of a code sequence. The corresponding structure is com-
posed of a periodic or quasi-periodic set of elements, which are read by optoelec-
tronic sensors with high spatial resolution [4—6]. The occurrence of defects in
such structures—such as geometric distortions, fragmented damage, local darken-
ing, or bright artifacts—can lead to positioning errors, signal readout failures, and
degradation of the specified level of metrological accuracy.

The defect detection task is formalized as a process of digital image analysis,
where the code sequence is represented as a binary mask corresponding to a two-
dimensional matrix BM(x, y) € {0;1} , which contains pixel values obtained after

thresholding the input data. The input dataset, in turn, is defined as a grayscale
image matrix GI(x, y) €[0;255]. The objective of the software algorithm is to
localize and classify regions that potentially deviate from the expected geometry
of the binary structure. To achieve this, a sequence of filtering and morphological
operations is applied, resulting in a set of contours {C,}, where each n €[l; N]
denotes a distinct object in the input image matrix, indicating a possible defect in
the binary sequence structure. For each contour C,, the corresponding area S,
and perimeter P, are calculated based on the number of points forming the con-
tour. A contour C, is classified as defective if its geometric parameters fall out-
side the empirically or calibration-defined thresholds: S,;,, S and P, ,
which are set according to the objectives of the inspection system (see Fig. 2).
Thus, the problem of defect detection in a code sequence structure is reduced to
the construction of a computational procedure capable of reliably localizing
anomalous regions based on geometric features of contours formed through mor-
phological image processing

The selected approach avoids the use of complex machine learning models
by implementing a software algorithm with controllable parameters, which can be

max > Pmin

Cucmemni docnioxcenna ma ingpopmayivini mexuonoeii, 2025, Ne 4 9
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adapted to the limited computational resources of the hardware platform within
the automated inspection system.

GI(x,v) €[0; 255]

— ‘ Gaussian smoothing ‘ ‘ Adaptive thresholding | -—
l l
‘ Image binary mask ‘

BM(x,y) € {0;1}

(i) morphological processing

‘ Contour construction ‘

17 {Gahme [ N] —l
‘ Calculation of metrics ‘ ‘ Filtering of contours ‘

{Sn Byhin € [1;N] - Smin Smaxs Pmini Pnax

[ defect map generation [

vy

Fig. 2. Algorithmic flowchart for processing the digital image matrix for defect detection

MATHEMATICAL MODEL FOR DEFECT RECOGNITION IN THE CODE
SEQUENCE STRUCTURE ON THE SURFACE OF MODULATION DISKS

The formalization of the defect recognition procedure within the code sequence
structure on the surface of a modulation disk is based on the development of a
mathematical model comprising the stages of digital image preprocessing, mor-
phological filtering, geometric contour analysis, and statistical evaluation of the
parameters of the detected objects. The proposed model describes image trans-
formations as a sequence of operations applied to the input image matrix and the
resulting binary mask, thereby ensuring algorithmic modularity, reproducibility of
results, and adaptability to specific application requirements.

At the first stage, the digital image matrix is converted into grayscale format,
which reduces computational costs and enables processing based on the bright-
ness values of each element GI(x,y)[0;255]. To reduce the negative impact of

high-frequency noise and eliminate digital artifacts that may be mistakenly identi-
fied as defects, a Gaussian smoothing procedure is applied. The Gaussian smooth-
ing method is based on the convolution of the image matrix with a two-
dimensional kernel G, which is mathematically formalized as:

L. 1 P2+ j?
Glg(x,y)=(GI*G)(x,y), me G(i,))=——5exp| - —2—|.
2no 20
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The parameters of the two-dimensional Gaussian kernel were selected to
ensure a balance between background smoothing and the preservation of image
components. Following the smoothing stage, adaptive thresholding is applied to
convert the image into binary form while accounting for local variations in
illumination. Each pixel GI/;(x,y) is mapped to a corresponding value in the

binary image BM (x, y) based on the average brightness g, (x,y) within a local
neighborhood of size Axx Ay, which was set to 11x11 pixels in this study,
while the threshold offset parameter Ay was determined empirically and adjusted
using an interactive control element:
|:BM(X,y) =1 npu G[G(an’)>HGI(x=J/)—AH,
BM(x,y)=0 mpu Glg(x,y)<pg (x,y)—Ap.

In the software implementation, inverse thresholding was applied, meaning
that the binary mask is interpreted with reversed polarity and is formalized as
BM(x,y)=1 when GI;(x,y) <pg;(x,y)—Ap. As aresult of the aforementioned
transformations, a binary mask BM (x, y) € {0;1} is obtained, in which potentially
defective regions are highlighted as connected components with high contrast
relative to the background. This stage is critically important for ensuring the clear
formation of contours in the subsequent steps of morphological analysis of the
image matrix.

After adaptive thresholding is applied, the binary mask matrix may contain
residual noise, small-size artifacts, and structural distortions in the components of
visual objects. To improve the quality of defect detection, classical morphological
operations are used, allowing for the restoration of object shapes within the binary
image matrix and the stabilization of the subsequent contour analysis stage. The
fundamental morphological operation in this context is the morphological closing
operation (MCO), which is implemented by sequentially performing dilation and
erosion procedures on the binary mask matrix. The application of the closing
operation to the binary mask BM (x, y) is mathematically formalized as:

BM yyc0(x, ) = (BM @ MK) © MK.

where MK is the structural element that defines the shape and size of the mor-
phological window (Morphological Kernel, MK). In the software implementation
used in this study, a 5x5 pixel kernel was applied, with all elements set to
MK (x,y)=1. The closing operation enables the suppression of digital artifacts
that cause internal holes, contour breaks, and distortions in the overall shape of
visual objects. This is followed by the application of the morphological opening
operation, which is performed in reverse sequence:

BM yy00(x,y) = (BM©O MK) ® MK.

The opening operation, in turn, is intended to remove small-size artifacts
from the image that do not correspond to actual visual objects, eliminate isolated
noise, and preserve the core geometry of larger objects. Thus, the sequential ap-
plication of closing and opening operations enables the formation of a refined bi-
nary mask in which local defects have clearly defined boundaries without internal
breaks or extraneous artifacts. This is critically important for the accurate extrac-
tion of contours in the subsequent stage. The structural element of the kernel MK
plays a key role in the quality of the restored image matrix. The selected rectangu-
lar kernel of 5x5 pixels ensures symmetric filtering of digital artifacts and thus
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enables proper processing of both horizontal and vertical components. If neces-
sary, the shape and size of the structural element can be adapted according to the
specific characteristics of the defects.

After the morphological processing of the image, a refined binary mask is
formed, reflecting potential regions with structural anomalies. The next step is the
contour detection procedure (CDP), which identifies closed sequences of pixels
that define the boundaries of connected components. Each contour is treated as a
separate object that may correspond to a local defect. For each detected contour
{C,}, containing n €[1; N] points, the perimeter P, and area S, are calculated,
serving as the fundamental geometric features:
MH

Z (xm Ym+1 — Xm+1 ym)

m=1

el 2 2
Pnzz\/(xm_xmﬂ) +(ym_ym+1) 5
m=1

5,1
2

2

where M, is the number of points in contour C,,. The contour C, is classified as

containing a defect based on the threshold value pairs {S and

min > Smax}
{Prin; Pmax | » 1f at least one of the following conditions is satisfied:
Sn<Smin5 Pn<Pminv
S,>S P,>P..-

Thus, a controllable feature set is formed for each detected defect in the fol-
lowing form:

max >

D, ={F,.S,, X, Y},
where {X,,Y,} are the coordinates of the centroid of the corresponding contour
C,. The resulting set {D,} serves as an analytical basis for subsequent visual and
statistical analysis. After classifying contours as defective based on geometric
criteria, a set of the areas of the detected objects {S,} is formed. To analyze the
statistical characteristics of the distribution, the mean area S, and the standard

deviation o are estimated as follows:
_ 1 X
S,=—)>.85,,
oy = -l-ﬁi(s ~5,)*
S N “~ n n/t -

The corresponding parameters make it possible to quantitatively characterize
the variability of the geometric properties of the defects and to identify the
presence of anomalous objects whose areas significantly deviate from the mean
level. To visualize the statistical distribution, a histogram of defect areas is
constructed and supplemented by a normal distribution approximation. In this
case, the probability density is modeled by the function:

(Sn=Sn)
1 B 262
e s

fS = \/%GS
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The parameters S, and og are considered maximum likelihood estimates

(MLE) for the normal distribution. The proximity of the empirical distribution toa
normal profile serves as an indicator of the homogeneity of the detected defect
class. Deviations from the normal distribution may indicate the presence of for-
eign objects or structural inhomogeneities.

SOFTWARE-BASED DEFECT RECOGNITION IN THE CODE SEQUENCE
STRUCTURE ON THE SURFACE OF MODULATION DISKS

To validate the functionality and effectiveness of the proposed approach, a soft-
ware implementation of the defect identification algorithm for the code sequence
structure of a modulation disk was developed. The corresponding software mod-
ule integrates stages of preprocessing, morphological filtering, contour analysis,
defect classification, and statistical evaluation of defect parameters. The user in-
terface provides interactive tools for adjusting thresholding and classification pa-
rameters and enables visualization of processing results, including graphical rep-
resentation of detected defects, histogram construction of defect areas, and tabular
output of coordinates and numerical characteristics.

The defect identification algorithm was implemented as a modular Python
application with a graphical user interface. The system architecture is based on
the principles of separating image processing logic, parameter control, result
visualization, and data export to external formats. This structure ensures
flexibility, scalability, and ease of modification for individual stages of the
algorithm. The software algorithm consists of three key components:

1. The graphical data processing module is responsible for the step-by-step
transformation of the input image matrix, including Gaussian smoothing, adaptive
thresholding, morphological filtering, contour detection, and the calculation of
geometric and statistical parameters of the detected objects. The core element is
the “ImageProcessor” class, which implements the main logic for binary mask
analysis and the formation of the defect feature set.

2. The Graphical User Interface (GUI) is implemented using the “Tkinter”
library. This component enables image loading, interactive adjustment of the
adaptive thresholding value, visualization mode switching, display of analysis
results, and result saving. The interface is divided into functional panels: the con-
trol panel, the visualization area, and the text fields for statistics and coordinates.

3. The result-saving mechanism enables the export of detected defects in
graphical PNG and tabular CSV formats. The defect mask, annotated image with
highlighted objects, and centroid coordinates can be saved as separate files for
further use in technical inspection systems or external analysis.

To implement the aforementioned functions, the following external libraries
were used: “OpenCV” for image loading, preprocessing, morphological opera-
tions, contour detection, and calculation of geometric parameters; “NumPy” for
vectorized data processing and basic statistical computations; “Matplotlib” for
generating histograms and visualizing the area distribution of detected defects;
“Pandas” for constructing tabular structures and exporting results in CSV format;
and “Scipy.stats” for approximating the area distribution using a normal distribu-
tion curve. The architectural design is based on a clearly structured separation of
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component functions, enabling both local testing of individual modules and inte-
gration of the system into a broader software environment for technical inspection
and machine-based analysis.

The defect detection algorithm is implemented using the methods of the
“ImageProcessor” class and automated through interaction with the graphical user
interface elements. The system’s operational logic involves the sequential execu-
tion of the following stages:

e Jloading the grayscale image matrix, which reduces computational com-
plexity by excluding color components;

o Gaussian smoothing with a fixed kernel to reduce noise levels and prepare
the image for thresholding;

e adaptive thresholding using a local mean, with an adjustable offset pa-
rameter controlled via a slider;

¢ morphological filtering, including a closing operation to eliminate internal
breaks and an opening operation to remove noise;

e contour analysis to determine the geometric characteristics of connected
components (perimeter and area) and evaluate their compliance with predefined
threshold criteria;

o classification of contours as defects based on whether their area or pe-
rimeter exceeds or falls below the specified threshold values.

The interface allows the user to modify key processing parameters in real
time, such as the threshold offset for adaptive image binarization, the minimum
perimeter value for classifying an object as defective, and a visualization mode
toggle that enables or disables the overlay of circles on the centroids of detected
defects. These parameters make it possible to adapt the algorithm’s sensitivity to
various lighting conditions, image scales, and defect types.

To evaluate the accuracy of the core functionalities performed by the modu-
lar Python application, verification was carried out using real microphotographs
of modulation disk surfaces. The processing results demonstrate the system’s abil-
ity to effectively detect defects originating from the photolithographic process by
isolating anomalous regions based on geometric and statistical criteria. Figs. 3—5 pre-
sent the processing outcomes for microimages of code sequence samples “17, “2”,
and “3”, respectively, showing the original grayscale microimage, the binary
mask with overlaid contours (green contours indicate objects without defect fea-
tures, while white circular markers denote objects classified as defective), as well
as the histogram of detected defect areas with an overlaid normal distribution
curve and corresponding statistical data:

o total number of detected defects;

e average defect area;

e average defect perimeter;

e range of defect areas;

o range of defect perimeters.

The histograms constructed based on defect areas characterize the structure
of the sample and visualize its variability. To approximate the empirical
distribution, a normal distribution model was applied using the parameters of
mean defect area and standard deviation. The obtained parameters represent
maximum likelihood estimates and reflect a distribution skewed toward lower
values, which is typical for defects associated with microcracks, scratches, and
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contamination particles. It should be noted that statistical indicators provide
insight not only into the number but also the nature of the defects. For instance, a
high standard deviation indicates significant variability in defect sizes, which may
suggest inconsistency in the technological process. Additionally, the coordinates
of defect centroids can be used for targeted adjustment of the photolithography
system and for initiating subsequent stages of detailed inspection.

Fig. 3 presents the results of applying the algorithm to code sequence sample
“1”, demonstrating the system’s capability to effectively localize both isolated
anomalies and small-scale digital artifacts, thereby enabling a comprehensive as-
sessment of the processed surface condition.

0.030 1
Defect Size Distribution
M =5599,0=47.11

0.025 - Defect Statistics:

= Total Defects: 72

- Average Area: 55.99 px*®

- Area Std Dev: 47.11 px*©
0.020 - - Average Perimeter: 32.04 px
- Perimeter Scd Dev: 20.28 px

Defect Size Range:

0.015 4 - Min Area: 16.00 px®

- Max Area: 187.00 px*

- Min Perimeter: 16.00 px
- Max Perimeter: 98.83 px

Probability Density

0.010 A

75 100 125 150 175

Defect Area (pixels)
c
Fig. 3. Processing results for code sequence sample “1”: ¢ — original grayscale microimage;
b — binary mask with overlaid contours; ¢ — histogram of detected defect area distribution

Fig. 4 shows the analysis results for code sequence sample “2”, indicating a
higher total number of defects but with a lower maximum area and less pro-
nounced dominance of a single large defect. This suggests a different nature of
structural disturbance in the binary code sequence compared to sample “17,
potentially associated with dust or contamination deposition processes or
exposure instability in certain regions.
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Fig. 4. Processing results for code sequence sample “2”: ¢ — original grayscale microimage;
b — binary mask with overlaid contours; ¢ — histogram of detected defect area distribution

Fig. 5 presents the processing results for code sequence sample “3”, which
contains high-contrast geometric structures and noticeable foreign inclusions.
Sample “3” is characterized by greater area dispersion and the presence of pro-
nounced macro-scale defects. This is confirmed by both the numerical character-
istics and the shape of the histogram, where the normal distribution curve exhibits
strong asymmetry. Such results indicate localized disruptions during fabrication
or damage incurred during operation.

The presented results confirm the stability and consistency of the algorithm’s
performance under varying input conditions, such as defect geometry, image con-
trast, and noise variability. Thus, the proposed approach demonstrates high sensi-
tivity to local structural anomalies while maintaining robustness against back-
ground artifacts and digital noise. The analysis of defect area distribution
histograms shows that the system can adapt to changes in the nature of damage
and maintain the reliability of statistical evaluation even in cases of asymmetric or
anomalous distributions. As part of future improvements, it is planned to extend
the algorithm by integrating machine learning classifiers for automatic defect type
identification, incorporating spatial context in the analysis of centroid distribution,
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and optimizing processing procedures for implementation on computational mod-
ules of embedded machine analysis systems operating in real time.

0.008 - Defect Size Distribution
M =86.13, 0 = 133.66

Defect Statistics:

- Total Defects: 83

- Average Area: 86.13 px*®
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Defect Area (pixels)
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Fig. 5. Processing results for code sequence sample “3”: ¢ — original grayscale microimage;
b — binary mask with overlaid contours; ¢ — histogram of detected defect area distribution

CONCLUSIONS

The article presents a comprehensive methodology for the automatic detection of
defects in the binary structure of a code sequence on the surface of modulation
disks, combining image preprocessing methods, morphological analysis, and sta-
tistical evaluation of the geometric characteristics of objects. A mathematical
model is proposed that describes the stages of smoothing, adaptive thresholding,
filtering, and contour detection, followed by classification based on area and pe-
rimeter. The developed software module provides a complete processing cycle of
the input image: from conversion into a binary mask to the visualization of de-
tected defects and construction of histograms with normal distribution approxima-
tion. The modular system architecture and the presence of a user interface that
allows adjustment of key parameters enable the adaptation of the program to vari-
ations in image quality, scale, and the nature of defects. Experimental verification
on samples of binary code sequences of modulation disks demonstrated the algo-
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rithm’s ability to detect both microdefects and local structural anomalies of con-
siderable area. The stability of results under varying processing parameters con-
firms the algorithm’s adaptability and its suitability for implementation in techni-
cal diagnostic systems under constrained computational resources. Further
extension of the software functionality is possible through the use of machine
learning classifiers, application of spatial contextual analysis, and integration with
real-time hardware platforms to enable autonomous monitoring.
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POSPOB.JIEHHH AJITOPUTMIB PO3III3HABAHHSA JAE®EKTIB Y CTPYKTYPI
KOJOBOI IMOCJJIAOBHOCTI HA IMOBEPXHI MOAYJIAIIMHUX JUCKIB /
J.10. Manbko, €.B. bemsik, A.A. Kprounn, P.M. Imenko, B.B. 3aBap3ina

AHoTauisi. J[ociiPKeHHs IPUCBSIYCHO alrOpUTMaM BHSIBICHHS Ta JIOKaji3awil je-
(eKTiB y CTPYKTYpax KOAOBOI MOCITIJOBHOCTI Ha MOBEPXHIX MOAYJISALIIHUX AUCKIB.
BoHo cripsiMoBaHe Ha HEBEIUKi aHOMaJii B JTOrpadiyHO CTPYKTYPOBAHHUX E€IIEMEH-
TaX, sKi MOXKYTb CIIPHYMHUTH IOMHJIKH 3YUTYBaHHs a00 3HIDKEHHS TOYHOCTI BHMi-
proBanHs. baraTopiBHeBa MoJeb 00poOIeHHs 300paXkeHb OEJHY€E rayccoBe 3IJIa-
JDKYBaHHs, aJalNTHBHE IIOPOTOBE BHM3HAYCHHs, MopdosoriyHi omnepauii Ta
CerMEeHTAllif0 Ha OCHOBI KOHTYypiB. Etanm oGpoGieHHs popMaiizoBaHo K MaTeMa-
THUYHI OIlepaTopH Ul BiITBOpIOBaHOI peaiizawil. JepekTH xapakTepusyloThes 3a
JIOIIOMOT'OI0 METPUK HAa OCHOBI MEpHMETpa Ta IUIOILI, a X pPO3IMOIiI 3a IUIOLICO all-
POKCUMYETBCS HOPMaJBbHUM 3aKOHOM. IIpocTopoBa MoOJeib OGUHCIIOE LEHTPOINH
ne(eKTiB, IO a€ 3MOTy BUKOHYBATH MOPIBHAIBHE OIIHIOBAHHS SIKOCTI 3pa3KiB JH-
ckiB. [Iporpamue 3abe3nedeHHs Hajae iHTepQeiic A HaTalTyBaHHS IIOPOTiB, Bi3y-
anizanii KOHTYpiB Ta rpadikis mwionr geeKTiB, a TAKOK eKCIOPTY pe3ysbTaTiB. Tec-
TH Ha pealibHUX JIe(EKTHUX JUCKAX MiATBEPIKYIOTh Ha/liiiHE BUSBICHHS JIOKAIBHHX
CTPYKTYPHHX TTOPYLICHD Ta MPHIATHICT METOAY VISl IiarHOCTHYHHX CHCTEM.

Kio4oBi ciioBa: MomysmiitHi AUCKH, aBTOMAaTH30BaHUN KOHTPOJIb, KOJOBA MOCITi-
JIOBHICTb, TOPYIIEHHSI MIKPOCTPYKTYpH, HOIepenHe oOpoOIeHHs 300paxeHb, MOp-
(hororiunmii aHasi3, KOHTYpHA CErMEHTALis.
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THE RESULTS OF THE MULTI-POSITION SURVEILLANCE
SYSTEM’S EFFICIENCY, DEPENDING ON THE LOCATIONS OF
ITS SENSORS, USING ADDITIONAL DATA PROCESSING

V.Yu. TYMCHUK, O.0. MEDIAKOYV, 0.0. POPOV,
T.V. TRYSNYUK, S.A. TSYBULIA

Abstract. The efficiency of a multi-position system depends on the realization of its
structure—how many elements it includes, where they are located, and how the en-
vironment and terrain influence its operation. The paper is dedicated to data process-
ing in a multi-position surveillance system as an additional option, leveraging the in-
between big data from the system’s elements. A sufficient number of numerical data
generated by the multi-position system and its elements—sensors—allows the use of
statistical methods and models from machine learning or deep learning. The ontology
for quality estimation of the multi-position system, depending on its configurations,
is proposed. The results of the distributions of detected events are presented in
graphical forms that allow statistical evaluation of the distributed data. Our findings
allow us to ensure the efficiency of a multi-position system in an unpredictable,
variable environment by reconfiguring it when it offers better capabilities.

Keywords: data processing, surveillance, detection, multi-position system, system-
of-systems, efficiency.

INTRODUCTION

Being multidisciplinary, science is able to cover different areas simultaneously.
Our research corresponds to this feature — there are several independent areas
from System Engineering, Estimation theory, Geospatial Intelligence, Big Data
Processing, Machine Learning (ML), Deep Learning (DL). For example, there is a
well-known problem of accuracy in Detection theory that has limits when using
its methods and algorithms, but due to collaborating with methods and algorithms
from other scientific fields such limits would be overcome. Another example is a
problem of detection system’s design to be optimized for unpredictable and vari-
able environment. The mentioned problem takes place for multi-positional detec-
tion system. It is a very difficult mission to define the effective structure of multi-
positional detection system especially during warfare. This research investigates a
method for evaluating a detection system's structure based on its operational re-
sults, — the results for in-between data (not the results of direct detection) from
elements of multi-positional detection system are presented. As usual, any system
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produces a great part of in-between data that could be additional information
when it is necessary to improve the efficiency of the system. The volume of in-
between data is enormous, so it makes possible to use Big Data Processing, ML
or DL. So, the data preprocessing and statistical analysis were used to present the
detection results on additional grid coordinate system and to make a statistical
evaluation for the data.

PROBLEM STATEMENT

The theory and practice of developing multi-position systems have been well-
studied for a long time [1]. The problem to be solved is formulated as follows.
Having some specific uncertain environment, the scientific and technical task is to
register certain changes in this environment using technical solutions imple-
mented in the systems. There are many areas of application for such a problem —
studying nature and space, medicine, monitoring the security situation at infra-
structure facilities, military monitoring systems [2]. Obviously, there are different
well-known kinds of passive multi-position surveillance system (MPSS) for
acoustic location, GPS tracking, imagery intelligence, seismic reflection, signals
intelligence, thermal imaging, underwater acoustics, video surveillance, wireless
tracking etc. The physical nature for each method is unique, but there are some
common similarities: 1) waves (signals); 2) a set of distributed synchronous sen-
sors; 3) a great volume of measurement results — the datasets.

Therefore, if a certain system has already been developed and is functioning,
then the main next task is to ensure the best (optimal) way to process information
(data, signals).

In modern systems, whether specialized functional systems [3; 4], complex
multi-profile systems [5], or systems of systems [6] — signal and information
processing occurs across multiple stages. These processes are diverse and often
complementary, but the specific way used to identify them is less critical than
their integration. Regardless of the system's architecture, an "integrated" processing
pipeline inevitably incorporates Big Data analytics or the processing of large volumes
of homogeneous data alongside other methods, algorithms, and software solutions [7].

The purpose of the research. Our goal is to make a qualitive analysis of the
efficiency of multi-position system using data preprocessing and statistical data
analysis to change its configuration improving the detection possibilities.

The general aspects of a configuration of a multi-position surveillance system

A passive MPSS with a set of typical sensor posts (SPs) for terrain monitoring
and/or control is done. The configuration of MPSS is the combination of all SPs
on the terrain in some grid-like projection. The example of configuration is on the
Fig. 1, where from 1 to 9 are the typical SPs being synchronous in a passive
MPSS. The SPs are distributed on the terrain in some way, on the picture it is
used a distance of 1.5 km between two sensors in the first (upper) line of the con-
figuration and a distance of 1 km between first and second (below) lines. The
MPSS base line is the distance between two utmost SPs (here are SP1 and SP6).
The sensitivity for a MPSS means the possibility to detect some signals (on the
potentially attainable distance for the signal with some defined level (power)).
Here the range area is a circle of 25 km in radius (for the optimal conditions).
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Fig. 1. The example of possible configuration for a typical MPSS (the sketch is not at
scale)

As it is clear from the Fig. 1, the potential area of MPSS’s sensitivity may
have some form with 25 km in depth for any side direction from the utmost sen-
sors. The two lines in MPSS’s configuration allow for the determination of the
Area of Interest (Aol) by excluding, for example, signals from back (useless) di-
rections. Such a task is typical in security or military applications where both
friendly (allied) and adversary forces are present. The optimal Aol for some gen-
eral configuration and conditions should have some right form (Fig. 2). The or-
thogonal line (OL) to base line shows a main direction of Aol (main surveillance
angle (MSA) is an angle between OL and main danger direction (MDD)).

Fig. 2. The form of the MPSS’s sensitivity (dotted area)

A note: 1 — The typical sensors 2—5 from the upper line (Fig. 1), sensors 7 and 9
from the below line are missing here to have a simple picture. MSA here is 0 de-
gree that is the best for Aol

In real-world conditions, an ideal Aol does not exist. The first reason for it is
the terrain features where the MPSS’s configuration is set — there are no possi-
bilities to establish typical sensors on the straight line (or two lines) with even
distance between sensors. Further, the real terrain is characterizing with relief and
natural or artificial coverings — the such reality effects on the MPSS’s sensitiv-
ity. The second reason is some secure restrictions which are inevitable for war-
fare. The technical challenges (such as the problems with a sensor’s operating or
with some kind of destroying in warfare) are the next factor that makes an effect
on the MPSS. So, the real MPSS’s configuration has a non-optimal decision with
a smaller number of sensors in a usage (Fig. 3) and it results in a less achievable Aol

(Fig. 4).
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Fig. 3. The example of a real MPSS’s configuration for some terrain and secure conditions
(the sketch is not at scale)

So, for such occasional conditions of systems’ utilization there is not just a
technical optimization problem (which defends only from specifications of a sys-
tem), but a procedure one too, especially how to get the best approaches for next
processing of ongoing datasets during the time of MPSS’s functionating.

Fig. 4. The variant of the real Aol for s MPSS’s (MPSS’s sensitivity)

The acoustic location multi-position surveillance system

The stages of data preprocessing and data processing are presented on the exam-
ple of an acoustic location MPSS.

The principles of acoustic MPSS are well-known: due to automatized detec-
tion and classification procedures, sensitive synchronous sensors and wireless
communications the determination of the sound source from the muzzle wave
Times of Arrival is a simple task for such kind of MPSS [8]. But the problems of
the sound source location accuracy and even the recognition in typical circum-
stances when the various waves emitted by and during a shot (from many sound
sources) are still actual. The reasons have the nature character — the initial pro-
jectile characteristics (the whole variety of its aerodynamic and ballistic coef-
ficients), the range (Fig. 5), the atmosphere (with atmospheric wind (Fig. 6) and
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Fig. 5. The attenuation of the sound wave during its propagation in the atmosphere [11]
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sound speed gradients), the ground, possible obstacles (woods, buildings, hills...,
(Fig. 7)), refraction or air absorption, wave alterations, multipath arrival of the
ballistic shock wave and so on. So, the outcome that the localization performance
is affected, sometimes critically [9], is firm. Even more, the practice with highly
intensive shot conditions that took place in Ukraine since 2022-24-02 [10], ap-
proved this statement.

Source
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Fig. 6. The wind influence on the sound wave and source’s localization [11]
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Fig. 7. The probable role of obstacles on the sound wave path in poor operation of a
MPSS’ sensor [11]

Therefore, many modern researchers are dedicated to improving the accu-
racy of acoustic MPSS in sound source localization. There are two main
directions of the efforts: 1) to improve the established approaches (due to
technical and different tools’ progress, and processing method with some more
efficiency [8; 9; 12; 13]); 2) to search new approaches for problem solving. The
example of the second direction is an application of artificial intelligence —
convolutional recurrent neural networks in [14] or other neural networks on the
proposed software-mathematical models [15], depending on the shape of the
location of the sensors (MPSS’s configuration), the distance between SP, their
number, the parameters of the neural network (the number of hidden layers and
neurons), and the volume of the dataset for training. The authors proclaimed that
their results for the neural network training algorithm ensure the average value of
the absolute error in determining the grid coordinate are not exceed about 1 m and
maximum absolute error value are not exceed 16 m for the Y grid coordinate (it
corresponds the determination in depth) and 4.5 m for the X grid coordinate (it
corresponds the determination in front) for the range 1800 m between sensors and
a source of acoustic signals. Even if it is a fact for testing conditions (optimal
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terrain specification and for an ideal configuration (Fig. 1) it is not useful for real
circumstances, because the practical range between SP and a sound source is in
5...15 times much more, that means the average or maximum absolute error
values are increasing properly — up to 50...300 m.

To approve the mentioned statement the field data are presented below.

Some field data from the acoustic MPSS and their explanation

The type of acoustic MPSS for the gathering data in field conditions is HALO
[11]. According to the specifications of the HALO system the average value of
the absolute error should be 100 m on the range up to 100 m and 0.7% of the
range when the distance to the sound source exceeds 15 km.

The configuration for the HALO was occasional (Fig. 3) and included or 4,
or 5, or 6 sensors with distance between them from 1.5 km till 4 km.

The field results for initial utilization of HALO are shown in the Table 1.

Table 1. The initial data about HALO’s accuracy

Number of sensors with the base line distance
Range Deveen |5 SPsfor 13.8kmor 6 SPs for 16.5km | 4 SPs for 1.2 km
sound source MSA (see Fig. 4)
0...£30° | £30..260° | 0..430°
The average value of the absolute error
7...10 km 200...300 m 500...700 m 500...800 m
10...15 km 400...500 m 1000 m 1000...1500 m
15...20 km 600...800 m 1500...2000 m -
20...30 km 1000 m - -

A note: 1 — The time period of observation is a month (since 2023-05-04 till

2023-08-05).

To estimate the value of the error it was possible to use the radar system for the same
sound sources. The type of the radar is AN/TPQ-36 with accuracy up to 50 m [16].

Table 2. The comparison data between Radar’s and HALO’s target grid co-

ordinates
Nr Detection time Location Range (between SPs of MPSS
) HALO Radar difference, m and sound source), m
1 23:24 23:30 818 22240 26920
2 23:25 23:30 877 -/ - -/ -
3 10:15 10:20 391 15310 18830
4 10:18 10:20 151 -/ - -/ -
5 10:42 10:55 108 15480 19020
6 10:46 10:55 46 -/ - -/ -
7 10:38 10:30 98 13320 16720
8 10:39 10:30 198 -/ - -/ -
9 16:21 16:20 513 21790 26400
10 08:36 08:38 145 15480 18990
11 08:38 08:38 419 -/ - -/ -
12 08:19 08:20 153 15390 18940
13 08:21 08:20 226 -/ - -/ -
14 08:23 08:20 446 -/ - -/ -
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It is obviously that the statistical data for reliable conclusions are too little.
But the main value of the data is their real (utilization) nature, not experimental.

It should be noted that the influence of meteorological data (which is re-
quired for HALO) was not considered. The average data are presented in the Ta-
ble 3.

Table 3. The average data of HALO’s accuracy during the field utilization

Range between SP | Manual’s meaning of The deviation diapason of sound
and sound source HALO’s error source’s coordinates from actual ones
15...20 km 105...140 m up to 100 m
20...30 km 140...210 m 500...900 m

A note: 1 — The MPSS consists of six SPs, the MPSS’s base line is 16.5 km, the MSA is
0...£30°.

So, the average error values may correspond to manual’s ones (according to
HALO?’s specifications) on the ranges up to 20 km. But it is not enough for direct
application the surveillance data on next stages of decision-making. So, it is nec-
essary to find approaches how to decrease average and maximum absolute error
values.

The input conditions and restrictions

The objective of monitoring by means of MPSS is to determine the location of the
targets after at least two systems’ sensors produced information about detection of
the target.

The MPSS consists of 6 sensors [10].

The fact of generating some kind of signal that was received/detected by a
sensor(s) will be called an event.

The detected signal is the information about event transformed in some digi-
tal form including some specific features about the event, like time and potential
coordinates.

The digital event set (DES) is the ordered combination of numbers that is
generated by a sensor detecting the signal. Normally the DES includes time of
detection, coordinates of a sensor that detects a signal and coordinates of an event,
derived from some signal and information processing.

The proposed dataset is the collection of DES collected during some period
of MPSS’s operating. Several dataset sources can be used, so the corresponding
indication of those sources is included where needed.

The size of dataset is more than 17 000 rows. The example of the raw dataset
is shown on Fig. 8 (its description is given in the note under the figure’s title). So,
the presented digital data for the data preprocessing and EDA were used similar to
[17]. Gaining the ability to evaluate the performance of the MPSS depending on
the configuration is easily (to a certain degree) doable.

Time of occurrence of the event isn’t taken into account for the statistical
analysis.

The common operational picture (COP) is a presentation of all detected
events on some grid system.
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SOLVING THE PROBLEM OF INEFFICIENCY OF MULTI-POSITION
SYSTEM IN UNPREDICTABLE AND VARIABLE ENVIRONMENT

Experiment Design/Data Collection

To represent results of dataset processing including corresponding diagrams and
graphic elements in the best form some abbreviations and acronyms for the terms
and processes taking place in our research are proposed (Table 4).

Table 4. A physical essence of some processes in MPSS with designations
and symbols

N The terms and their.dgsignation or symbolization

Term or characteristics Acronym | Symbol
1 Configuration Conf. | (Conf)’
2 Number of sensors in a configuration - K
3 | Sensor Post from a configuration with a sequence number' k SP SP,
4 Configuration Duration’ CD T
5 Configuration Sencitivity Terrain® CST (X.,Y)
6 Number of Events being Detected* NED N
7 Event sequence number i ces
8 Total Events Space Distribution TESD W,
9 Event Space-Gradient Map’ ESGM w X
10 Locating Posts’ Number Portion® LPNP P,
11 Single Post Operating SOP P

Notes: 1 — It is generated in MPSS automatically; 2 — Time period of MPSS’s operating
with some configuration; 3 — Some terrain (with defined size) that is being achievable for
MPSS to detect events; 4 — Using upper and lower indexes it is differed a NED for one
or another configuration and/or CDs (f.e., per a day, per a week, ...); 5 — It shows the
terrain (as a gradient surface) in which events were detected by all SPs; 6 — The ratio of
number of SPs that detected each event to all SPs from a configuration

The methodology aspects for analysis of MPPS

Specialized geoinformatics system (GIS) software is usually integrated into
MPSS to display the current event situation [18]. Usually, such GIS is a 3D model
of terrain with a set of coordinate systems. In the research it was used a relative
simulated Cartesian coordinate system (CCS) that “covers” a CST and displays
the configuration in the center of it. So, all events detected by SPs are reproduced
on this simulated CCS.

The ontology of a configuration is depicted as

(Conf)’ > (K, (M} ) (1)

where j is a relative sequence number for possible configurations (there were 6
ones); K is the number of sensors in a configuration, A & ¢ are the coordinates

of SP (a longitude and a latitude for SP, ). Sometimes the UTM-like coordinates
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are used instead of latitude-longitude, but the conversion between those is a sim-
ple computational task:

Ao} > {XY} . 2
ML system has a typical design for such systems [9].

The ontology for configuration quality estimation

A collection of several statistical characteristics that are used for demonstration
and estimation of how a specific configuration operates in a CST is called the
configuration quality (CQ) within the context of the paper.

TESD shows the density of detected events:

Niotal

{W}[ = Z {XaY’t}i H (3)

1
where N wrar 15 a total NED for the j-configuration.
ESGM shows the terrain area where the events were detected by all SPs:

W =05 ks 4)

where {W};,, is an event distribution detected by SP; .

Apparently, each event may be detected by a single SP or by a particular
combination of SPs. Consequently, LPNP is defined as:

Pﬁ:Nﬁ/Ntotal’ (5)
where 1<7 <K, meaning that N is a sum of NED for the cases detected by a

combination of 7 SPs (neglecting the actual composition of SPs in the combina-
tion, only the number of SPs is considered).

SOP shows how frequently each single SP detected events registered in the
dataset:

P.=N,/N,,, k=(...K). (6)

otal >

Configuration quality CQ presentation

So, there were 6 configurations with different parameters according to (1). Each
configuration had a NED that is enough for ML (see depiction for figures). To
analyze CQs it was proposed to calculate and present five graph materials for
each configuration.

TESD presents the distribution of events that were detected in MPSS during
time period corresponding to configuration duration 7. Each point for presentation
it was taken from geographic coordinates of corresponding row of dataset (Fig. 8)
according to (3). The geographic coordinates were transformed into grid one ac-
cording to (2). The grid system is conditional and it has no connection with any
known grid systems such as MGRS. It was got just for local terrain. The central
point for this grid is approximately in the geometric center of MPPS’s base that
includes all sensors. As common the form for MPSS’s base is similar to line. The
limits for terrain area are not far than the biggest distance (from central point to
event’s location) projected on grids. In the presented case there is a 50-km area
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from the geometric center (in each of four grid directions). Due to terrain scale
restrictions, it was used a gradient scale to present the level of concentration de-
tected events in limited location areas. For example, gradient scale is from 0 to 80
ona Figs. 9, 11, 12, 13, 17, 18.

® 8

Loc Id Time +83:0@ Position UTM37N (E) Position UTM37N (N)

-1958699491 11/84/2023 ©2:58:21 387431.06 5311738.62

-1958699488 11/94/2023 ©2:58:15 394175.28 5315346.29

—1558633950 11/84/2023 @2:58:38 387128.91 5311631.21

—-1958633946 11/84/2023 ©2:58:56 382312.74 538?935.21_)

-1958568393 11/84/2023 82:59:31 387591.88 5312289.61

—-1958568383 11/84/2023 ©2:59:24 398217.78 5313867.86

-1958568376 11/04/2023 03:00:33 373745.45 5302486.63

-1958568372 11/04/2023 03:01:03 368235.10 5294551.78

ANCoCSo3TY 19 FBA FIATS AT AT« ICOTIAA AL CONAICTTI CA
loc.txt
nbet sp 26_117 1D SP 26_118 ID SP 26_120 ID SP 26_121 ID SP 26_122 ID SP 26_123 ID
3 -195863357@ ERROR.
4 -1958633566 ERROR.
3 -1958568023 -1958633567 ERROR.
_)5 -1958568022 -1958633563 -1958568819 ERROR

3 -1958568805 -19585082451 -1958568000 -1958568014 -1958568811
6 -1958568002 -1958502449 -19585679598 -1958568012 -1958568008 -1958502448
& -1958567989 -1958502436 -1958502447 -1958567996 -1958567994 -1958502434
% -19585@82427 -195850243@

ANCOCATATD ANCOCAT AT

Fig. 8. The example' of real data from a MPSS

A note: 1 — MPSS generates automatically unique identification numbers for each sensor
that detects a target and for a whole system when at least two sensors detect the same tar-
get (the number of sensors that detect a joint target is ina column that is headed as nDet).
The corresponding identification numbers (ID from one of six sensors (they are defined as
SP 117, SP_118, etc.) and Loc ID from a MPSS are presented on the example —
1958699491, 1958633570, etc.). The time detection for a target and its coordinates —
geographic longitude and latitude — are also presented in the proper columns

(Conf) — T: 0 days 23:52:01 — N: 5575
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Fig. 9. The Total Events Space Distribution {#}, (half-left), Event Space-Gradient Map
W g (top-right), Locating Posts’ Number Partion P, (middle-right) and Single Post
Operating P, (bottom-right) for Configuration Nr.1 of MPSS (T ~d, NED (corre-
sponds to the size of dataset) N =5575
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The next graph of CQs (top-right) shows the gradient distribution of detected
events that were detected by all 6 sensors of MPSS simultaneously (or with un-
derstandable time delay) according to (4). The graph allows to estimate both some
aspects of MPSS’s configuration and terrain peculiarities. In first case the opera-
tor of MPSS may define ineffective sensors in case when the following result is
happened: the event is localized in the whole-area but there is no detected infor-
mation from one (or more) sensors of 6. In second case the operator could analyze
how the terrain influenced on MPSS’s possibilities and what variants of changing
the configuration would be useful for better detection.

The third illustration of CQs (middle-right) is a diagram showing what is a
portion of numbers of sensors in event detection according to (5). As it was men-
tioned in the Fig. 8’s note, there are unique identification numbers in the MPSS —
location ones and numbers from each of 6 sensors. The quantity of unique
identification numbers from all sensors corresponds to number of events. Some of
these events “becomes” targets — it happens when the event has two or more
identification numbers from sensors that makes possible event’s location with
simultaneous generating the location identification number. So, the diagram
shows the distribution of identification numbers depending on how many sensors
define events one-by-one. It is clear that a portion that is corresponded to a single
sensor high-probably identifies the occasional (low, bad, poor, week, strange)
signal. It is impossible to locate an event due to “detection” from a single sensor.
So, such information could inform the operator that configuration has some week
points and it will be good to reduce the portion of identification numbers from
one any sensor. The “ID-portions” for two or more sensors are normal for MPSS
because of variety of signals on sensors’ inputs — the range, terrain features,
source of the signal, etc. make probable possibilities for the sensors to detect
them. It is obviously that what a concrete combination for two (for three and part-
ly for four) sensors for one-by-one events is could guess the operator some other
configuration week points. But the decision needs more high computation for
such analysis — the distribution of identification numbers is multiplied
(5!+4!1+31=150), so it wasn’t executed for this paper.

The fourth diagram of CQs (bottom-right) shows what is a portion of num-
bers of sensors in event detection. In general, the diagram expresses (6).

The fifth graph material of CQs is a normalized contingency (crosstab) table
(see Figs. 10, 14, 15, 16, 19, 20) that shows the relative frequency of detections
made by a specific SP depending on SPs’ combination.
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Fig. 10. The crosstab of SP, -detection for Configuration Nr. 1
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Let’s show how to make the qualitive analysis of the illustrated data for this
configuration of MPSS (it is the Conf. Nr 1 above).

(Confy — T: 0 days 23:59:15 — N: 4589

Y, km UaT Y km
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Fig. 11. CQs for (Conf)? (T =d , dataset size N =4589): (W}, (W} ,P;, B,

{Confy — T: 0 days 23:42:13 — N: 2492

W,
Y, km i Y km W
&0 60
sp: 123456 o owone
20
60 0 20 40 60 80 X km
Py, %
\:;Ew ‘v’ v’ i 100 30 : 3355
np !pw 20 187 I 1553 pli3
40 : LS 138
10
1 o ] ]
0 | I— 0
! 2 3 4 5 6
30 P.,%
20 17 363 s 553 517
50 I
25 |
o 0 07
0 20 40 60 80 X, km spl sp2  sp3 spd spS sp6

Fig. 12. CQs for (Conf)® (T ~d , dataset size N =2492): {W},, (W}, Ps» P,

Each point on the graph for TESD {#'}; shows the sound event that took

place during the observation time. It doesn’t differ what is a source of the detected
sound event — gun fire moment or any kind of explosion caused by a shell, or by
a missile, or by a mine, even engine switch-on is possible to detect (it is clear be-
cause the SP has a stable determined sensitivity (Fig. 5)). For such circumstances
the COP depends on terrain features (relief forms and artificial and natural cover-
ings effect on sound wave propagation). So, making the COP’s observation dur-
ing the determined time period it is possible to get some qualitive analysis —
what concrete terrain areas have much more “signals” (they correspond to sound
events that were detected in MPSS) and what other terrain areas are “problem-
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atic” (there are a smaller number of “signals” then it is expected for typical situa-
tion of the initial preposition that there are continuous uniform distributions for
signal events — in fact it is necessary to combine the intelligence data with other
sources to approve the preposition as it is shown in [17] but for this research it
doesn’t matter). For the “ideal” efficiency it is demanded to have the COP with no
blank terrain areas for the whole attention sector (it corresponds roughly to sur-
veillance area).

(Confy' — T: 0 days 23:57:51 — N: 2535
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Fig. 13. CQs for (Conf)* (T =d , dataset size N =2535): (W}, Wiy, Py, P,

So, for the Fig. 9 it is possible to define some problematic areas (and the di-
rections from the MPSS’ configuration center) — they are in the south-east part
of the COP (the top-right figure for the ESGM {VIN/} x shows the general depiction
for the COP during the time period observation).

Using the diagram for the SOP P, (see bottom-right) helps to see the “prob-
lematic” SP (SPs). Here for the Conf. Nr 1 the “problematic” SP is the “second”
— SP2 with P, =0,16 (16.2%-participation in MPSS’ total detection although
other SPs give 50% or more results). So, the qualitive analysis for this case shows
that it is necessary to reset the SP2 on the terrain — to change its location.

Using the diagram for the LPNP P; (see middle-right) allows to identify an-

other “problem” — how often single SP operates. The such qualitive analysis is a
base for next statistical and/or technical analysis because all SPs are identical
ones and sound wave for typical conditions (for all SPs of MPSS they are similar
at least) should be detected by two or more SPs (it depends on distance from the
source and angle of the direction of sound wave propagation). So, the qualitive
analysis for this case allows operator to define some “blind” directions or other
possible reasons that cause less more efficiency for MPSS. The outcome of such
analysis should be adjusting of a “problematic” SP (its sensitivity or other
organizing measures to stop the detection (to blank) of the unwilling or other
parasitic sound wave signals). For this task the normalized contingency table (Fig.
10) should be useful. Here it is presented that SP4 (with 2.2%), SP5 (with 3.1%)
and SP6 (with 2.1%) have higher portion of only theirs SOP (without co-
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detection). Naturally that the qualitive and statistical analysis should be made for
all combinations of different co-detections that took place in the MPSS — such
wide analysis of crosstab’s data from Fig. 3 will allow to define weak points of
the analyzed configuration and to search the ways of MPSS’s adjusting or new
variant of the configuration. The last approach is presented in the paper further-
more — there are five more variants of MPSS’s configuration with CQ’s calcu-
lated data for each configuration as presented on the Fig. 9 and 10.

Using the crosstab allows to find the SPs with the best “collaborative” fea-
tures (optimal co-detection). It means that for the detecting of the sound wave and
next determination of the sound source’s coordinates it is demanded to have the
detection from two or more sensors. So, what SPs have the high level of co-
detection for two sensors or for three sensors in different combinations it will give
the optimal configuration of the MPSS. It is a classic optimization problem for
non-optimal terrain accessibility.

So, following CQs are presented for other MPSS’s configurations — the fig-
ures are grouped correspondingly (see Fig. 11 & Fig. 18 for Conf. Nr. 2, Fig. 12
& Fig. 15 for Conf. Nr. 3, Fig. 13 & Fig. 16 for Conf. Nr. 4, Fig. 17 & Fig. 19 for
Conf. Nr. 5 and Fig. 18 & Fig. 20 for Conf. Nr. 6).

(Conf ¥ {ConfV (Conf )

1.0

0.40 | 0.36 | 0.28 | 0.88 | 0.00 EERES E 0.42 3.16 | 1.89 | 4.42 | 4.26

0.31 |1 0.94 | 3.38 | 6.45

1.0

14.51 17.67 13.86

1480

14.62 12.88

15.33 15.89 [11.56 ]4.-“ PAH 15.86 17.04

30 20
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50 4.0
50 4.0

6.54 EAURERUREAT] 7 PERVIEROBERVNER] 0.23 BERA 7| 7.50 | 7.50 [ 7.14 | 0.36 | 7.50 | 7.50
SPI SP2 SP3 SP4 SPS SP6 SPI SP2 SP3 SP4 SPS SP6  SPI SP2 SP3 SP4 SPS SP6
Fig. 14. The crosstab of Fig. 15. The crosstab of Fig. 16. The crosstab of

SP, -detection for Conf? SP, -detection for Conf®  SP, -detection for Conf™*
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Fig. 17. CQs for (Conf)® (T =48xd , dataset size N=124542): (W},, (W}, P, B,
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Fig. 19. The crosstab of sp, -detection Fig. 20. The crosstab of Sp, -detection
for (Conf)’ for (Conf)°

Having some field configurations (it means they were actual on the terrain)
itis possible using some qualitive and statistical analysis of the detection effi-
ciency depending on MPSS’s configuration and each or some SP(s) operation to
find the best (the optimal for real terrain or other circumstances) configuration
for the MPSS. The transforming of the configuration means that some SP(s) are
being reset on the terrain (on a new geographic location of the position).
Another way of increasing the MPSS efficiency is just the adjusting some features
of ‘problematic’ SP (sensitivity or blank directions (sectors) establishing).

The mode for MPSS’s transiting to achieve better detection possibilities

The obtained statistics allows to choose the configuration for MPSS for a particu-
lar terrain. For instance, using the computations for (5) and (6) the ‘weak’ points
for each configuration — ineffective SP (SPs) — are obtained. The results al-
lowed to build a priorities scheme (an ontology) to determine where the configu-
ration should be moved towards to — see Table 5.
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Table 5. CQs’ parameters for best configuration

(Conf)! for n=2 for n= ;PNl;or n=1 for n=6 SOP min
(Conf)! 31.71 18.53 10.12 0.39 SP2
(Conf')? 38.29 18.48 12.36 0 SP2, SP3
(Conf')? 31.85 18.42 18.74 0 SP5
(Confy* 38.66 15.53 20.16 12.25 SP4
(Conf)® 45.67 17.87 0 0 -
(Conf')® 43.24 14.93 0 13.14 -
Prioritize 0 T min max none

The optimal configuration should be one with more portion of two and/or
three SPs, with “maximum LPNP” and absent zero or near-zero SOP.

For presented data the optimal configurations were (Conf’ ) and (Conf PR

approximately the efficiency exceeds on 10...15% (it corresponds to valueless
part of single post operating).

CONCLUSIONS

In the research the variant of additional option in multi-position surveillance sys-
tem’s operating using datasets that are generated in sensors of the system is
showed.

One of the key characteristics is a system’s configuration which is possible
to transit to ensure better efficiency of detection by means of system’s sensors.
Both the methodology and the ontology for qualitive estimation of different sys-
tem’s configurations are proposed in the paper. The corresponding results are pre-
sented using graphic distribution of detected events and diagram for efficiency of
system’s elements including 6 sensors. The efficiency of MPSS exceeds on
10...15% due to defining the weakest point of multi-position surveillance system
and its following transition of system’s configuration.

Although the representations with event distributions and SPs’ frequencies
allow to find the best configuration for MPSS operating, the possibilities of the
results are wider. Next step of statistical analysis can be held with respect to the
time durations, like estimating average event distributions depending per period,
building periodograms and some event dispersions. The ontology and methodol-
ogy also will be explored in the next researches. In general, the gained results
would be useful for system engineering when it’s necessary to design both con-
crete system and system-of-systems including multi-position surveillance system,
communication system, GIS, machine learning or deep learning system, etc.
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OIIHIOBAHHSI E®EKTUBHOCTI BATATONO3UIIAHOI CUCTEMH
CIIOCTEPEXXEHHSI HA OCHOBI JOJATKOBOI'O OBPOBJIEHHSA JAHUX
BIA CEHCOPIB 31 3MIHIOBAHUM MICHENOJIOKEHHAM / B.}O. Tumuyk,
0.0. Menskos, O.0. [Tomos, T.B. Tpucatok, C.A. [luOyns

Anoranisi. EdexTnBHICTS 6araTono3uniiiHoi cucTeMu 3alexuTh Bif i1 CTPyKTypH,
a came BiJ KiJIbKOCTI eJIeMEHTIB (CEHCOpIB) y CKJIai CHCTEMH Ta BiJ MiCIEIOJIo-
JKEHHSI CAMHUX CEHCOPIB, sIKi BU3HAYAIOTh KOH(Irypalilo CUCTEMH, a TAaKOX BiJl TOTO,
SIK Ha poOOTYy CHCTEMHM BIUIMBAIOTH CepefoBHILE 1 penbed micueBocti. Po3risiHyTO
00po0OneHHs aHUX Yy 0araToNo3MLiifHI CHCTEeMi CHOCTEPEKEeHHsI SIK 0AaTKOBOI
onepatii nIUIsIXoM 30MpaHHs Ta 00YMCITIOBAIBHUX MaHIIYJISALIH i3 BEIMKUMH JaHU-
MH (HaOOpOM JaTaceTiB) 3 €IEMEHTIB CUCTEMH. 3HAUHUH 00CAT HU(PPOBHUX AaHUX,
[I0 OUPKYJIIOIOTh ¥ 0araTomo3uiiHiil cucreMi (OTpUMYIOTBCS BiJl CEHCOPIB CHUCTe-
MH), YMOXKJIUBIIIOE BUKOPHUCTAHHS CTATHCTUYHHX METOAIB OOpOOIEeHHS NaHuX. 3a-
HPOIIOHOBAHO OHTOJIOTIIO ISl OI[IHIOBaHHS SIKOCTi 0araToNO3WIIHHOI CHCTEMH 3a-
nexHo Bif 11 KoHpirypamiii. Pe3ynbraTé po3noOmiiiB BHSBICHUX IOAIN IOJaHO
y rpadiynux ¢opmax, o 1ano 3MOry BUKOHATH CTATUCTHYHY OLIHKY PO3IOAIICHHUX
JnaHuX. 3poOJICHO BHCHOBKH PO Croci0 modininyBaTH eeKTHBHICTh 6araTtonosu-
LiifHOI cucTeMu B HerependaduyBaHOMY 3MiHHOMY CEPEHOBHILI 3aBISIKM 3MiHI KOH-
(iryparmii cucremu, 3a sAK0i 3a0€3MeUyr0Th Kpallli HOKa3HUKH SKOCTi BUSIBIICHHS.

Kawuogi ciioBa: 00poOIeHHS HaHUX, CIIOCTEPEIKCHHSI, BUABJICHHSI, 0araTomo3uilini-
Ha CHCTEeMa, CUCTEMa CUCTEM, eDEeKTUBHICTb.
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MATRIX-GRAPHIC SIMULATION OF SOCIAL NETWORK:
ERGODIC PROPERTIES

I.Ya. SPECTORSKY, V.M. STATKEVYCH, O.V. STUS

Abstract. We propose mathematical tools for a social network simulation in order to
obtain some sufficient conditions of the network’s ergodicity, that is, the existence
of a steady state as ¢ — +oo . The proposed model is linear; the elements of the net-
work form a two-dimensional array (i.e., a matrix) Q={1,2,...,n} x{1,2,...,m},
where Ai,j(t) €[0,1] is the state of the element (i, j))e Q, >0 is time. An impact

operator 7 is a four-dimensional array; the element T k120 denotes the impact

n m
of the element (j, ) on the element (k,/): (TA)Z.’J. = zznj,k,lAk,l . The impact
k=11=1
operator T is also presented as a directed graph G, whose vertices correspond to
elements (i, j) ) : a directed edge (an arc) leads from the vertex (k,/)eQ to the
vertex (i, j)e Q) if and only if 7; ik >0 and this edge is labelled by the number

A bound B < Q is introduced in such a way that T, ik =0 for

T jt
(k,1)eQ, (i, /)€ B . The state A(¢t+1) attime ¢+1 is defined by the state A(¢)
at the current time ¢ >0 via equation A(f +1) =TA(¢)+ A, where matrix A of di-

mension nxm defines the states of bound elements (i, j)e B ; A, ;=0 for inter-
nal elements (7, j) € Q\ B. Some sufficient conditions for the network’s ergodicity

are given in the form of connectivity properties of the impact graph G . This graph

must contain paths between all pairs of vertices and loops for all vertices. Suggested
conditions provide the spectrum of 7' (with the possible exception of A =1) to be
located inside the open unit disk; we prove that A =1 is an eigenvalue of 7" if and
only if the bound B < Q is isolated (no bound element impacts any internal one).
These spectral properties of T provide that the steady state exists and can be found
by the iterative procedure A(t +1) =TA(¢t)+ A with the given A(0); the iterative

process converges linearly (geometrically).

Keywords: social system, simulation, ergodicity, eigenvalue, Jordan normal form.

INTRODUCTION

Social network analysis is currently one of the most important methods for scien-
tific investigation in sociology, social psychology and other areas (see, e. g., [1; 2]).
A social network is defined by the interaction of network elements, or, in other
words, by impact of network elements on other ones.

Various toolkits can be used to simulate a social network. For example, in
[3; 4] graph theory methods are used to visualize network elements interaction, in
[1] matrix analysis gives a more convenient way to analyze network elements in-
teraction.

© LYa. Spectorsky, V.M. Statkevych, O.V. Stus, 2025
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Usually, a social network is not a static structure, i.e. the state of network el-
ements changes over time. The social network’ behaviour is currently being in-
tensively investigated (see, e.g., [3; 5; 6]), and steady states are of a special
interest (see, e.g., [3]).

The purpose of this work is to obtain some sufficient conditions for social
network ergodicity (independence of a network’s behaviour from initial condi-
tions in extremely distant time), using matrix and graph methods of social net-
work representation.

REPRESENTATION OF A SOCIAL NETWORK AND ITS DYNAMICS

Suppose that the social network (hereinafter referred to as the network) contains
nm elements, arranged in n rows and m columns (n, m € N), i.e. position of

each element is defined by a pair (7, j) € Q, where Q={L2,...,n}x{1,2,...,m} =
={(i,j):1<i<n, 1< j<m} is the set (area) of coordinates of network elements.

The current state of the element (i, ;) is defined by a number 4; ;(¢) €[0,1],
which can be particularly treated as an attitude of the element (i, j) towards
some problem arisen in the network (0 means completely negative attitude, 1
means completely positive one); hereinafter 7N, denotes discrete time
(Ng =NU{0}). Therefore, the current state of the network can be represented as
a matrix A(t)eM,,,,[0,l] of dimension nxm with elements 4; ;(¢)<€[0,1]
(G,))eQ).

Let B < Q) be the bound of the coordinate area ). The states of boundary

elements are described by the boundary condition matrix A of dimension n x m ,
assuming A; ;=0 forall (i, /) € Q\B. Elements (i, /) €Q\B that do not belong
to B are called internal. Hereinafter, assume that B # Q (excluding a trivial case
B=Q).

In order to simulate network dynamics, introduce a linear impact operator
TM,,[Rl>M,,,[R], where M, [R] denotes a linear space of nxm
matrices with elements from R . The operator 7 is considered as 4-dimensional
nxmxnxm array with elements from R, its action on a matrix X e M, [R] is
defined point-wise:

nxm

n m
(TX)i ;=2 2T jwaXna » (1)

k=1 I=1
the element T, ;,, ((,/.k0)e{l,2,....n}x{L2,....m}x{12,....n} x{L,2,...,m})
defines impact of the state of the network element (k,/) on the state of the network

element (7, j) . The following conditions are assumed for normalization reasons:
V(@ j kD) e{l2, . onpx {12, ompx {12, on}x{L2,....m} T, 4, 205 (2)

n m

VG, ) eQ\B: YT =1, 3)

k=1i=1
Since the states of elements on the bound B are defined by matrix A, as-
sume that
V(i,))e BY(k,[)eQ: T, ; ,,=0. (4)
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Given relation (1), this means that (7X), ; =0 forall (i, /)€ B .
Assume that the network state A(¢+1) attime ¢+1 (#>0) is defined by the
network state A(¢) at time ¢ >0 according to the equation
A(t+1)=TA@)+ A, 5)
the network state A4(0) at the initial time ¢ =0 is assumed to be defined by the
initial condition matrix A(0) of dimension nxm with elements (4(0)), ; =
=4; ;(0)€[0.,1] ((7,/) €Q). Note that the summand 74(¢) in relation (5) defines
the states of internal elements (i, j) € 2\ B, the summand A defines the states of
elements (i, j) € B on the bound B.
The correspondence of the initial condition A(0) with the boundary condi-
tion A (on the bound B) requires assumption
(A40)); ; =4, ; forall (i,j)eB. (6)
Lemma 1. Let X be an arbitrary nxm matrix with elements from [0,1]
(XeM 0,1]). Then TX e M 0,1], i.e. the matrix set M 0,1] is closed
with respect to the operator T .

Proof. Equation (1) immediately implies nonnegativity of elements
(TX),; ; €R ((i,/) € Q). For upper bounding (7X); ; € R apply relation (1) giv-

ﬂXm[ n)(m[ nxm[

en condition (3):

n m

n m
(TX); ;=22 T jhaXiy <20 T jwg =1

k=1/=1 k=1/=1
which proves the statement of the lemma. o
The operator 7 can be visualized as a labelled directed impact
graph Gy with vertices corresponding to elements (i,j)€Q: a directed edge

leads from the vertex (k,/) € Q to the vertex (i,/)€Q ifand only if 7; ;,, >0,
this edge is labelled by the number T; ; ;. Note that the operator 7' in fact

defines adjacency matrix Gy, deployed in 4-dimensional array for convenience.

Example 1. Consider the network on the coordinate area Q={1,2,...,n}x
x{1,2,...,m} with the bound B={(1,)),(n,)),(i1),(E,m):1<i<n, 1< j<m}, the
impact operator 7 simulates equal impact on each internal element by its 4
neighbours:

T ;=0 for2<i<n-land 2<j<m-1;
Ti,j,i—l,j = Ti,j,H—l,j = Ti,j,i,j—l = Ti,j,i,j+1 =0.251-a)

for 2<i<mn-land 2<j<m—-1;
T jxs =0 for |i—k|+|j—l|22; T, jjy =0 for ie{l,n} or je{l,m}.

Here a constant o € (0,1) defines the impact value on the element by its 4 neigh-
bours and by itself. The corresponding impact graph G, for a case of n=>5,

m=6, a=0.6 is depicted in Fig. 1, vertices of boundary elements are denoted
by (°).
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Fig. 1

Remark 1. Relations (2) and (3) in the case of B=¢J define linear opera-
tors with stochastic (Markov) matrices (see, e.g., [7; 8]), and some its properties
can be extended on a more general matrix types (see, e.g., [9]).

SPECTRUM OF THE OPERATOR T

It is well known that, although 7: M, [R]— M
the linear space M, [R] (i.e. on the field of real numbers), eigenvalues and ei-

genvectors of the operator 7 in a general case are complex. Hereinafter, in the
context of the operator T , usual notion ‘eigenvector’ is used (despite that the ar-
gument of the operator T is matrix X e M, [R]).

[R] is the linear operator on

nxm nxm

Lemma 2. Let A € C be an eigenvalue of the operator T, i.e. TE =AE for
some nonzero Ee M, [C]. Then |L|<1.

Proof. Let ‘E E |, ie. ‘E

= max |E; ; ; j‘ reaches its maximal value on

ol (i./)=02

(iy, jo) € €2 (obviously, this maximum can be reached at several points). Then, simi-
larly to the proof of Lemma 1, one can obtain:

n m n m n m
‘(TE)i(),jo‘: ZzTio,jo,k,lEkJ < Zzzo,jo,k,1|EkJ| S‘Eio,j() Z Tio,jo,k,l :‘E[(]aj()‘.
k=11=1 k=11=1 k=11=1
o =)\E. . AE. . |<I|E. .
However, on the other hand, (TE), ; =MAE; ; . thus |7»| ‘Elo,m‘— Elodo"

ol (i)

Therefore, since ‘E E; j‘ # 0, it yields the desired estimate |k| <l.o

Theorem 1. Let A € C be an eigenvalue of the operator 7 that belongs to the
unit circle (| A |=1), and let the impact graph G satisfy the following conditions:

e for any internal elements (i, j;),(i,,/,)€Q\B there exists a directed
path from the vertex (i, j;) to (i5,j,);

o for any internal element (i, j) € Q\ B there exists a ‘loop’ (an edge lead-
ing from the vertex (i, j) to the same vertex (i, j)).
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Then A =1, and the corresponding eigenspace is generated by the eigenvec-

tor 1'% e M [C] such that
(IQ\B)U :{1,(l'?j.)EQ\B,
0,(i,j)eB.

Proof. Let Ec€M,,,,[C] be some eigenvector that corresponds to the eigen-
value A € C on the unit circle (|X| =1). Note that E; ; =0 for all (, /)€ B due to
relation TE =AE .

Firstly prove that ‘Ei’ j‘ is a constant that does not depend on (i, j) e Q\ B.

nxm

Let c=‘El-O ; ‘z max |E; |, 1.e. ‘El- j‘ reaches its maximal value on (i, j,) € Q2.
P jeal ™ )
Since any eigenvector is nonzero by definition, constant ¢ =‘Ei0’jo‘= ({1}?;(9 E; j‘
is positive, thus (i, j) € Q\ B . Using relation (1), one can obtain:
ME; o =TE)i jo ZIZ;, Ty jokedEr - (7
Given normalizing conditions (2) and (3), equality (7) implies
|7”| ‘Elo Jo‘ ‘Eioajo‘ io, Jokl‘Ekl‘_‘ ) Jo‘zz ig,joskl ‘ io jo"
Therefore, the triangle 1nequa11ty
n -m n m . .
‘ io JO‘ ZZEO,_jo,k,lEk,l < ZZTio,jo,k,l‘Ek,l‘ turns into equality:
k=11=1 k=11=1
n m
iy, i0| = 22T o) = >3, (8)
k=1i=1 k=1/=1

io JO‘ for all (k,/)eQ\B such that

T jokd > 0. Further, recall that for nonzero zj,z;€C the equality

which is possible if and only if ‘Ekl‘ ‘E
|Zl + 22| = |zl| +|22| holds if and only if their arguments are equal: argz, =argz,.

So, relation (7) implies that £, ; = kE for all (k,0)e & (iy,jo) , where the set
&! @iy, jo) ={(k,]): T, 0. jookd > 0} contains all elements (k,/) e Q\ B that directly

impact the element (i, j,) (there exists an edge from (k,/) to (iy,j,))- There-

fore, since (iy, jj) € & (iy, jo) (by the theorem conditions, there is the loop for the

element (ip, jo) €Q\B), it is easy to see that A=1, and E;;, =E; ; for all

(k,])e El(io, Jo). Repeating these considerations for each (l; ,IN) € El(k,l) ,
(k,1)e E(iy, jo), one can obtain that (k,l)e &Gy, jo), where the set E(iy, jo)
contains all elements (k,/) e Q\ B that directly or indirectly impact the element
(iy,jo) (there exists a path from (k,/) to (iy,jy)). Finally, the theorem condi-
tions provide that for any (i}, j;),(i,, j,) € Q\ B there exists a directed path from
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(i) 10 (iy,/5), thus €3y, jo)=Q\B, E=E, , -1%8

0sJ0 , which completes the

proof of the theorem.o

Corollary. Under the conditions of Theorem 1, the eigenvalue A =1 of the
operator T is a simple one (a single root of its characteristic polynomial).

Proof. Assume that the eigenvalue A =1 is not simple, i.e. it is a root of the
characteristic polynomial of multiplicity 2 or more. Then, by Theorem 1, the
eigenvalue A =1 corresponds to a one-dimensional eigenspace, and for A =1

[C]:

there exists (see, e.g., [10, 11]) a generalized eigenvector 198 e xm

7 198 =) 9B L[N =[98 L ]98 So, for an arbitrary €N one can

obtain: 77 - 1'% = 198 4 4.1 which contradicts to Lemma 1 for sufficiently
large ¢ € N . This contradiction proves that the eigenvalue A =1 is indeed simple. O

Theorem 1 proves that, under the given conditions, the unit circle can con-
tain at most one eigenvalue of the operator 7, namely A =1. However, the theo-
rem does not exclude the case when the unit circle does not contain any eigen-
value of the operator 7 (by Lemma 2, in this case all eigenvalues of T are
located inside the open unit disk). It is easy to derive from the proof of Theorem 1

that A =1 is an eigenvalue of the operator 7 if and only if ZZ,«/J@! =1 for all
(k.)eO\B
(i, j) e Q\ B, which, given conditions (2) and (3), is equivalent to the following
condition:
V(i,j))eQ\BV(k,[)eB:T, ;,,=0. )

Obviously, condition (9) means that the network bound is isolated from the
rest of the network: no element (k,/) € B can impact any element (i, j) e Q\ B. If
condition (9) does not hold, there is at least one element (k,/) € B that impacts
some element (i, j) € Q\ B.

To simplify further analysis, consider a block structure for matrices on Q with
respect to the partition 2= (Q\ B) U B. For an arbitrary matrix 4 M,,,,[R] con-

sider a block Aq z of elements from Q\ B . Although the rectangle structure for
area QQ\ B may be distorted (see, e.g., Fig. 3), one can treat M, 5[R] (as well as
M 3[C] if necessary) as a linear space of real (complex) ‘vectors’, whose en-
tries are numbered by coordinate pairs (i, j) € Q\ B. So, for the network in Fig. 3,
one can obtain the following block An\z € Mo z[R] (vertices of boundary
elements are denoted by «o »):

Ay Ay Ay A
Agp =4y ° o Ay
Ay Ay A3z Ay
Similarly, (provided B # ) consider the linear space M z[R] and the block
Ap € Mg[R].
Further, define Tg, 505 : M p[R] > Mg [R] as a linear operator on the
block space Mg z[R]:
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V(l,j) eQ\B \V/(k,l) ceQ\B: (TQ\B,Q\B )i,_j,k,l = T},j,k,l;

(Tasosdos)ij= 2 Topon)ir(4os)i-
(k)e\B
Similarly (provided B#(J) one can define a linear operator Tg\p p :
Mp[R]—> Mg p[R]:

Vi, ) e Q\BY(k,[)e B:(To\pp)i,j ki =Tij ks

(Toss48)i; = 2 Toss)ijxi(4p)is
(K.DeB

Note that one can in a similar way define linear operators Tg g :
M p[R]—> Mg[R] and Tgp:Mp[R]—> Mp[R]; however, according to

definition of the bound B (condition (4)), these linear operators are zero.
Now equation (5) can be rewritten as a system:

{AQ\B (t+D)=Topasdas()+Top pAs(1) + Aqp;
Ag(t+1)=Ap.
Note that, by definition of the network bound, A; ; =0 in equation (5) for
(i,7)eQ\B, thatis Ag 3 =0,s0 (for t>0)
{AQ\B (t+1D)=Tapopdas ) +Tap pAp(1);
Ag(t+1)=Ap.
Further, the second equation implies Az(f)=Ap forall =1, and for 1=0

the initial condition corresponds to the boundary one by relation (6), so the ob-
tained system can be written for any 7 >1 as

Aap(t+D)=Top 0405 (1) + Tas A gs

(10)

where A (0) is defined by the initial conditions.

Consider system (10) in two cases: when condition (9) holds (isolated
bound) and when it does not hold (non-isolated bound).

A. Suppose that condition (9) holds. Along with condition (4) it means that in
the impact graph Gy all boundary elements are isolated (see, e.g., Fig. 2 and 3),
vertices of boundary elements are denoted by «° ».
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In the case of isolated bound, the structure of the operator 7' is similar to a
block-diagonal matrix: T} ;,; =0 if either (i,j)eQ\B and (k,/)eB, or

(i,j)€B and (k,/)eQ\B. The operator T, p g is zero in the case of isolated
bound, thus system (10) for >0 takes a form
Ao\p(t +1) =Tgy g 03 A (1)
{AB(t+1) =Ajp.

Given normalizing conditions (2) and (3), the linear operator Tqy\g o\ can be

(11

treated as an operator with stochastic matrix, which has the eigenvalue A =1 with the
corresponding eigenvector IQ\B € Mq 3[C]: d ag )i, =1forall (,/))eQ\B.

B. Suppose that condition (9) does not hold. It means that in the impact
graph G at least one boundary element is not isolated (see Fig. 1 in Example 1).

According to condition (4), T; ; ;=0 for any (i,j)€ B and (k,[)eQ, so

for the operator 7' it is worth considering a block structure similar to one consid-
ered in case A; in the case of non-isolated bound this structure of course is not
block-diagonal.

In the case of non-isolated bound equation (5) can also be written in a general
form like system (10) (but not like system (11), since the operator T,z 5 is nonzero).

Remark 2. For irreducible matrix Perron—Frobenius theorem is well known
(see, e.g., [10; 12]). This theorem is similar to Theorem 1, but does not require
positivity for the diagonal elements (existence of loops on the corresponding im-
pact graph), which makes it possible for several eigenvalues to have the maximal
absolute value (in the context of Theorem 1 it means that the unit circle can con-
tain several eigenvalues of the operator 7). Perron—Frobenius theorem is also
applied for the Analytic Hierarchy Process, developed by T. Saaty, particularly in
practice problems of economic, industrial, administrative and psychological
kinds, in problems of conflict analysis and in other areas [12].

SUFFICIENT CONDITIONS FOR THE NETWORK ERGODICITY
Jordan normal form of matrix: existence of limit lim Q'
t—>+0

To analyze the network’s behaviour as ¢ — 400, it is essentially important to
know the spectral properties of the impact operator T , and these properties can
be effectively explored via Jordan normal form of the corresponding matrix (see,
e.g., [10; 11]). For referring convenience, consider some statements related to Jor-
dan normal form, which are known or can be easily proven.

It is known (see, e.g., [10; 11]) that for any matrix Q € M, y[C] there ex-

ists the nondegenerate transition matrix V € M, y[C] such that Q=VJ vy,
where J € My, [C] is the following block-diagonal matrix:

Ay, 1.0 - 0 O

J, 0 - 0 0 A, 1 -« 0 0
;|0 S 0 T R N PR
A I (T T W T NgxNg L™

0 0 - v, 0 0 0 Ay 1

0 0 0 0 - A

Cucmemni docnioxcenna ma ingpopmayivini mexuonoeii, 2025, Ne 4 45



1LYa. Spectorsky, V.M. Statkevych, O.V. Stus

A, eC,1<s<p.

Matrix J is called Jordan, each matrix J, (1<s<p) is called a Jordan
block of dimension N, corresponding to an eigenvalue A, € C; by this construc-
tion, N+ N, +---+N,=N. Note (see, e.g., [10; 11]) that the columns of the
transition matrix V' are eigenvectors and generalized eigenvectors of matrix Q,
and they form so called Jordan basis in C" .

To compute Jordan matrix, it is convenient to use the following well-known
formula:

Do 0 e R S
D) o 0 % ot 0
0 (J )l e O t s t"™s
J' = S RO R
o PR
t s s
0 0 - () A
t s
(1<s<p, t>1). (12)

(see, e.g., [10] for approaches to defining polynomial and even analytic functions
of a matrix).

Given the transition equation Q' =V.J 'y formula (12) provides conven-
ient tools to analyze Q" for different ¢ € N, particularly as ¢ — +oo .

Hereinafter in the space C" the norm ||v|| = max
® 1< j<N

vj‘ (veC") is used, in
the space M, x[C] the corresponding matrix norm is used:

N
= s ol = poy S

, (13)

the norm of a linear operator is assumed to be defined by the operator norm of the
corresponding matrix by formula (13).

The convergence lim R, =R of the matrix sequence R, € M, y[C]
t—+0

(teN) to matrix Re M, ,[C] with respect to norm (13) is equivalent to the
entrywise convergence: lim (R, )[.j =R;; forall I<i<M, 1<j<N; the con-
t—>+©

5

vergence of the sequence of the linear operators is treated as the convergence of
the sequence of corresponding matrices.
Lemma 3. Let J; be a Jordan block corresponding to an eigenvalue A, € C

such that |}\4S| <1. Then:

o th J,) :OquNy , where ONnyS is a zero matrix of dimension
" s XN, :

NyxNg;
e The convergence lim (J,) = 0 N xN, 1s linear, i.e. there exist constants

t—>+0©

C,>0, g, €[0,1) and a number ¢, € N such that
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1], <Cs-(g) forall >z, (14)
Proof. It is sufficient to prove that each entry of the matrix J; converges to
zero: 0<C} A ‘H < tl—:‘k S‘H — >0, which implies the required convergence

lim C;‘Xs‘t_i =0 for all 0<i<N, (assuming C, =0 for i>t). To prove esti-
t—>+wo

mate (14), one can choose sufficiently large ¢, so that for H(¢) =Cti ‘XS‘H the

following estimate holds: g, = H;t(st +)1) < (tst +1)NS -|X S| <l.o

Corollary. Let the matrix O have the simple eigenvalue A =1 with an ei-

genvector v, € CV, and let any other eigenvalue A, of Q belong to the open

unit disk ([Ay| <1 for s # s;). Then:
e There is the convergence lim Q' = QeM nxnv[C] with Qv=cv50 for
t—+0

any vector v e C", where the constant ¢ € C is defined by the vector v e cV;

e The convergence lim Q' =Q is linear, i.e. there exist constants C, >0,
t—>+o0

qo €[0,1) and a number 7, € N such that

Proof. The convergence lim O =QeM yxn[C] is implied by formula

t—>+0
(12) and Lemma 3; moreover, Lemma 3 and the condition of the corollary yield

equality Q —VJV~', where

Q’—Q‘L <C,-(go) forall t21,. (15)

0 - 0 o .- 0
. 10 1 oo e 0
J= .

0 v O e .- 0

(the only nonzero element of the matrix J corresponds to the block

Jg =4 ;0 =(1) forall £>1). So, rank J =1, whence, due to nondegeneracy of the

transition matrix V', ranszrankj =1. Therefore, the matrix Q defines the

linear mapping with one-dimensional image generated by the vector v, , so

equality Qv =cvy, holds for some constant ¢ € C . Finally,

jo' -2l === <.,

.-

= ||V|Lo -HV‘IH -max

© SES))

)

=, - maxcc, (g

S#So
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for all #>¢, =maxt,, that proves estimate (15) and thereby completes the proof
S#S()

of the corollary. o

Sufficient conditions for the network ergodicity: isolated bound
In the case of isolated bound, the network’s behaviour is completely described by
system (11).

Theorem 2. Let the impact graph G satisfy the following conditions:

e for any internal elements (i, j;),(i,,/,)€Q\B there exists a directed
path from the vertex (7}, j;) to (i5,/5);

e for any internal element (7, 7)€ Q\B there is a loop (an edge leading
from the vertex (i, j) to the same vertex (i, j));

e all boundary elements (7, j) € B are isolated vertices.

Then:

e Ao (t)wc-l a\p » Where the constant ¢ €[0,1) is defined by the

block A 5(0) € Mg 5[0,1] representing the states of internal elements at the ini-

tial time 1 =0, 155 € My 5[0,1], (l OB ) =1 forall (i, /)eQ\B;
i,j

e The convergence Ag (t)wc-lg\ g 1s linear, i.e. there exist con-

stants Cy, >0, g, €[0,1) and a number #, € N such that

< CO '(qo)t forall > to .
Proof. The statement of the theorem is implied by Theorem 1 and corollary
of Lemma 3. O
Theorem 2 states that (under the given conditions) for the network with

Ao —c-lag

isolated bound there is a set of steady states c-lQ\B (ce€[0,1)), where 19\ B

under the given conditions (see also Theorem 1) is an eigenvector of the operator
Topap corresponding to the eigenvalue A =1. Recall that the linear operator
Toypo\p under the given conditions can be treated as an operator with stochastic
matrix, which always has the eigenvalue A =1 with the eigenvector
19\ p € M 5[R] (since the initial and boundary conditions are located inside the

line segment [0, 1], one can choose IQ\B € Mq 5[0,1]).

Remark 3. Under the fixed initial conditions A(0) e M [0,1] (or equiva-
lently, Aq\5(0)€ Mg 5[0,1]), computation of the steady state c-lQ\ p (in fact, it

means computation of the constant ¢ €[0,1)) can be reduced through decomposi-
tion of Ag 5(0) by the Jordan basis of the operator T, 55 - However, computa-
tion of the Jordan basis for real-world networks can become significantly more
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complicated due to the large size of the set 2\ B and (consequently) the dimen-
sion of the space M, 3[R]. Therefore, practically reasonable approach is to ap-

proximate (numerically) the eigenvector c-lQ\B using the iterative procedure
described by system (11).

Obviously, in the case of isolated bound the block of internal elements of the
network can be considered as a network with empty bound (B =), and this
network’s behaviour is described by the first equation of system (11).

Example 2. Consider the network on the coordinate area Q={1,2,...,n} x
x{1,2,...,m} with the bound B =, the impact operator 7 simulates equal im-
pact on internal elements by its 4 neighbours:

T ;i;=o forall 1<i<nand 1< <m;

T i, =025(1-0a), if 2<i<n-1 and 1<;j<m;
T i+ =025(1-0a), if ISi<n and 2<j<m-1;
Bjoj=Thjna,;=050-a), if 1< j<m;
Tivi2=Timima1=05(1-0), if 1<i<n;

T, 40 =0, if [i—k|+[j—1]22,

where o €(0,1) is a fixed constant. The corresponding impact graph G, for the
caseof n=3, m=4, a.=0.6 is depicted in Fig. 4.

Fig. 4
Rewrite equation for transition of state A(¢) to the next time moment:
(At +1)); ; = a(A(@)); ; +0.25(1 = a)((A(®)); 1, ; +
(A(t+ 1)), ;= a(A@); +0.2501 = (AW ;-1 +
+(AD); j11) +0.5(1 - a)(A(?)),,; for 2< j<m—1;

(At + 1))y, ; = (A1), j +0.251 = )(AWX)),, 1 +
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+(A(), 1) +0.5(1= a)(A(D)),y ; for 2< j<m—1;
(At +1)); ;1 = (A1) +0.25(1 — o) ((A(#)) -1,y + (A1) i10) +

+0.5(1—a)(A()),;, for 2<i<n—1; (A(t+1)),, = a(A()),, +

in

+0.25(1—a)((A(2)),_,, + (A(?)),,,) +0.5(1— o) (A(2))

i+l,n in—1 for 2< i<n -1 ;

(A +1));; =a(A4(@))1; +0.5(1 = o) (A1) 2 + (A())21) 5
(At +1),; =0(A(1)),; +0.501 = a)((A(?)), 2 + (A1) -11) 5

(At + 1)y = UAD)1, + 0.5 = )((AD)1 -1 + (A2, 5

(At + 1)),y = (A1), + 0.5 = (A1), -1 + (A1) -
Considering coefficients of (A(7)); ; for the different pairs (i, /) €€, one
can construct a function §,,:M[0,1]—>[0,1] as a ‘weighted’ sum of (A4(?)); ;,
which is a constant value forall £>0:
n—lm-1 m—1 m—1 m—1 m—1
i=2j=2 j=2 j=2 i=2 i=2
+0.25(X) + X, + Xy, + X, ) for X e Mqg[0,1].

For X = A(t +1) one can obtain:

n—lm-1

S (A +1) =D D (A +1)), ; +

i=2 j=2

m=1 n—1
+0.5 ( (A +D)y; + (A +1), )+ 2 (A + D)) +(AE+D),, )} +
i=2

j=2
+0.25((A( + 1)y + (AE + 1)y, 1 + (A D)y + (AC+ 1)) -

Simplify separately three summands in the right-hand side of the obtained
relation:

n—1m—1
2 2 (A +1); ;=
i=2 j=2

n—1m—1
=2 2 (a(A@)); ; +0.25(1 = a)((A(1));_y j + (A@))i41,; + (AD); j—y +(AWD)); 1)) =
i=2j=2

n—lm—1

= OCZ Z(A(t))i,j +

i=2 j=2

n—1m-1

+0.25(1-a), Z((A(t))i—l,j +(A@))iq1,; +(A@); jog +(AWD); 1) =

=2 j=2

n—lm-1

=a Y 3 (A1), ; +0.25(1—0)

i=2j=2
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n—=2m-1 n n—=lm=2 n=1 m
(Z 2 (A®);+ 2 Z(A(t))l J 2 2 (AW, + 2 2 (AW JJ

i=1j=2 i=3j=2 i=2 j=1 i=2j=3

n—1m-1 n—lm—1 n—1m-1
=ay, Z(A(t))i,j +0.5(1- a)[z Z(A(t))i,j + Z(A(t))i,jj +

=2 j=2 =2 j=2 i=2 j=2

m—1 m—1 m—1
+0.25(1 _G)[Z(A(t))l,j = 2 (A®),1 Z(A(t))z ;T Z(A(t))n ]j
j=2

J=2

n—1 n—1 n—1 _
+0.25(1- a)[Z(A(t))i,l = 2 (AW ey = 2 (A0 + Z(A(t))i,mJ =

i=2 i=2 i=2 i=2

n—lm-1 m—1 m—1
=2 2 (A®);; +0.25(1~ OL)EZ((A(I))] j =A@, )+ Z((A(t))n j—(A0)y,;)

i=2j=2

n—1
+0. 25(1 (X)(Z((A(t))l 1 (A(t))l m— 1) + Z((A(t))z m (A(t))l 2)]

i=2 i=2

0. 5(2(1‘1(”1))1 jt Z(A(Hl))n it Z(A(t+1))zl + Z(A(Hl))l m]

j=2 i=2

=0. 5“{ z((A(t))l J + (A(t))n /)+ Z((A(t))l 1 + (A(t))t M)J

j=2

m—1

+0.125(1 - o) Z((A(t))l,j—l + (A, j1 +(A@)),, jo1 + (A0, 1) +
j=2

n—1
+0.125(1 - OC)Z ((A@))i—1y + (A@) 1 + (A@)j—g,p + (A 1,m)) +

+0.25(1 - Ot)[Z((A(t))z j @), )+ Z((A(t)), 2+ (AD)i - 1)J

j=2

- 0.5a[%2<(A<r>)l,A, FAW),)+ SAAW),, +AD),, )}

+0. 25(1 (1,)[ Z((A(t))l J + (A(t))n J ) + Z((A(t))l 1 + (A(t))l m)]

j=2
+0.125(1 = a)((AD)11 = (A 1 = (AD)1 2 + (ADO) ) +
+0.125(1 = a)((A(®))1 = (A1) -1 = (A(0) 2 + (A(0)) ) +
+0.1251 = o)((A(D)1 = (A1) 11 = (A(D)) 21 + (AD)) 1) +

+0.125(1 = a)((AD)1, . = (A@) -1, = (A2, + (A1) +
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m—1

n—1
+0.25(1- Ot)[ (A2, + (AWD),1, ) + 2 (A2 + (A(t))i,m—l)J =
i=2

j=2

m—1
=0. 25{ D ((A@),j +(AWD), )+ Z((A(t)), 1+ (A0), m)j

m—1 n-l
+ 025&[ ((A@Dy; + (A@D,, ) + 2 (AD); + (AD)); )] +
i=2

j=2
+0.25(1 - Ot)[Z((A(t))z, + (A1), + nZ((A(t))l 2 + (A I)J

+0.1251 = o)((A()1) = (A1 -1 = (AD)1 2 + (A1 ) +
+0.125(1= a)((A(#)) ;1 = (AD) 1 = (A0 2 + (A0, ) +
+0.125(1= o) (A1 = (AD)) 1,1 = (A(D) 2 + (A(0))1) +
+0.125(1 = ) (A1, = (AD) 1 = (A2 + (AD) )5
0.25((A(F + 1)1y + (A + 1)),y +(AE + 1))y, +(ACE+1D),, ) =
= 0.25a((A@)11 + (AD)) 1 + (AD)1 + (AD)),0) +
+0.1251 = o)((A()1 2 + (AD)) 21 + (AD)) 11 + (A1), 2) +

+0.125(1= o)((A(#)) 2, + (A1 1 + (A ot + (AD) 1)

Collecting these summands together, one can obtain:

S, (A(+1)) =
n—1lm-1
=2, 2.(A@); ; +0. 5[ 2. ((A@); +(AD),, )+ Z((A(t))l 1+ (A(0), m)J
i=2j=2

+0.25((AO)11 + (AD) 1 + (A +(AD) ) = S, (A(D)),

whence
5,,(A(0)) = SW( lim A(r)) - Sw(c S j —c. SW[I o5 j -

=c(n-2)(m-2)+05-2-(n-24+m—-2)+025-4)=c-(n-1)(m-1),

Sy (4(0))

le. c=¢n Ty

Particularly, for n=20, m=10, a=038, (4(0),;=

1, i=j=1, ) )
= {O h / ) one can obtain ¢ =%z 0.00146 . All data are written
, otherwise,

: ‘o : : 0.00001 ~
with precision up to 0.00001 which corresponds to relative error 5577 =0.01,

the convergence by the iterative procedure (10) with such precision is achieved
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approximately for ¢ >5000 . It is interesting to note that for this impact operator

T the steady state c-lQ\ » does not depend on a €(0,1); however, the value

a €(0,1) affects on the convergence rate (for a=0.6 precision of 0.00001 is
achieved approximately for ¢ >2500).

Sufficient conditions for the network ergodicity: non-isolated bound

In the case of non-isolated bound, the network’s behaviour is completely de-
scribed by system (10).

Theorem 3. Let the impact graph G, satisfy the following conditions:

e for any internal elements (i, j;),(i,,/,)€Q\B there exists a directed
path from the vertex (i, j;) to (i5,j5);

e for any internal element (i, j)€ Q\ B there is a loop (an edge leading
from the vertex (i, j) to the same vertex (i, j));

o at least one boundary element (i, j) € B is not an isolated vertex.
Then there exists the unique vector IZIQ\ 5 € Mo 5[R] such that:

* Aop()—=5>4as;

. - . . )
the convergence AQ\B(t)W)AQ\B is linear, i.e. there exist con

stants Cy >0, g, €[0,1) and a number ¢, € N such that
“AQ\B (1) - 12[9\3”()O <Cy- (qo )t forall 1>¢,.

Proof. System (10) yields the explicit form for A, z(¢) (£21):

t—1

Ao () =Tan.008) 430+ X (Ton.08) T30 (16)
s=0

Due to Theorem 1, all eigenvalues of the operator T, 5 o\p are located in-

side the unit disk, so by virtue of Lemma 3 there exist constants C >0, g €[0,1)
and a number ¢, € N such that ”T Q\B.0\ BH <C-q' forall t>t,, which yields the

required convergence:

A +00
Ao p()—=7>4as = Z(T Q\B,Q\B)lT 08,805 -
t=0
Finally,
~ I P qt+l
“AQ\B (1)- AQ\B“OO =| 2 Tap0s) Tossds| < C“TQ\B,BAB“OO g
s=t+1 0

so the convergence Agp(f)———>4q\p is indeed linear. 0

Theorem 3 proves that, under the given conditions, for the case of non-
isolated bound there exists the unique steady state 1:19\ B € Mg 3[R] (moreover:

/AIQ\ B € M 5[0.1], since the initial and boundary conditions are located inside the
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line segment [0,1]). The equation for the state IZIQ\ p can be obtained from the first
equation of system (10) as ¢ — +oo :

Ao\p =Tap.osdos +Tap A5 - (17)
Remark 4. Since all eigenvalues of the operator T,z 5 under the given

conditions are located inside the open unit disk, equation (17) under these condi-
tions has the unique solution. However, direct solving equation (17) for real-
world networks usually becomes significantly more complicated due to the large
size of the set QQ\B and (consequently) the large dimension of the space

M o, 3[R]. Therefore, practically reasonable approach is to approximate (numeri-
cally) flg\ p using the iterative procedure described by system (10).

Example 3. The network with the impact operator 7 from Example 1 is ob-
viously the network with non-isolated bound. The conditions of Theorem 3 hold,

so the network has the unique steady state flg\ g € M\ 5[0,1]. Equation (17) for
this network takes the form:

(A 5 )i,; =0.25(1- a)((/]Q\B)i—l,j +

+(Aa\p)is,j +(Aavg)i, j1 + (Aang)i, j41) + 0(Aep);
for all internal (i, /) e Q\B (i.e., for all 2<i<n—-1 and 2<j<m—1). Thus,
given o # 1, one can obtain:

(AQ\B)i,j = %((AQ\B )i—l,j + (AQ\B )i+1,j + (AQ\B )i,j—l + (AQ\B )i,j+1 ) .

Assume that the block A4, = A p =Ajp representing the states of boundary el-
ements of the network is defined by four arithmetic progressions:

(Ap)y, =(Ay)y, +(j—DEL2m2 1< j<m;

m—1

. (Ag)nm=(Ap)ns .
(Ap)y,; =B,y +(J D=7, 1< j<m;

m—1

(Ap)iy =(Ap), +(i_l)w, 1<i<n;

n-1

(B =By, + (=D Famte 1<i <,

n—1
where the states of the corner elements b, s =(Ag) 15 Doy g = (Ap)1
bb(momﬂlmvt =(A B)m1 , bbottom,right =(A B)m1 are the given constants from [0,1]. It is

easy to see that all elements of matrix flg € M[0,1] (the steady state of the net-
work) also form arithmetic progressions by each row and each column:

~ . bbottom, left _btop, left
(AQ)i,j = btop, left T (l - 1) -1 +

. (bbottom, right _bbottom, left )—(btop, right _btop, left)
(btop, right _btop, left)+(i=1) o

+(=1) -

m—1

— i1 J-1
- btop, left T ﬁ(bbottom, left — btop, left) + m—1 (btop, right — btop, left) +
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i-1)(j-1
+ (n—l)i(fnfl) ((bbottom, right bbottom, left) - (btop, right btop, left )) (18)

The table contains the steady state ;IQ of the given network for n =20,

m=10, a=0.38, btop, left = 0.3, btop, right = 0.5 ’ bbottom, left = 0.3, bbottom, right =
=0.9; all data are written with precision up to 0.01. Precision 0.01 is achieved
by the iterative procedure (10) approximately for > 650. It is interesting to note

that for this impact operator 7 the steady state flg does not depend on a € (0,1);
however, the value a €(0,1) affects on the convergence rate (for a=0.6 preci-
sion of 0.01 is achieved approximately for ¢ >320).

Table
i J
1 2 3 4 5 6 7 8 9 10
1 0.30 0.32 0.34 0.37 0.39 0.41 0.43 0.46 0.48 0.50
2 0.33 0.35 0.37 0.39 0.41 0.43 0.46 0.48 0.50 0.52
3 0.35 0.37 0.39 0.42 0.44 0.46 0.48 0.50 0.52 0.54
4 0.38 0.40 0.42 0.44 0.46 0.48 0.50 0.52 0.54 0.56
5 0.41 0.43 0.45 0.46 0.48 0.50 0.52 0.54 0.56 0.58
6 0.43 0.45 0.47 0.49 0.51 0.53 0.55 0.57 0.59 0.61
7 0.46 0.48 0.50 0.51 0.53 0.55 0.57 0.59 0.61 0.63
8 0.48 0.50 0.52 0.54 0.56 0.57 0.59 0.61 0.63 0.65
9 0.51 0.53 0.55 0.56 0.58 0.60 0.62 0.63 0.65 0.67
10 0.54 0.55 0.57 0.59 0.60 0.62 0.64 0.66 0.67 0.69
11 0.56 0.58 0.60 0.61 0.63 0.65 0.66 0.68 0.69 0.71
12 0.59 0.61 0.62 0.64 0.65 0.67 0.68 0.70 0.72 0.73
13 0.62 0.63 0.65 0.66 0.68 0.69 0.71 0.72 0.74 0.75
14 0.64 0.66 0.67 0.69 0.70 0.72 0.73 0.74 0.76 0.77
15 0.67 0.68 0.70 0.71 0.72 0.74 0.75 0.77 0.78 0.79
16 0.69 0.71 0.72 0.74 0.75 0.76 0.78 0.79 0.80 0.82
17 0.72 0.73 0.75 0.76 0.77 0.79 0.80 0.81 0.82 0.84
18 0.75 0.76 | 0.77 | 0.78 | 0.80 | 0.81 | 0.82 | 0.83 | 0.85 | 0.86
19 0.77 | 079 | 0.80 | 0.81 | 0.82 | 0.83 | 0.84 | 0.86 | 0.87 | 0.88
20 0.80 | 0.81 0.82 0.83 | 0.84 | 0.86 | 0.87 | 0.88 | 0.89 | 0.90

Remark 5. In Examples 2 and 3 it is possible to compute analytically the
steady state as ¢t — +00. However, as it is mentioned in Remark 4, direct solving
equation (17) for real-world networks usually becomes significantly more com-
plicated due to the large dimension of the space M g, z[R]. Therefore, practically
reasonable is to apply the iterative procedure described by system (10). For more
details about analytical solving recurrent relations with multiple indices (with in-
dices (i, j) € Q in the given case of two-dimensional network) see, e.g., [13].

CONCLUSIONS

e Matrix model for social network is proposed, mutual impact of network
elements is represented by the linear impact operator 77 and the corresponding
labelled directed impact graph G .
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o Sufficient conditions for the network ergodicity are given in terms of ex-
istence of a steady state, which defines the network’s behaviour as ¢ — +o0 .

o For the proposed model, spectral properties of the operator 7' are explored.

e Sufficient conditions for the network ergodicity are given in the form of
existing eigenvalues of the operator 7' on the unit circle, and in the form of
strong connectivity of the impact graph G, .
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MATPAYHO-TPA®IYHE MOJEJTIOBAHHS COIIAJIBHOI MEPEXI:
EPTOANYHI BJACTUBOCTI / 1.4. Cnekropebkuit, B.M. Crarkesuu, O.B. Ctychb
AHoTauisi. 3anponoHOBaHO MaTeMAaTUYHUI amapat MOJCIIOBAHHS COL{aJbHHX Me-
pex, KUl T03BOJISIE OTPUMATH JOCTATHI YMOBH €ProANYHOCTI Mepexi, TOOTO icHY-
BaHHsA IPAaHMYHOTO CTAlliOHAPHOTO CTaHy NMpH { —> 400 . 3alpPONOHOBAHA MOJEIb €
JHIAHOIO: ENIEMEHTH MEPEXki YTBOPIOIOTH ABOBHUMIPHHUI MacHB (MaTPHIIO), €ICMCH-
TOM MaTpHIli B MOMEHT 4acy ¢ > (0 € cran Ai,j (¢) €[0,1] enementa 3 koopaMHa-

tamu (i, j) € Q={1,2,...,n}x{1,2,...,m} . B3aeMHuii BIIMB MiX eleMEHTaMM 3a]a-
HO ONEPaTopoM BIUIMBY I — YOTHPMBUMIPHMM MAacHBOM, €JIEMEHTH Ti!j‘k’ ;20

AKOro Io3HauaroTh BB enemenTa (k,/)eQ mHa enement (i,/)eQ:

n m
(TA), . = ZZT oA, - Ana T sanpornonosano s06paenns y suriiai rpady
ij ij k4,
k=1 1=1
Gp , BEPUIMHU SKOTO BiANoBinaloTh enementam (i, j) € (): opientoBane peGpo

(myra) 3 MITKOIO Tz‘,j,kJ Beze Bin Bepmmnn (k,/) € QO o Bepumnn (i, j) € QQ

TOJI ¥ TIJABKH TOZ1, KOJIH Ti,j,k,/ > (. Ha Q Bugineno xpait B Q: Ti,j,k,l =0
ans (k,1)eQ, (i,j)eB.Cran A(t +1) Mepexiy MoMeHT yacy ¢+1 BusHAuaeTh-
ca craHom A(t) Mepexi y MomeHT uacy ¢>(0 3rigHo 3 piBHAHHAM
At +1)=TA®) + A, ne matpuust A posmipHOCTI 71X i BU3HAYA€E CTaH Kpaiio-

BUX CJIEMEHTIB Mepexi; A ;= (0 A7 BHYTPINIHIX €JIEMEHTIB (i, ]) eQ\B. JHo-

1
CTaTHI YMOBH €ProJMYHOCTI MEpPekKi HaJaHO y TepMiHaxX BIACTUBOCTEH 3B’SI3HOCTI
rpady BBy G : MarThb iCHyBaTH NLIAXM MK JOBUIBHUMH BEPIIMHAMH Ta Yci
nerni. HaBeneni yMoBH 3a6e31€uyioTh pPO3TAllyBaHHs CIIEKTpa oreparopa I Bce-
PEAUHI OJMHMYHOIO KpyTa 3a BHHATKOM, MOXIHBO, A =1; noseneno, mo A =1 €
BIIACHMM YHCIIOM | JIWINE y BUMAJKY i30JIbOBAHOTO Kparo (KOIEH KpailoBMil ere-
MEHT He BIUIMBA€ Ha JKOJCH BHYTPILIHINA eleMeHT Mepexi). HaBeneHi criexTpaisHi
BracTUBOCTI | 3a0e3NedyroTh iCHYBaHHS CTAal[iOHAPHOTO CTaHy, SKUH MOXHA 3Ha-
xozuTH itepauiiinoro mponenypor A(¢ +1) = TA(t) + A 3a sananum A(0) 3 reo-
METPUYHOIO (JIIHIHHOIO) IIBUKICTIO 3015KHOCTI.

KurouoBi ciioBa: cornianbHa Mepeska, MOJICIIOBaHHS, €proANYHICTh, BIACHE YUCIIO,
JKOpZIaHOBA HOpMaJlbHa (opMma.
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ANALYSIS OF ACTUARIAL RISK WITH GENERALIZED
LINEAR MODELS
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Abstract. The problem of applying generalized linear models to the analysis of ac-
tuarial risks in the context of premium charges to clients was considered. The
Monte-Carlo method for Markov chains was applied. Two situations were consid-
ered for the computational experiment. For the first one, insurance indicators and the
target variable were randomly assigned due to the problem of public data access. To
create three datasets, charges were generated from normal, gamma, and Pareto dis-
tributions with dynamic variance, and noise was added to stimulate a non-stationary
process. In the second situation, actual actuarial data from the Singapore Actuarial
Society was used. Generalized Linear Models with normal distribution and loga-
rithmic link function, an exponential distribution and logarithmic link function, and
Laplace distribution with identity link function were constructed. Based on the
model-fitting quality metrics, conclusions were drawn about their structure.

Keywords: actuarial risk, generalized linear models, simulation modeling, exponen-
tial family of distributions, Bayesian data analysis, Monte Carlo method for Markov
chains.

INTRODUCTION

Since insurance protects people and organizations financially against a variety of
risks, it is seen as a fundamental component of the economy. Because it assists in
managing and reducing the risks involved in providing insurance to both consum-
ers and businesses: actuarial science is essential to the insurance sector. A thor-
ough understanding of mathematics, statistics, finance, and economics is neces-
sary to work as an actuary. Actuaries apply their knowledge to assist insurance
companies in estimating the cost of possible risks and estimating the probability
of future events.

In order to reduce the risks and minimize the financial impact of unpredict-
able events, the insurance sector is essential. The frequency or timing of these
occurrences, however, cannot be predicted. Actuarial risk, or the likelihood of an
event happening and the possible financial impact it may have, is a key compo-
nent that insurance companies utilize to prevent themselves from financial catas-
trophe. Because actuarial risk is a complicated process that calls for certain
knowledge and skills, actuaries are important to the insurance sector. Actuarial

© R.S. Panibratov, P.I. Bidyuk, 2025
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risk is fundamentally about estimating the probability of an unfavorable event
happening and the possible financial consequences it may have. Actuaries analyze
data and forecast the probability of an event by using complex mathematical
models. They then use this data to estimate the event’s financial effect and com-
pute the premium needed to cover the risk. The business of insurance companies
is risk management. Actuaries are essential in assisting insurance firms in figuring
out how much risk they may accept while maintaining their financial stability.
They accomplish this via examining historical data and applying statistical tech-
niques to forecast the probability that comparable occurrences will take place in
the future.

The insurance business uses the Generalized Linear Model (GLM), a statisti-
cal technique, to calculate insurance policy prices. In order to analyze and fore-
cast the anticipated cost of claims based on different risk indicators related to the
insured entities, generalized linear models are used. Compared to simpler linear
models, these models offer a more complex and precise pricing mechanism by
allowing actuaries and analysts to include various data types and variable rela-
tionships, such as the linear or exponential relationship between risk factors and
claim costs.

Linear models are a specific instance of the many models that comprise up
GLM. The assumptions of normality, constant variance, and additive effect of that
are restricted in linear models are eliminated. Rather, it is assumed that the re-
sponse variable belongs to the exponential distribution family.

The exponential distributions family consists of the next structure [1]:

'§919 =
S(3i:0;50) eXP{ ()

+c(y;, @)} ;
where a;(¢), b(0;) and c(y;,¢) are prior defined functions; 0, is parameter,
associated with mean; ¢ is parameter, associated with variance.

Additionally, the variance is allowed to change simultaneously with the dis-
tribution mean. Lastly, on a transformed scale, it is believed that the variables’
effects on the response variable are additive [2].

For GLM, the following assumptions are made:

1. Stochastic component: every component of ¥ comes from the single
exponential family distribution and is independent.

2. Systematic component: the linear predictor n is formed from p ex-
planatory variables:

n=AXB,
where X is design matrix; [ is vector of estimation parameters.

3. Link function: relationship between stochastic and systematic compo-
nent is defined by the link function, which is monotonic and differentiable:

E[Y]=p=g"'(m).

Problem Statement. The purpose of the study is to apply GLM for analysis
of actuarial risks using different distributions and specified link functions and
previously applying Bayesian data analysis.
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IMPORTANCE OF GLM

Because they offer a versatile framework for modeling the link between the re-
sponse variable (say, such as the frequency or cost of a claim) and one or more
predictor factors (such as age, vehicle type or geographic area), GLMs are also
utilized in insurance pricing.

The authors of [3] emphasized that when doing statistical studies with
GLMs, non-robustness against outliers is an important consideration. Addition-
ally, they demonstrated that there aren’t many reliable options, particularly when
performing Bayesian statistical analysis. Focusing on gamma GLM, a widely
used tool in actuarial science, they put forth a robust and efficient modeling-based
method that can be applied to both frequentists and Bayesian studies. The sug-
gested model can be easily estimated, at least on small-to-moderate-sized data
sets, and is simple to analyze and comprehend.

The authors of [4] presented a brand-new deep learning technique called
Deeply-learned Generalized Linear Model with Missing Data (DLGLM), which
can make predictions and estimate coefficients even when there is missing not at
random (MNAR) data. The creation of the data matrix and the connections be-
tween the response variable and the mask of missing values are modeled by
DLGLM using deep learning neural network architecture. They were able to gen-
eralize the conventional GLM this way, taking into consideration both ignorable
and non-ignorable types of missing values in the data, as well as intricate nonlin-
ear relationships between the features. Through simulations and actual data analy-
ses, the authors also showed that DLGLM outperforms alternative impute-then-
regress techniques, such as mean and mouse imputation, in terms of coefficient
estimation and prediction when MNAR missing values are present.

The problem of GLM transfer learning was studied in [5]. Bounds for esti-
mate error and the prediction error measure with fast and slow rates under various
scenarios are derived by the authors, who also suggested GLM transfer learning
methods. To create confidence intervals for each coefficient component with the-
oretical assurances, they took into account the two-step transfer learning ap-
proach. At last, they used a real-data research and simulations to show how effec-
tive their algorithms were.

In the context of claim counts modeling, the authors of [6] suggested a
method for identifying the next-best interaction to be added to an arbitrary but
fixed benchmark GLM. They started by training a combined actuarial neural net-
work (CANN) model, which is essentially a neural network that improves the
benchmark GLM. Second, they sorted interactions by their strength and quanti-
fied the strength of interactions between each pair of characteristics using a quick
model-specific technique called Neural Interaction Detection. Third, they com-
pared a few small GLMs that matched the top-ranked interactions to determine
the next-best interaction. This technique offers two benefits. First of all, it is com-
pletely automatable method of adding the next-best interaction that is absent from
the benchmark GLM. Second, according to Friedman’s H-statistic, the authors’
methodology is quicker than alternative strategies. As a result, enormous data sets
containing millions of observations and dozens of attributes are particularly well-
suited for the proposed technique. Consequently, it can significantly reduce the
time that price actuaries spend looking for interactions to enhance their GLMs,
which is often time-consuming and visual process.
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It was demonstrated in [7] that GLM is the best choice for estimation of op-
erational risk. This approach demonstrated excellent risk estimating quality with
minimum errors.

Alternative methods of estimating parameters of GLM were analyzed in [8].

MONTE-CARLO METHOD FOR MARKOV CHAIN

Finding the posterior distribution is the primary objective of Bayesian data analysis:
P(X|6)P(6)
P(X)

where X is state space vector; O is a parameter of distribution; P(X |0) is the

PO| X)=

2

likelihood; P(0) is the prior; P(X) is a normalizing constant, also known as the
evidence or marginal likelihood.
The denominator can be expressed as follows:

P(X)=[P(X |0)P(0")d0".

The challenge of assessing the integral in the denominator is the computing
problem. Markov Chain Monte Carlo (MCMC) is the most significant of the
Monte Carlo techniques that may be employed.

MCMC is the method that uses a Markov chain mechanism to generate sam-

ples x while exploring the state space, X . The purpose of this technique is to
increase the amount of time the chain spends in the most crucial areas [9]. It is
specifically designed to make the samples x*
the desired distribution, p(x) .

resemble samples generated from

Monte Carlo is the method for approximating a desired quantity by sampling
from a probability distribution. It estimates a deterministic quantity of interest
using randomization. The Monte Carlo approach is used to approximate such
numbers by averaging over samples. For example, if there is an expectation or
expectations to estimate, s, they may be extremely complicated integrals or per-
haps impossible to estimate:

s=) p(x) f(x)dx=E [ f(x)],
5, = %éf(xi) ,

where f(x) is the probability density function.

The standard error might be decreased and a reasonably good estimate could
be obtained by calculating the average across a large number of samples. One
drawback of this approach is that it makes the assumption that sampling from a
probability distribution is simple, which isn’t always feasible. In many cases,
sampling from the distribution is not even feasible. In these situations, we effi-
ciently sample from an intractable probability distribution by using Markov
chains.

With a modification, MCMC techniques function similarly to normal Monte
Carlo methods, but the produced drawings x;,...,x, are serially correlated rather
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than independent. Specifically, they are the realizations of a Markov Chain con-
sisting of N random variables, X|,..., X, .
If and only if, for all positive integers k£ and, n, these future observations

X, are conditionally independent of the previous values X, ; given the present

value p X;, then a random sequence {X;} is Markov chain:
P(Xiy = x| X Xigses X ) = P(X iy, = X[ X))

This condition that sometimes is referred to as Markov property, indicates
that the process is memoryless: the probability distribution of the chain’s future
values is only dependent on its present value con X;, independent of how the val-
ue was arrived at (e. g. the chain’s previous transition).

Although MCMC comes in a variety of flavors, the Metropolis—Hastings
random walk algorithm is the easiest to implement. Standard uniform distribution,
proposal distribution p(x) and the target distribution must be used for applying

Metropolis—Hastings algorithm.
The following steps how this algorithm works when given an initial predic-
tion for O that has a positive probability of being drawn.

1. Select a new suggested value 6, that equals

0 = 0+A0,
where AO has specific distribution for transition (for example, Normal).
2. Calculate the ratio
_g0,]X)
g6lx)
where g is the posterior probability.

3. To preserve the precise balance of the stationary distribution in the event
that the proposal distribution is not symmetrical, the acceptance probability must
be weighted and then calculated:

_80,[X)p(©]6,)
g®X)p(6,10)

Given that ratios are being taken, any distribution proportional to g will

likewise be canceled by denominator, therefor it may be utilized as follows:
_p(X18,)p®,)
p(X|0)p(0)

4. If p=1,then 6=0,.
If p<1, then =0, with probability p, else 8 =0, where the uniform dis-

tribution is used.

5. Repeat earlier steps.

Authors in [10] showed that MCMC approaches appear to be quite helpful in
a wide range of applications. However, because MCMC methods are imprecise,
deviations from the correct findings may occur due to their unpredictability. Be-
cause no guaranty can be provided, MCMC should only be utilized in extreme
cases and only when there are no other options. As the parameters change over
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time, performance may also be maximized by dynamically modifying the parame-
ters, especially the covariance matrix, without changing the distribution. Further-
more, for low correlations in higher dimensions, other modifications to Metropo-
lis—Hastings are needed.

The authors of [11] presented a Poisson—Rayleigh model, which is also
known as the PR-distribution, with two parameters. They were able to get a num-
ber of distinct features. The parameters of the PR distribution have been estimated
using Bayesian methods, maximum likelihood, and maximum product spacing.
For Bayesian estimation, the estimators were approximated using point and inter-
val estimation using the MCMC approach, which is based on a symmetric loss
function. A Bayesian estimator based on gamma priors has been proposed.

New diagnostics for evaluating MCMC algorithms efficiency, reliability,
and flexibility using control and attainment maps were presented in [12]. The time
needed for hyper-parameter adjustment may be shortened by the results of these
new diagnostics. The diagnostics themselves can be carried out on computation-
ally reasonable test problems with known posteriors, as demonstrated there, but
they need a non-trivial computational experiment. The results of these diagnostics
may be used to determine the optimal algorithm and matching hyper-parameter
setup for calibrating a real-world issue that is more computationally demanding
and shares traits with the test problems. The convergence of that particular search
procedure may then be evaluated by applying the current MCMC diagnostics to
the single calibration run of the real-world issue.

In order to increase effectiveness of posterior exploration using MCMC
techniques, a Kalman-inspired proposal distribution was presented in [13]. Simi-
lar to the analysis stage in the Kalman filter, this novel proposal distribution cre-
ates candidate states by taking use the cross covariances of model parameters,
measurements, and model outputs. The asymmetric nature of the Kalman-inspired
proposal distribution limits its application to a brief burn-in time, following which
the chains are evolved using a combination of parallel direction and snooker can-
didate states. The sampled chains will converge to the precise target distribution
thanks to diminishing adaptability. The new proposal distribution may be easily
included into any suitable MCMC technique and is not restricted to any particular
MCMC methodology.

The authors of [14] investigated Metropolis—Hastings Markov chain conver-
gence rates. The validity of appropriate central limit theorems for Markov chains
can be ensured by qualitative convergence rates. The impact of growing dimen-
sions, data size, and other variables on these algorithms’ efficiency can be better
understood by looking at explicit convergence rates. However, a significant
amount of work is still needed in this field since explicit quantitative convergence
rates are difficult to establish and remain elusive in many situations of relevance.
These subjects are crucial for comprehending Metropolis—Hastings behavior in
contemporary issues where there may be a lot of data, a lot of dimensions, or both.

NUMERICAL EXPERIMENT WITH ARTIFICIAL DATA

Due to the case, that actuarial data is not always available, it was decided to simu-
late first actuarial insurance data artificially following the next structure. Three
datasets for experiment were created. For imitating data of policyholders the next
features were used:
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1. Age: numerical variable, which shows age of client and ranges between
19 and 64.

2. Sex: categorical variable, which identifies sex of client and has states ‘M’
for male and ‘F’ for female.

3. BMI: numerical variable, which shows body mass index of client. Uni-
form distribution was used for generation.

4. Region: categorical variable, which shows place of client’s residence and
has state ‘A’, ‘B’, ‘C’ and ‘D’.

5. Medical History: categorical variable, which identifies history of previ-
ous illnesses of clients and has state ‘Diabetes’, ‘High blood pressure’ or ‘None’.

6. Exercise: categorical variable, which shows if client does exercise. It has
states ‘Always’, ‘Rarely’ or ‘Never’.

7. Worker Status: categorical variable, which shows working status of cli-
ent and has states ‘Employed’, ‘Student’” and ‘Unemployed’.

8. Charges: numerical variable which shows total charges by the insurance
company. This is target variable.

For the last feature next 3 distributions were use:

e Normal;

e Gamma;

e Pareto.

For making charges as non-stationary process, algorithm of mixture distribu-
tion was applied, which consist of the next steps:

1. Generate random variable p, which has uniform distribution p ~U(0,1).

I
2.1If pe {Z 125> pi’j , then generate variable with chosen distribution with
i=1 =1

fixed parameter of centre and randomly generated scale parameter.

3. Repeat until size of the dataset will be reached.

After generating target variable, the noise, which has zero mean and variable
standard deviation was added.

Three GLMs were built for forecasting were implemented with specified
link functions:

1. GLM with normal distribution and logarithmic link function.

2. GLM with exponential distribution and logarithmic link function.

3. GLM with Laplace distribution and identity link function.

After implementing GLMs by using MCMC method next metrics of models
quality were used:

e Logarithm of maximized value of a likelihood function.

o Akaike information criterion (AIC):

AIC=2 *k—2 *In(L),

where L is maximized value of likelihood function; & is the number of esti-
mated parameters.
e Bayesian information criterion (BIC):

BIC=k *In(n)-2 *In(L),

where L is maximized value of likelihood function; k£ is the number of esti-
mated parameters; 7 is the number of data points.
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The metric results of GLM parameters estimation for three distinct datasets

are shown in Tables 1-3.

Table 1. Results of GLM construction using simulated actuarial insurance

data, where charges have normal distribution

Metric GLM Normal GLM Exponential GLM Laplace
Log-Likelihood 1.248 2.552 1.943
AIC 15.503 10.896 14.1134.11
BIC 56.464 47.305 55.0735.0

Table 2. Results of GLM construction for simulated actuarial insurance data,

where claim payments have gamma distribution

Metric GLM Normal GLM Exponential GLM Laplace
Log-Likelihood 1.16 3.3053. 2.232
AIC 15.68 9.39 13.535
BIC 56.64 35.798 54.495

Table 3. Results of GLM construction for simulated actuarial insurance data,

where claim payments have Pareto distribution

Metric GLM Normal GLM Exponential GLM Laplace
Log-Likelihood 0.261 1.678 0.641
AIC 17.479 12.644 16.718
BIC 58.439 49.053 57.677

From the results of fitting GLMs it can be seen, that GLM with exponential
distribution and log link function demonstrated the best results for all datasets. On
the other side, GLM with Laplace distribution and identity link function also
showed acceptable results for dataset with normal distributions of charges.

Results of forecasting for best GLM models using different datasets are
shown on Figs. 1-4.

1 — posterior predictive
1 2 — Observed
3 — Posterior predictive mean
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75

Charge

Fig. 1. Result of forecasting GLM with exponential distribution and log link function for
charges, which have normal distribution
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1 — Pposterior predictive
2 — Observed
3 Posterior predictive mean

3

-1.0 -0.5 0.0 0.5 1.0
Charge
Fig. 2. Result of forecasting GLM with Laplace distribution and identity link function for
charges, which have normal distribution

1 — Pposterior predictive
2 — Observed
3 —— Posterior predictive mean
I
I
I
1
I
1
]
:/
0.0 0.2 0.4 0.6 0.8 1.0 1.2

Charge
Fig. 3. Result of forecasting GLM with exponential distribution and log link function for
charges, which have gamma distribution

1 — posterior predictive
2 — Observed
3 — Pposterior predictive mean

000 025 050 075 1.00 1.25 150 175 2.00
Charge
Fig. 4. Result of forecasting GLM with exponential distribution and log link function for
charges, which have Pareto distribution
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Tables 4—7 show numerical summaries of posterior parameter estimates for
the best GLMs with different datasets, which include mean value, standard
deviation and highest density region (3% and 97%).

Table 4. Numerical characteristics of posterior parameter estimates for expo-
nential GLM and charges with normal distribution

Parameter Mean Std HDI-3% HDI-97%

Intercept -1.986 0.147 -2.263 -1.722
Age 0.047 0.124 -0.192 0.283
Sex -0.035 0.076 -0.181 0.097
BMI 0.071 0.131 -0.149 0.338
Region -0.003 0.033 -0.066 0.056
MedHistory 0.001 0.047 -0.079 0.092
Exercise -0.045 0.048 -0.131 0.038
WorkerStatus 0.000 0.046 -0.089 0.088

Table 5. Numerical characteristics of posterior parameter estimates for La-
place GLM and charges with normal distribution

Parameter Mean Std HDI-3% HDI-97%
b 0.082 0.003 0.077 0.088
Intercept 0.087 0.012 0.062 0.109
Age 0.019 0.012 -0.003 0.043
Sex -0.012 0.007 -0.025 0.001
BMI 0.015 0.012 -0.007 0.038
Region -0.000 0.003 -0.006 0.005
MedHistory -0.007 0.004 -0.015 0.000
Exercise -0.000 0.004 -0.009 0.007
WorkerStatus 0.003 0.004 -0.005 0.010

Table 6. Numerical characteristics of posterior parameter estimates for expo-

nential GLM and charges with gamma distribution

Parameter Mean Std HDI-3% HDI-97%

Intercept -2.975 0.157 -3.266 -2.659
Age -0.091 0.136 -0.335 0.17

Sex -0.062 0.077 -0.203 0.083

BMI 0.253 0.139 -0.014 0.498

Region 0.150 0.036 0.078 0.212
MedHistory -0.001 0.049 -0.087 0.1

Exercise 0.094 0.047 0.008 0.185

WorkerStatus -0.06 0.046 -0.142 0.027

Table 7. Numerical characteristics of posterior parameter estimates for expo-
nential GLM for claim payments with Pareto distribution

Parameter Mean Std HDI-3% HDI-97%

Intercept -1.034 0.152 -1.326 -0.774

Age 0.013 0.13 -0.218 0.271

Sex 0.069 0.075 -0.061 0.212

BMI -0.174 0.135 -0.42 0.093

Region 0.067 0.037 -0.004 0.136
MedHistory -0.019 0.047 -0.114 0.059
Exercise -0.087 0.047 -0.17 0.002
WorkerStatus 0.038 0.046 -0.044 0.121
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NUMERICAL EXPERIMENT WITH ACTUAL DATA

For this scenario the actual actuarial data of insurance company were applied for
fitting GLM. Dataset was taken from Singapore Actuarial Society. All of the
worker compensation insurance policies in this dataset have experienced an acci-
dent. The next features were used:

1. Age.

2. Sex.

3. MaritalStatus: categorical variable, which identifies marital status of clients.

4. DependentChildren: numerical variable, which shows number of de-
pendent children.

5. DependentOthers: numerical variable, which shows number of depend-
ent, excluding children.

6. WeeklyWages: numerical variable, which shows total weekly wage.

7. PartFullTime: categorical variable, which shows working mode.

8. HoursWorkedPerWeek: numerical variable, which shows total hours
worked per week.

9. DaysWorkedPerWeek: numerical variable, which shows number of
days worked per week.

10.UltimateIncurredClaimCost: numerical variable which shows total
claims payments by the insurance company. This is target variable.

Results of fitting GLM from previous experiment are shown in Table 8.

Table 8. Results of GLM construction using actual insurance actuarial data

Metric GLM Normal GLM Exponential GLM Laplace
Log-Likelihood 2.155 6.231 3.593
AIC 17.691 7.538 14.815
BIC 67.753 53.048 64.877

It can be observed that the exponential GLM with logarithmic link
demonstrated best results among others for real dataset.
Results of forecasting for best GLM model for real dataset are shown in Fig. 5.

1 — posterior predictive
2 — Observed
3 — Posterior predictive mean
2
0.00 0.05 0.10 0.15 0.20 0.25 030 035 0.40

UltimatelncurredClaimCost

Fig. 5. Result of forecasting GLM with exponential distribution and log link function for
actual actuarial insurance data
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Table 9 show numerical summaries of posterior parameter estimates for best
GLM.

Table 9. Numerical characteristics of posterior parameter estimates for expo-
nential GLM and claim payments from real dataset

Parameter Mean Std HDI-3% HDI-97%
Intercept -4.051 0.246 -4.485 -3.594
Age 0.934 0.191 0.577 1.266
Sex -0.326 0.1 -0.515 -0.142
MaritalStatus -0.346 0.064 -0.467 -0.229
DependentChildren 3.440 0.502 2.521 4.403
DependentOthers -0.232 0.505 -1.064 0.776
WeeklyWages 4.722 0.459 3.882 5.582
PartFullTime -0.217 0.199 -0.579 0.146
HourWorkedPerWeek 0.986 0.497 0.1 1.964
DaysWorkedPerWeek| -1.799 0.572 -2.864 -0.759
CONCLUSIONS

The application of GLM to the analysis of actuarial risks in the context of client
claim payments is taken into consideration. For estimation parameters of models
the MCMC method was implemented. The insurance indicators and the target
variable were created artificially since actuarial insurance data is frequently not
made public: age, sex, BMI, region, medical history, exercise, worker status and
charges. The last one was generated by applying algorithm of mixture distribu-
tion, using normal, gamma and Pareto distribution with adding Gaussian noise,
which had zero mean and variable standard deviation to create non-stationary
process. Also real actuarial insurance data from Singapore Actuarial Society were
used for experiments. Three GLM were implemented for experiments: normal
with logarithmic link function, exponential with logarithmic link function and
Laplace distribution with identity link function. Based on the experiment findings,
it can be said that exponential GLM generally produced the best results for both
artificial and real data. For the case of the normal distribution, Laplace GLM also
produced positive results for artificial data.

In future studies it is planned to automatize the process of insurance data
analysis using artificial intelligence and simulation techniques. As far as most of
financial processes belong to the class of non-linear and non-stationary the
methodology will be proposed for constructing such models. It is also planned to
apply the methods of generating alternative managerial decision using Bayesian
approach to data and expert estimates analysis.
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AHorauisi. Po3rmsiHyTo 3amady moOyqoBH y3araibHEHHX JIHIHHHX MoJened ajs
aHai3y aKTyapHHX PH3HKIB i3 CHTyaIli€l0 BUILIAT MpeMild kiieHTam. s mporo 3a-
cTocoBaHo Merox Monre-Kapno 1t MapkiBCEKUX JIQaHIUOTIB. [IIst TOCIIIKEHHS
PO3IIISIHYTO ABI cHTYyawii. Y mepuiii cutyarii cTpaxoBi MOKa3HUKH Ta LJIbOBA 3MiH-
Ha HaJAIITOBYBAIMCS BHMIAJAKOBUM YHHOM 4Yepe3 MpoOjeMy BUIBHOTO JOCTYILY IO
naHux. 1 CTBOpeHHs TphOX HAOOPIB JAHMX BUILIATH F€HEPYBAJIHCS 32 JOIMOMOT OO
HOPMAaJIBHOTO, TaMMa Ta po3no ity [lapeto 31 3MiHHOKO JHUCIIEPCIEr0 Ta T0AaBAHHAM
IyMy IUtsl iMiTalii HecTallioHapHOTO Tpotecy. Y OpyTid CHTyallii BUKOPHCTaHO pe-
aJIBHI aKTyapHi AaHi, y3sti 3 Singapore Actuarial Society. [ToOynoBano y3araiabHeHi
JiHIAHI MOJeIi 3 HOPMAJILHUM PO3IOALUIOM i3 JIOrapu(MidHOI0 (QyHKIIEIO 3B’ 3Ky,
EKCHOHECHLIHHUM PO3MOIUIOM 13 JoTapuPMIYHOIO (DYHKIIEI 3B’S3KY 1 PO3MOALT
Jlarutaca 3 TOTOXKHOIO (DYHKITI€IO 3B’SI13Ky. 32 METPHUKAaMH SKOCTI ITOOYIOBH MOAEIEH
3p00JIEHO BUCHOBKH IIOJIO 1X CTPYKTYPH.

KurouoBi ciioBa: aktyapHuii pu3uK, y3arajibHeHi JiHiiHI Mozeni, iMiTawiiiHe Moe-
JIIOBaHHS, €KCIOHCHIIIIfHAa MHOXHMHA PO3MOAiTiB, balleciBCchkuii aHami3 AaHHUX, Me-
tox Monte-Kapio s MapkiBChKUX JIaHITIOTIB.
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OVERVIEW OF NEURAL NETWORK OBJECT DETECTION
METHODS & MODELES ON THE EXAMPLE OF THEIR USE
FOR LAB ANIMAL OBSERVATION

M.A. SHVANDT, V.V. MOROZ

Abstract. This article provides a brief overview of a set of the most common basic
object detection neural network models. Today, the need for automating surveillance
and observation processes remains a growing trend. Moreover, one of the key tasks
of such processes is usually the detection of an object of interest for further analysis.
Previously, many basic object detection algorithms and approaches have been pro-
posed; however, most of them typically have limitations in terms of their applicabil-
ity. In most cases, these limitations arise due to the nature of the observed environ-
ment or because the detection approaches rely on specific object characteristics,
such as color or basic shapes only. To address these problems, a new approach for
object detection has been developed using neural networks. This paper presents the
basis and central aspects of the most common neural network object detection mod-
els. The experiment has demonstrated the features, advantages, and disadvantages of
the studied methods in the application case of lab animal detection during their be-
havioral study. Considering this, conclusions and recommendations for their usage
cases were made.

Keywords: object detection, neural network, neural layer, architecture, model, op-
timization, estimation, prediction, video, image, frame, background, foreground, ex-
periment, comparison.

INTRODUCTION

Since the 1990s the fast advancement of computers alongside with the strong de-
velopment of computer sciences has led to wide automatization of many everyday
processes and procedures of our life. From that time and up until today the visual
analysis [1] became one of the most used technologies and it is applied every-
where from pedestrian and traffic control to war operations and factory produc-
tion. In general object detection and tracking usually play important roles in visual
analysis. The tasks usually require to detect some object of interest and to track it con-
sequently from frame to frame on either prerecorded video or from some life stream-
ing directly in order to perform some analysis of that object or its behavior.

Object detection and object tracking generally are two separate tasks that
require its own special approaches and methods. While some common basic
object detection and tracking methods had already been considered in previous
articles [2; 3], this time we will take a look on more complex way of object
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detection itself. As already mentioned in many cases it can be necessary to detect
a specific type of object that has both specific colors and shape/structure.
Searching for it with such approaches as, for example, the template matching [2]
is not a good option because such operation does not work well with different
object scaling and rotations since it requires multiple comparisons of given
template with its multiple scaling and rotations in order to find the best matches
with objects on image. Such search is not very efficient in terms of performance
per frame and is unlikely to be used especially on live video streams of high
resolution. Also if object tends to change its shape from frame to frame even
slightly, it will affect the comparison with the template and probably will require
more templates to check to match each “new” shape. This approach also works
mainly with object shape, thus color checking remains as second problem to solve
with this approach. Neural detector can come in handy in such cases, as the model
coefficients can be trained to recognize a multiple shapes and colors of some
particular object. In general the only possible difficulty here can be providing a
good dataset for training as it should contain images where the desired type of
object can be clearly seen and not mismatched with the background.

One of many processes that can require surveillance and observation auto-
matization is biological research. It often involves the study of life processes of
multiple lab animals, for example mice and fish [2; 3]. Usually animals are put in
specific conditions so they are easier to observe and note on their behavior. But
doing it manually is a time-consuming process that can be automated to save lab
personnel some time. The particular case of animal study is gobies behavior ob-
servation (Fig. 1). The gobies are kept in a square aquarium with a camera placed
right above it recording all their movements during the day to understand the as-
pects of their activity. While the development of a complex tracking program for
its tracking and behavior study is currently being developed, it requires an object
detector based on a neural network in order to enhance fish position localization.
At this stage in order to choose the best performing detector from the set of most
common open-for-use model an experiment was carried to learn which model
suits most as such object finder so it can be later integrated into main detection
and tracking algorithm. The experiment showed their algorithmic aspects, advan-
tages and disadvantages in case of their application in such test conditions like ours.
This analysis might be useful for anyone who plans to use these models in similar
conditions as ours and is presented further in this paper.

Fig. 1. Lab fish (gobies) in the study environment (a, b)

THE PROBLEM OF NEURAL NETWORK OBJECT DETECTION

The selected models were chosen according to two main criteria. The first is the
hardware requirements in terms of performance. The usage of many computational
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algorithms on practice is often limited by the hardware it is running on. As fish video
analysis is intended to be performed on-site the resulting detection and tracking algo-
rithm should be able to deliver fine performance on usual mass-market hardware in-
stead of cloud servers or big mainframes.

The second criteria also decided to be considered is the possibility to train
the model on local mass-market hardware as well. During the experiment (is
shown later in this article) it was found out that some model versions could not be
trained locally with minimum sufficient image batch size. As for the model ac-
ceptable performance it was decided that the batch size of 1 or just 2 images could
lead to model poor training.

The third criteria is model detection speed vs accuracy ratio. The models’
mAP was evaluated previously [4] with COCO evaluator [5; 6]. While the accu-
racy is an important feature, the detection speed is also very significant. Since
each frame will be additionally preprocessed to remove noise and enhance other
color characteristics which will take additional time, running detection on a single
frame should not exceed some reasonable time limits as overall video processing
should not become several times longer as the video itself. Considering it we took
the model versions with highest claimed accuracy that did not exceed the detec-
tion time threshold of about 100-110 ms.

An additional difficulty of this experiment is that the objects of interest are
gobies which being filmed as mentioned above do not visually contain many sig-
nificant marks or features compared to other object like cars, other bigger animals
or buildings. Thus the lack of visually distinguishable features makes both net-
work training and usage more challenging.

CenterNet architecture. The first considered model architecture is the Cen-
terNet. In order to estimate a bounding box of the searched object and to classify
it there are two approaches in the Anchor Free Object Detection: the Keypoint-
based approach and the Center-based approach. The Keypoint-based approach
assumes the network predicts the predefined key points and then they are used for
bounding box generation around the object and its classification. Examples of
such architectures are CenterNet: Keypoint Triplets [7], CornerNet [8], Grid-
RCNN [9]. The Center-based approach [7; 10; 11] uses center-point or any part-
point of an object to define positive and negative samples. Then it predicts the
distance from these positives to four coordinates for the generation of a bounding
box. For example such methods as DenseBox [12], FCOS [13], etc. generate posi-
tive samples and use them for estimation of boxes and class probabilities.

As for the CenterNet, the main research [10] treats the center of a box as an
object as well as a key point. Then it uses this predicted center to detect the coor-
dinates/offsets of the bounding box. Thus the center prediction task is considered
as a standard problem for keypoint estimation. When image gets passed through
Fully Convolutional Network, the final feature map provides as an output heat-
maps for different key points. The peaks of these output feature maps are consid-
ered as predicted centers. The network also makes predictions of the width and
height of the box for these centers with each center having its unique box width
and height. This binding is intended for removing of the Non-Maximal Suppres-
sion step in post-processing. The heatmap peaks are also linked to a particular class to
which it belongs to and thus it allows object classification, as using these centers, di-
mensions, and class probabilities, object detection task is achieved.

In general, the CenterNet architecture works in the following way. The input
image / having width and height as W and H respectively, and 3 channels for
RGB. R is an output stride that will set the resulting dimensions of the given
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heads. All the heads will have the same height H/R and width W/R, but they will
have different C values (depth of the keypoint heatmap). Thus the final head di-
mensions are (W/R, H/R, C=[<Classes Num>/<2>/<2>]). Thus if input dimen-
sions are 512x512, then head dimensions are 128x128 considering stride R =4
(Fig. 2, a). The three heads as shown in Fig. 2, a are Heatmap Head, Dimension
Head, Offset Head.

Heatmap Head is used for the key points estimation of the given input im-
age. In the case of object detection, keypoints are the box center. One has to pre-

dict heatmap Y of dimensions (WIR, H/R, C), with R being the output stride, C
is the number of classes; Y is the functssion of x, ¥, ¢. A prediction Y(x, y,c)=1

corresponds to detected center for that particular class c. Y (x,y,¢)=0 is consid-

ered as background. For the loss propagation ground truth heatmaps calculation,
these centers are splat using Gaussian Kernels after converting them to low-
resolution equivalent (division by stride R, denoted as p ). For example, in case of
three classes C =3 and input image dimensions of 400x400, with a given stride
R =4 itis necessary to generate 3 heatmaps (as each heatmap corresponds to a given
class) of 100x100 dimension as shown in Fig. 2, b. The ¢ value used in the kernel is
the object-size adaptive standard deviation. Also, if two gaussians of the same class
are overlapping, they take element-wise maximum to find the target class.

hm head
27

Downsampling

Some Architecture

a
b

Fig. 2. a — Three heads are predicted after one forward pass from the network architec-
ture: Offset Head, Heatmap Head. Dimension Head. Here Some Architecture (FCN) refe-
rees to any of the feature extractors which we want to use (specified heads are for object
detection; b — Left: Ground Truths of different classes, shown in different colors; Right:
three centers of respective classes splat into heatmaps using Gaussian Kernel) (source:
medium.com/visionwizard [11])

M-

offset-head
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(x-p,)+(y-p,)°

nyc :exp[— z o2 J .
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Dimension Head is used for the estimation of the dimensions of the boxes

width and height. With given box coordinates (xl, V1s%2, y2) of object k and class
¢, one can regress object sizes s, =(x, —X;, ¥, — ;). This is achieved by solving
a standard L, distance norm. Dimensions of this heatmap are (W/R, H/R, 2), with

w being & are predicted width and height of the box. To reduce the amount of
computation, single sized heatmaps for all object categories are used. Offset Head
is used to recover from the discretization error caused due to the downsampling of
the input. After the center points prediction, one has to map these coordinates to
an input image of higher dimension. Since the original image pixel indices are
integer values this will cause a value disturbance because one will be predicting

the float values. So to solve this issue they make predictions the local offsets 0,
as these local offset alues are shared between objects on an image. Offset Head
dimensions are (W/R, H/R, 2) (here x and y are the coordinate offsets). The overall
detection flow can be seen on Fig. 3, a, b.

As a Feature Extractor CenterNet can use a variety of backbone/feature
extraction approaches [8; 10; 11]. With our research we have considered the
following ones: Stacked Hourglass Network [14] (Hourglass104 version),
Residual Network [15] (ResNet101 V1 FPN) and the MobileNet [16] (MobileNet
V2/V1 FPN). For instance the stacked Hourglass Network downsamples the input
by 4x, then followed by two sequential hourglass modules, with each hourglass
module being made up of a uniform chain of 5-layer down- and up-convolutional
network with skip connections. The original paper [10] also used modified
(Fig. 3, ¢) ResNetl8, ResNetl, Deep Layer Aggregation Networks (DLA) [17]
with added Deconvolutional and Deformable Convolutional Layers. Standard
ResNet modules were extended with three transposed convolutional networks to
incorporate higher resolution outputs. Some modifications were done by reducing
the output upsampling layers’ filters of to 256, 128, and 64 respectively in order
to reduce computation. The authors also added an additional 3x3 deformable
convolutional layer between each of upsampling layers led to better results on
some standard datasets [10; 11].

The main part of CenterNet algorithm is Loss Calculation and Propagation.
After heatmaps are generated by the network there is a task of loss propagation
for training stabilization. In the original paper [8], authors use several loss
functions to get over and balance the bias between the training of different heads.
There are three Loss functions mentioned: Heatmap Variant Focal Loss, L1 Norm
Offset Loss and L1 Norm Dimension Size Loss. For Heatmap Variant Focal Loss the
Focal Loss function [18; 19] is divided into two parts of positive and negative
samples:

(1Y) log(Y,,) if Y. =1,

xyc
Yo (Ve )* log (1Y,

yvc) Otherwise.

1
Lk:_Z{(l_

N xyc

If Y =1 when predicted Y is close to 1 (ex. Y =095 ), it considers as an
easy example (well-classified example) and thus by the logic of Focal Loss the
weightage of the propagated loss will be decreased. The same logic is for hard
examples (misclassified example) with a difference that instead of decreasing the
weight, it will increase the slope of the value by parameter o (here o:=2). If
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Y!=1 (Otherwise) with predicted Y being very close to 0 (ex. Y =0.005 ), then
Y* will cause the overall loss to be zero, and less weight will be assigned to the
propagated loss as stated in the premise of Focal Loss [18]. The particular case is

when Y is not very close to 0 and has a value near to 1, but it is in the neighbor-
hood of the ground truth heatmap. As the ground truths are the gaussian kernel
outputs there is no sudden drop in the values near Y=1. It considers values, lying
inside gaussian outputs, as possible positives. This is an advantage of this loss.
For example, let ¥ =0.9 and being near to the center point peak of ground truth.
Here a misclassification takes place as the value should be very near to 0
according to simple logistic regression loss logic. But, as predicted Y =1, the
propagated loss will be less weighted even in a condition of misclassification as
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Network
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Hourglass)
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Fig. 3. Training — a, b; Inference flowchart of the explained object detection algorithm —
c; (here: (a) Stacked Hourglass Network, (b) ResNets with Transposed and Deformable
Convolution layers, (c) Original DLA-34, (d) Modified DLA-34 by adding skip connec-
tions and Deformable Convolutional Layers.) (source: medium.com/ visionwizard [11])
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the loss will be compensated according to the term (1-Y )[3 (value of Y will be

close to 1 in a region near center peak). In case when one has Y =0.9 and being
far from the center point peak, in this condition of misclassification a large loss

will be propagated according to term (1-Y )® as it does not placed in that splatted
region, and the value of ¥ will be very close to 0. Here :=4. The design of this
loss function helps to increase the number of positive examples by considering

the heatmap values generated by gaussian kernels which, in its turn, help to
decrease the bias between positives and negatives.

The L1 Norm Offset Loss is a simple L1 Norm of the predicted offset O and
the ground truth offset values:
A p ~
O-—-|£_
? (R ! J

The meaning of ground truth offset values can be seen on the example: if
there is a center point at (18, 22) in an original high-resolution image, when
downsampled, with stride size of 4, the mapped coordinates will be (4, 5) on a
low-resolution feature map. Here is an offset error of 0.5 in both cases. In the case
of keypoint estimation, it becomes important to handle this problem as keypoints
are very position sensitive. In order to solve this task the offset loss function is
added in order to obtain more accurate results. This supervision only acts at the
position of key points, all other locations are ignored.

The L1 Norm Dimension Size Loss of the predicted and ground truth width-
height coordinates is used for Regression of the width and height of bounding

1
Loff = WZ
p

boxes. Here S are the predicted dimensions and s are actual ground truth sizes.
Raw pixel values are used to calculate the loss instead of normalizing with the
feature map size

1 N

Lsize :ﬁkzzl‘spk _sk‘ :
. . 0.1
Total Loss propagated by the network is shown in formula, A, = S
offset

The Total Loss of CenterNet: Lyo =Ly +AgoLgie + Ao Loy -

The example of object detection process is visualized on Fig. 4: during infer-
ence process one calculates the peaks of the heatmaps by finding the maximum
value near the 8-pixel neighborhood in a heatmap and keeping the first 100 peaks
of all the different classes independently. It is achieved by 3x3 MaxPool opera-

Fig. 4. Left: keypoint heatmap; middle: keypoint offsets; right: dimensions of box
(source: original paper [10])
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tion on the resulting feature map with the obtained peak coordinates being used to
calculate the dimensions and offset predictions.

The Residual Network. As mentioned earlier, CenterNet can use several
different backbone architectures for feature extraction. We have considered the
models using Residual Network, MobileNet and Stacked Hourglass Network. The
first one used in studied models is the Residual Network architecture [15; 20; 21].
The Residual Network architecture itself is based on a concept of Residual
Blocks. These blocks were designed to address the issue of the
vanishing/exploding gradient. Inside ResNet a method known as skip connections
is applied. This method skips (bypasses) some levels in between link-layer
activations to subsequent layers and thus creates a leftover block (Fig. 5, a).
These leftover blocks are used in stacks to create residual nets (Fig. 6). The main
idea of such architecture is to let the network fit the residual mapping instead of
having layers learn the underlying mapping and thus, let the network fit instead of
using, for example, the initial mapping of H(x):

Fx)=H(x)-x=>Hx)=F(x)+x.

\\K\'“xf\_ 56-layer

. 20-layer

(%)

weight layer
weight layer

F(x)tx : ®

F(x) X

test error (%)

identity -

training error

\_\-‘\/\,'\_\ gﬂ-laxer

]

Dier(led) b " ter (led)

a

Fig. 5. a — Skip connection or Shortcut; » — comparison of 26-layer vs 56-layer archi-
tecture (source: medium.com/siddheshb008 [20], original paper [15])

Thanks to this skip link, the regularization will skip any layer that worsens
the architecture performance and as the training of a very deep neural network
becomes possible without getting issues with vanishing or expanding gradients.
The general purpose of ResNet is following: in the Deep Neural Networks extra
layers are stacked in order to improve accuracy and performance, often to handle
a challenging problem. The main idea of layering is that by adding additional lay-
ers they will eventually learn features that are more complicated. Ex an example
one can take photographs recognition: when recognizing photographs, the first
layer may pick up on edges, the second — textures, the third — objects, and so
on. However, the traditional convolutional neural network model was found to
have the maximum depth threshold. The graphic (Fig. 5, b) shows the percentage
of errors for training and test data for a 20-layer network and a 56-layer network,
respectively.

In both the training and testing situations, we see the higher error percentage
for a 56-layer network in comparison with a 20-layer network. It demonstrates
that adding additional layers on top of the network will decline its performance.
This might be because of with the initialization of the network, the optimization
function, and most significantly — because of the vanishing gradient problem. In
this case overfitting is not the issue as the 56-layer network’s error percentage is
the worst on both training and test data, and it does not happen when the model is
overfitting.
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The ResNet architecture exists in several configurations. For example it can
use the VGG-19-inspired 34-layer plain network architecture that is followed by
the addition of the shortcut connection. It is subsequently transformed into the
residual network by these short-cut connections, as depicted in Fig. 6. Keras, an
open-source, Python-based neural network framework offers ResNet V1 and
ResNet V2 with 50, 101, or 152 layers: ResNet50, ResNet101, ResNetl152, Res-
Net50V2, ResNet101V2, ResNet152V2; ResNetV2 and the original ResNet (V1)
vary primarily in that V2 applies batch normalization before each weight layer.
As a brief conclusion, it can be said that ResNet 1s a robust backbone model and
can be used in various computer vision tasks.
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Fig. 6. Resnet34 Architecture (source: medium.com/siddheshb008 [20], original paper [15])

Feature Pyramid Network (FPN). Object detection in different scales is a
very difficult task, especially for small objects. The pyramid of the same image at
different scale can be used to detect objects (Fig. 7, a) but processing multiple
scale images too demanding in terms of time and memory to be trained end-to-
end simultaneously. That is why it can be used only in inference in order to in-
crease accuracy as high as possible, in particular for cases, when speed is not a
concern. As an alternative a feature pyramid can be created and used for object
detection (Fig. 7, b), but the feature maps, which are closer to the image layer, are
composed of low-level structures that are not good for accurate object detection.
The Feature Pyramid Network itself is a feature extractor [22-25] created for the
described pyramid approach that considers performance speed and accuracy as
well. It is used instead of such the feature extractor as Faster R-CNN [26] and
generates multi-scale feature maps (multiple feature map layers) and delivers in-
formation of better quality than the regular feature pyramid for object detection.

» predict

J predict|

{predict|

/[jarediﬁl

a b
Fig. 7. a — pyramid of images; b — pyramid of feature maps (source:
medium.com/jonathan-hui [23], original paper [22])
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The FPN data flow composes of a bottom-up and a top-down pathway (Fig. 8,
a). The bottom-up pathway is represented by a usual convolutional network. Dur-
ing it the features are being extracted: as one goes up, the spatial resolution de-
creases. After detecting more high-level structures, the semantic value for each
layer increases (Fig. 8, b). The Single Shot MultiBox Detector (SSD) [27] calcu-
lates detection from multiple feature maps, but it does not select the bottom layers
for object detection (Fig. 8, ¢). Despite being in high resolution their semantic
value is not high enough to use it as the speed slow-down is significant. Because
of that the SSD uses only upper layers for detection and thus its performance is
much worse for small objects. The FPN uses a top-down pathway to construct
higher resolution layers from a semantic rich layer (Fig. 8, d).

{predict|
predu:l

Fig. 8 a — FPN data flow; b — feature extraction in FPN; ¢ — SSD object detection
with top levels; sd — FPN top-down pathway (source: medium.com/jonathan-hui [23];
original paper [221)

The reconstructed layers are semantically strong but the objects are not
located precisely after all the downsampling and upsampling operations. In order
to enhance object location prediction, the lateral connections between
reconstructed layers and the corresponding feature maps were added. It also helps
to simplify the training as it also acts as skip connections. Similar approach is
used in ResNet [15]. For the bottom-up stage the ResNet is used. The bottom-up
pathway consists of many convolution modules Conv;, i=[1,5], with each

module composing of multiple convolution layers. Also during this stage, one
reduces the spatial dimension by 1/2 (i.e. double the stride) with labeling the
output of each convolution module as C; which are later used during in the top-
down pathway (Fig. 9, a). In the process of top-down pathway one applies a 1x1
convolution filter in order to reduce Cs channel depth to 256-d to obtain Ms.
Thus, one receives the first feature map layer that will be used for object
prediction. With each step down further one upsamples the previous layer by 2
using nearest neighbors upsampling. Again a 1x1 convolution is applied to
corresponding feature maps and then they are added element-wise. A 3%3
convolution is applied to all merged layers; this convolution filter is used for
reducing the aliasing effect during merging operation with the upsampled layer
(Fig. 9, b). The same process is repeated for the pyramid feature maps 7, P, , but

it is stopped at P, because the spatial dimension of C; is too large. If it is
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continued, it will slow down the process too much. As one shares the same
classifier and box regressor of every output feature maps, all pyramid feature
maps P, Py, P, P, have 256-d output channels.

As for object detection, FPN is not an object detector by itself. This
architecture is a feature extractor that works with object detectors. It is used for
feature maps extracting and later feeding them into some detector, for example
Region Proposal Network (RPN). RPN then applies a sliding window over those
feature maps to predict the objectness (i.e. whether there is an object or not) and
object boundary box at each location (Fig. 9, ¢). In the FPN framework, for each
scale level, for example P, or P, one applies 3x3 convolution filter over the
feature maps and after that applies separate 1x1 convolution for predictions of

objectness and boundary box regression. These 3%3 and 1x1 convolutional layers
are called the RPN #ead (Fig. 9, d).
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Fig. 9. a — ResNet for FPN bottom-up and top-down pathways; b — feature merging
operation during top-down pathway; ¢ — FPN usage with RPN; 4 — RPN head (source:
medium.com/jonathan-hui [237)

MobileNet architecture. The third considered architecture is MobileNet.
This architecture was developed by Google in 2017 [16; 28]. It utilizes the
approach called Depthwise Separable Convolution in order to reduce the model
size and complexity. This architecture was primarily created for use in mobile and
embedded vision applications (Fig. 10, @). It has following benefits: smaller model
size (fewer number of parameters) and smaller complexity (fewer multiplications and
additions, aka Multi-Adds). To make MobileNet easy to tune, two parameters were
introduced: Width Multiplier o. and Resolution Multiplier p .

The Depthwise separable convolution is a depthwise convolution that is fol-
lowed by a pointwise convolution (Fig. 10, b); the Depthwise convolution is the
channel-wise Dy x Dy spatial convolution. For example, if one has 5 channels,

then there are 5 Dy x Dy spatial convolutions. The Pointwise convolution

actually is the 1x1 convolution intended to change the dimension. Combined with
the Depthwise Convolution, the operation cost is:
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Dy -Dg-M -Dp-Dp+M-N-Dp-Dp,
where the left part of sum is the Depthwise Convolution Cost and the right one is
the Pointwise Convolution Cost. Here M is the number of input channels, N is the
number of output channels, Dy is kernel size, Dy is the feature map size. For
Standard Convolution, its cost is

Dy Dy -M -N-Dp-Dyp.
Thus, the Depthwise Separable Convolution Cost / Standard Convolution Cost is:
Dy Dy M -Dp -Dp +M-N-Dp-Dp 1 1
Dy -Dg -M -N-Dy - Dy N D}
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Fig. 10. a — MobileNets usage in practice; b — Depthwise separable convolution
(source: towardsdatascience.com; original paper [16; 28])

| 3x3 Conv | |3x3 Depthwise Conv| When DK X DK is 3><3, the amount of
I
| BN

computation can be reduced from 8 to 9
times, but with only small reduction in accu-
racy. The Table 1 shows the architecture of
MobileNet; the Batch Normalization (BN)
and RelLU are applied after each convolution
(Fig. 11), with Width Multiplier o being in-
troduced for controlling of the number of
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where a =[0,1], with typical settings of 1, 0.75, 0.5 and 0.25. With a =1, it is the
basic MobileNet, and the computational cost and the number of parameters can be
reduced quadratically by ~o?. The Resolution Multiplier p is introduced to

control the input image resolution of the network and thus the Depthwise Separa-
ble Convolution Cost with Both Width Multiplier and Resolution Multiplier is:

Dy Dy -oM -pDyg -pDp +oM -aN -pDpy - pDp,
with p=[0,1] and the input resolution of 224, 192, 160, and 128. With p=1, itis
the basic MobileNe.

Table 1. MobileNet Body Architecture (source: original paper [16])

Type / Stride Filter Shape Input Size
Conv / s2 3x3x%x3x32 224 x 224 x 3
Conv dw /sl 3x3x%x32dw 112 x 112 % 32
Conv /sl 1x1x32x64 112 x 112 x 32
Conv dw / s2 3 x3x64dw 112 x 112 x 64
Conv /sl I x1x64x128 56 x 56 x 64
Conv dw /sl 3x3x128 dw 56 x 56 x 128
Conv /sl I x1x128 x 128 56 x 56 x 128
Conv dw / s2 3 x3x128 dw 56 x 56 x 128
Conv /sl 1 x1x128 x256 28 x 28 x 128
Conv dw /sl 3 x3 %256 dw 28 x 28 x 256
Conv /sl 1 x1x256 %256 28 x 28 x 256
Conv dw / s2 3 x 3 x256dw 28 x 28 x 256
Conv /sl 1 x1x%x256x512 14 x 14 x 256
5x Conv dw /sl 3x3x512dw 14 x 14 x 512
Conv /sl 1x1x512x%x512 14 x 14 x 512

Conv dw / s2 3x3x512dw 14 x 14 x 512
Conv /sl 1 x1x512x1024 7 x7%x512
Conv dw / s2 3 x3x1024 dw 7 %7 %1024
Conv /sl 1 x1x1024 %1024 7 x7 %1024
Avg Pool / sl Pool 7 x7 7 x 7% 1024
FC/sl 1024 x 1000 1 x1x1024
Softmax / sl Classifier 1 x1x1000

Later the modified MobileNet version was introduced, called V2 [29; 30]. It
utilizes the inverted residual structure. In this modification the non-linearities in
narrow layers are removed. The difference between V1 and V2 can be briefly
described in the following way. The MobileNet V1 has 2 layers, with the first
layer, called depthwise convolution, performing lightweight filtering by applying
a single convolutional filter per input channel, and the second layer, called
pointwise convolution, being a 1x1 convolution and used for building new fea-
tures through calculating linear combinations of the input channels.

The MobileNet V2 has two types of blocks. One is residual block with stride
of 1 and another one is block with stride of 2 used for downsizing; the model has
3 layers for both types of blocks. In this version the first layer is 1x1 convolution
with ReLUS6, the second layer is the depthwise convolution and the third layer is
another 1x1 convolution but without any non-linearity (Table 2). It is also claimed
that with using ReLU again, the deep networks only have the power of a linear
classifier on the non-zero volume part of the output domain.
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Table 2. MobileNet V2 layers (source: original paper [29])

Input Operator Output
hxwxk 1 x1 conv2d, ReLU6 h xw x (tk)
hxwxtk 3 x3 dwise s=s, ReLU6 h/s x w/s x (tk)

h/s x w/s x tk linear 1x1 conv2d h/s x w/s x k’

There is also an expansion factor ¢. The authors took #=6 for all main
experiments [29; 30]. If the input got 64 channels, the internal output would have
64xt=64x6=384 channels. Table 3 demonstrates the MobileNetV2 Overall
Architecture, with ¢ being the mentioned expansion factor, ¢ — number of output
channels, n — repeatingnumber, s — stride size; for the spatial convolution 3%3
kernels are used. The authors also note that with the removal of ReLU6 at the
output of each bottleneck module, accuracy is improved (Fig. 12, a), and with
shortcut between bottlenecks, it outperforms shortcut between expansions and the
one without any residual connections (Fig. 12, b) [29; 30].

72 72

7 g 71 =
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70 ] 70 - v
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g NS g 1 . nr
7 ] — Shortcut between bottlenecks 7

] — Linear botleneck

/ I /| 2 — Shortcut between expansions ]
J / 2 — Relu6 in bottleneck ST

3 — No residual
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E] 4 5 6 3 4 5 6
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a

Fig. 12. a — Impact of Linear Bottleneck; b — impact of Shortcut (source: original
paper [29])

Table 3. MobileNetV2 Overall Architecture (source: original paper [29])

Input Operator t c n s
224> x 3 conv2d - 32 1 2
1122 x 32 | bottleneck 1 16 1 1
112 x 16 | bottleneck 6 24 2 2
56% x 24 bottleneck 6 32 3 2
287 x 32 bottleneck 6 64 4 2
14° x 64 bottleneck 6 96 3 1
14* x 96 bottleneck 6 160 3 2
7% % 160 bottleneck 6 320 1 1
7% x 320 | conv2d I1x1 - - 1280 1
7> x 1280 | avgpool 7x7 - - - 1

1 x1x1280| conv2d 1x1 - k - -

The Hourglass architecture. The so-called Hourglass Network is an
architecture that combines a contracting path to extract information and an
expanding one to map features into locations [31; 32]. The idea behind its name is
that the union of the two paths is usually seen as an hourglass, where information
gets narrower before getting expanded again. This architecture takes its beginning
from Fully Convolutional Networks (FCNs) [34]. Presented in 2015, it is aimed at
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modifying the typical structure of Convolutional Neural Networks (CNNs) to
obtain segmentation maps as output. As one knows, CNN is a deep network that
uses 2 operations: convolution and pooling. A convolution is a mathematical
function that, through the use of filters, can extract the presence of different
(learned) features in an input. The pooling operation is used to reduce the size of
the convoluted matrix, condensing the extracted information (Fig. 13).

The basic structure of a CNN can be seen on Fig. 14. Here convolutions and
pooling operations are applied in sequence, resulting in fully-connected layers for
the classification of the received input [35]. The FCNs are intended to replace the
final fully-connected layers with upsampled versions of the pooling layers output,
and thus to retain spatial information and map them into the original input [34].
The FCN also employs the upsampled version of the last pooling layer and com-
bines different upsampling of various pooling layers in the network. Thanks to
this the outputs of deeper layers, which contain more information about features,
can be combined with the outputs of early layers, which still have information
about location [34]. Thus the output of the network’s final layer is a segmentation
map which is built on information from several previous layers, instead of just the
final one. However, this approach is only the basis for hourglass networks. More
deeply, the idea of the hourglass architecture can be seen on the following models.

- [ N, _—

Fig. 13. Convolution and Poling operations (source: medium.com/@calleris.enrico [32])

One of further developments of FCNs is an U-Net architecture [36]. It is
usually considered the earliest example of an hourglass network and was Initially
developed for the biomedical images segmentation. U-Net’s approach uses the
FCN concept to achieve impressive performance, with the main difference
between U-Net and FCNs being that the structure of the upsampling operations,
which is not a single one anymore but it matches the length of the downsampling
path. Now these two paths are now symmetrical and actually lead to model being
called U-Net because of the network shape (Fig. 15, a). In this architecture after a
downward path with the classic CNN structure of sequential convolution-pooling
operations, the upward path upsamples the received input and concatenates it with
the corresponding layer of the downward path (similar as FCN does). In each
upward layer, the previous output gets upsampled and de-convoluted. Then it is
combined with the output of the corresponding layer in the downward path (as

Feature maps

f.maps

-,
~., Output

Convolutions Subsampling Cenvolutions  Subsampling  Fully connected

Fig. 14. Basic structure of a CNN: Convolutional Operations with Pooling Operations and
Fully-Connected Layers. (source: medium.com/@calleris.enrico [32])
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shown by the horizontal arrows in Fig. 15, ). Thanks to this operation the feature
information extracted by the lower layers can be combined with layers with the
more spatially-resoluted outputs of the early convolutional layers. Thus, a
complete localized feature map is obtained which gives as final output an accurate
segmentation map.

Another variant of an hourglass network is the V-Net. This model was
introduced in 2016 and was intended for segmentation of 3D medical images [38].
This architecture has quite similar approach as U-Net as it is also based on two
symmetric contracting and expanding paths. The main difference is that unlike U-
Net it uses a fully-convolutional structure where convolution operations are
present exclusively and pooling layers are absent. This approach is two-folded
because the pooling operation can easily be replaced by a convolution with a
larger stride, and thus the network can be trained faster [39]. Also it would be
easier to apply the corresponding upsampling operation in the expanding path as
de-convolutions are preferred to un-pooling in order to simplify the understanding
and analysis [32; 38]. It is also worth mentioning the difference in the training
procedure between U-Net and V-Net: the U-Net uses the classic stochastic
gradient descent, while V-Net utilizes residual connections [15] to make
convergence faster and improve the segmentation results.

But despite all highlighted differences, U-Net and V-Net still share similar
approach, based on two different interconnected paths: the downward
(contracting) path for progressive feature extraction from the scene and the
upward (expanding) path for mapping of the extracted features to specific
locations in the original image [37]. The overall concept shows why it was called
a hourglass as it mimicks the two paths that contract and expand, meeting midway
to form the hourglass shape (Fig. 15, b). The output of this type of architecture is
as an accurate segmentation map, and it still is one of the most used approaches in
computer vision [40].

Ix256x256 Up
| D

kx256x256
masks

Fig. 15. a — U-Net architecture with downward path extracting features (left) and an up-
ward path mapping them into locations (right); » — conceptualization of the Hourglass
Network, with the contracting path (up) and the expanding path (down) (source: me-
dium.com/@calleris.enrico [32])

EfficientDet architecture. EfficientDet is a family of object detection mod-
els. As model efficiency is very important in computer vision, a lot of research
has been made in recent years towards more accurate object detection [41]. But
one knows that the more accurate object detection network is more expensive in
terms of number of parameters (FLOPS) it gets. The most simple and straightfor-
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ward way to increase the accuracy of object detection network is either to make
the network deeper by increasing the number of layers, or increase the number of
channels, or increase the model input image resolution. However, the random in-
crease of any one among the dimensions mentioned above will diminish the accu-
racy gain. So in EfficientDet paper [42] authors introduced a systematic way of
model scaling and they show that carefully balancing network depth, width and
resolution can lead to better performance.

The initial concept of model scaling, i.e. increase of the network depth,
width and resolution to enchance its performance, was presented in the Efficient-
Net paper [43] for image classification, but in the result of EfficientNet testing the
authors implement this technique for object detection and called it as EfficientDet
[41; 42]. This architecture is based on the paradigm of one-stage detectors: these
detectors use ImageNet-pretrained EfficientNets as the backbone network. Thus,
the Bidirectional Feature Pyramid Network (BiFPN) was introduced and it serves
as the feature network by taking level 3—7 features (P3, P4, P5, P6, P7) from the
backbone network and repeatedly applying top-down and bottom-up bidirectional
feature fusion. These fused features are then fed to a class and box network pre-
dictor, in order to generate object class and bounding box predictions respectively
(Fig. 16).

Pil128 =

Pol 64 =

Psf32 —

Pal 16 eo—

fe—
Pyl —
]

BIFPN Layer

Pl —
[2XF]
Input

EfficientNet backbone

Fig. 16. EfficientDet architecture: it uses EfficientNet as the backbone network, BiFPN as
the feature network and shared class/box prediction network. (source: original paper [42])
The development of BiFPN can be seen on Figure 17 [42; 45]. Here, FPN
[22] is a baseline way to fuse features with a top down flow; Path Aggregation
Network (PA Net) [45] allows the feature fusion to go backwards and forwards
from smaller to larger resolution; NAS-FPN [46] is also another feature fusion
technique created earlier. The EfficientDet architecture uses the edited structure
of NAS-FPN to create on the BiFPN blocks and stacks them on top of each other
with number of blocks varying in the model scaling procedure. Also, considering
that certain features and feature channels might vary in the amount that they
contribute to the end prediction, a set of weights was added at the beginning of
the channel that are learnable. Before EfficientDet, model scaling for image
detection generally scaled portions of the network independently, as for example,
the ResNet scales only the size of the backbone network. This idea is similar to
the joint scaling approach used to create EfficientNet. For EfficientDet the scaling
task was set to vary the size of the backbone network, the BiFPN network, the
class/box network, and the input resolution. The backbone network scales up
directly with the pretrained checkpoints of EfficientNet-BO through EfficientNet-
B6 and its width and depth are varied along with the number of BiFPN stacks [44].
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repeated blocks

repeated blocks

(a) FPN (b} PANet (d) BIFPN

a b c d

Fig. 17. Feature network design: a — FPN [23] introduces a top-down pathway to fuse
multi-scale features from level 3 to 7 (P3 - P7); b — PANet [26] adds an additional bot-
tom-up pathway on top of FPN; ¢ — NAS-FPN [10] use neural architecture search to find
an irregular feature network topology and then repeatedly apply the same block; d — is
our BiFPN with better accuracy and efficiency trade-offs. (source: original paper [42])

The specifications of EfficientDet are the following: the Backbone Network
uses the same width/depth scaling coefficients as EfficientNet-BO to B6 so that
ImageNet-pretrained checkpoints can be used. The BiFPN network width (num-
ber of channels) grows exponentially as done in EfficientNets, but the depth
(number of layers) is increased linearly since it needs to be rounded to small inte-
gers. After a grid search, 1.35 is detected as best scale factor for width:

Wbifpn 264(135(P), Dbifpn :3+(p

{c) NAS-EPN

Box/class prediction network has the same width as the BiFPN but the depth
is linearly increased:

Dbox =Dclass =3+\_¢/3J
As for input image resolution: since feature levels 3—7 are used in BiFPN,

the input resolution must be dividable by 2" =128, so resolutions are increased
linearly.
Rippus =512+ ¢-128.

Table 4. EfficientDet scaling (source: original paper [42])

Depth Siizl%ut Backbone et BiFf’N BiFPN Box/class
wu | Network | #channels sz‘ on #layers DW . | #layers D

DO (¢p=0) 512 BO 64 3 3
DI (¢ =1) 640 Bl 88 4 3
D2 (¢=2) 768 B2 112 5 3
D3 (¢ =3) 896 B3 160 6 4
D4 (¢ =4)| 1024 B4 224 7 4
D5(¢=5)| 1280 B5 288 7 4
D6 (¢=6)| 1280 B6 384 8 5
D7(¢=7| 1536 B6 384 8 5

D7x 1536 B7 384 8 5

Single Shot MultiBox Detector (SSD). The SSD [27; 47] is a detector de-
signed for real-time object detection. While Faster R-CNN [26] utilizes an RPN
for boundary box creation and uses those boxes for object classification, despite
its accuracy it does not perform very fast (up to 7 fps) and thus is not suitable for
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real-time object detection. The SSD performs faster due to elimination of need for
RPN and maintains fine accuracy by using multi-scale features and default boxes
as improvements. This allows SSD to increase its speed using images with lower
resolution and keep its performance at the same level of accuracy as Faster R-
CNN. This fact was confirmed by our experiment, as shown in the model per-
formance comparison at the end of this paper.

Single Shot MultiBox Detector composes of 2 parts: feature maps extraction
and application of convolution filters for object detection. For feature maps ex-
traction the V'GG16 architecture [48; 49] is used and it detects objects with help of
Conv4_3 layer (Fig. 18, a). As for example (Fig. 18, ), a 8x8 Conv4 3 is drawn
spatially (should be 38x38) and for each cell (aka location) it produces 4 object
predictions. Each prediction is represented by a boundary box and 21 scores for
each class (plus 1 extra class for no object) and one picks the highest score as the
bounded object’s class. The Conv4 3 in total produces 38x38%4 predictions, four
predictions per cell regardless of the depth of the feature maps. Since many of
these predictions contain no object, SSD reserves a class “0” to mark that the box
has no objects (Fig. 19, a). The process of making multiple predictions containing
boundary boxes and confidence scores is called multibox [47].

VGG-16

_ through Convs_3 layer Classifier : Conv: 3x3x(4x(Classesed))

|
-

| Detections

Fig. 18. a — General SSD architecture idea; b — detector work: left: the original image,
right: 4 predictions at each cell (source: article [47])

As for predictors for object detection, SSD does not use a special RPN; in-
stead, it calculates both the location and class scores with help of small convolu-
tion filters. After feature maps extracting, the detector applies 3%3 convolution
filters for each cell to make predictions with these filters calculating predictions in
the same way as regular CNN filters. The output of each filter consists of 25
channels: 21 scores for each class + one boundary box (ex. applying four 3x3 filters
in Conv4 3 for 512 input channels mapping gives 25 output channels) (Fig. 19, b).

(4x3x3x512x (21+4))
(38x38x512) - (38%x38x4x(21+4)).

For detection, SSD uses multiple layers (multi-scale feature maps) to detect
objects independently. The CNN gradually reduces the spatial dimension and thus
the resolution of the feature maps also decreases. SSD uses lower resolution lay-
ers to detect larger scale objects: for example, the 4x4 feature maps are used for
larger scale objects (Fig. 20, a). Also, SSD adds 6 more auxiliary convolution
layers after the VGG16, with 5 of them added for object detection. In three of
those layers, one makes 6 predictions instead of 4 and in total, SSD makes 8732
predictions using 6 layers (Fig. 20, »). Thanks to usage of Multi-scale feature
maps the accuracy is significantly improved.
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a

Fig. 19. Multibox predictor — a; convolutional predictors for object detection (source:
article — b [47])
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Fig. 20. Lower resolution feature maps (right) detects larger-scale objects — a [47]; SSD
full architecture — b [27; 47]

SSD also uses the idea of default boundary boxes that are equivalent to an-
chors in Faster R-CNN [26]. For prediction of boundary boxes one can start with
random predictions and use gradient descent for model optimization. During the
initial training, however, there can be a problem of determining what shapes (cars
or pedestrians) may be optimized for which predictions and research showed that
early training can be very unstable. The boundary box predictions on Fig. 21, a
work well for one category but not for others and it is necessary for initial predic-
tions to be diverse and not looking similar. So for detection of number of objects
the predictions have to cover more shapes. Such approach makes training easier
and more stable (Fig. 21, b).

In real-life, boundary boxes do not have arbitrary sizes and shapes, so the
ground truth boundary boxes can be partitioned into clusters with each cluster
being represented by a default boundary box, i.e., by the centroid of the cluster. In
this way instead of making random predictions one can start the guesses based on
those default boxes. The SSD detector also keeps the default boxes to a minimum
(4 or 6) with one prediction per default box. As for boundary box localization, its
predictions do not use global coordinates; instead, they are relative to the default
boundary boxes at each cell (Acx, Acy, Aw, Ah), i.e. the offsets (difference) to the
default box at each cell for its center (cx, cy), width and height. Each feature map
layer shares the same set of default boxes centered at the corresponding cell, but
different layers use different sets of default boxes to adjust object detections at
different resolutions (Fig. 21, ¢).

SSD’s default boundary boxes are chosen manually and network defines a
scale value for each feature map layer. As it was shown on Fig. 20, b, starting
from the left, Conv4 3 detects objects at the smallest scale of 0.2 or sometimes
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even 0.1. Then, it linearly increases to the rightmost layer at a scale of 0.9. After
that one calculates width and height of the default boxes by combining the scale
value with the target aspect ratios. As layers make 6 predictions, SSD starts with
5 target aspect ratios of 1, 2, 3, 1/2, and 1/3. Then the width and the height of the
default boxes are calculated with aspect ratio=1. YOLO [52] uses k-means clus-

tering on the training dataset to determine those default boundary boxes.

w=scale- \Jaspect ratio,

e scale

LJ/aspect ratio ’

SSD adds an additional default box with scale:

scale = \/ scale - scale at next level .

| .
| ——

a b | c
Fig. 21. With predictions not being diverse, the model will not perform — a; diverse pre-
dictions cover more object types — b; 4 default boundary boxes — c [47]

6
loUgesauit box 2 = 11

a
b
Fig. 22. The ground truth object (blue) and 3 default boundary boxes (green) —
a; default box 2 has IOU > 0.5 with the ground truth — b [47]

With SSD’s matching strategy, predictions are classified as positive matches
or negative matches. SSD uses only positive matches for localization cost calcula-
tion (the mismatch of the boundary box) and if the corresponding default bound-
ary box (and not the predicted boundary box) has an /OU > 0.5 with the ground
truth, then the match is considered positive; otherwise, it is negative. IOU (Inter-
section over Union) is a metric used to measure the degree of overlap between
two bounding boxes and it calculates the ratio of the area of overlap between the
two boxes to the area of their union. Mathematically, it is represented as
10U = §; /S For example, if there are 3 default boxes and only de-

intersection / “union *
fault box 1 and 2 (not 3) have an /OU > 0.5 with the ground truth box above
(blue box, Fig. 22, a). Then only box 1 and 2 are positive matches and once the
positive matches are identified, one calculates the cost using the corresponding

> 0.5
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predicted boundary boxes (Fig. 22, b). Such matching strategy encourages each
prediction to predict shapes closer to the corresponding default box, and in this
way the predictions are more diverse and stable in the training [47]. Fig. 23 shows
how SSD uses the combination of multi-scale feature maps and default boundary
boxes to detect objects at different scales and aspect ratios. The dog matches one
default box (in red) in the 4x4 feature map layer, but no other default boxes in the
higher resolution 8x8 feature map, while the cat, because of being smaller, is de-
tected only by the 8x8 feature map layer in 2 default boxes (in blue). Higher-
resolution feature maps are responsible for detecting small objects and the first
layer for object detection, Conv4 3, has a spatial dimension of 38%38 which is
large reduction from the input image. That is way SSD usually performs badly for
small objects comparing with other detection methods but this problem can be

reduced by using images with higher resolution.

300 x 300
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() Image with GT boxes (h) 8 x 8 feature map (c) 4 x 4 feature map

a
Fig. 23. SSD detector work example — a [27]; size reduction — b [47]

SSD’s localization loss is the mismatch between the ground truth box and
the predicted boundary box and SSD only penalizes predictions from positive
matches. It is necessary for the predictions from the positive matches to get closer
to the ground truth; negative matches can be ignored. This loss is defined as the
smooth L/ loss with cx, cy as the offset to the default bounding box d with width
w and height 4 [27]:

N
Lloc(xﬂlag) = Z Z xl_-l;Sl’l’lOOthLl (llm — g;") ;

ie Pos me{cx,cy,w,h}

g5 =(g5 —d)dY, &9 =¥ -dP)d!;

if IOU >0.5 between default box i and

xf =1 ground true box j on class p,.
0, otherwise.

SSD also uses confidence loss as the loss of making a class prediction. It pe-
nalizes the loss according to the confidence score of the corresponding class for
every positive match prediction. For negative match predictions, it penalizes the
loss according to the confidence score of the class “0”: class “0” means no object
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is detected. The loss is the softmax loss over multiple classes confidences ¢ (class
score), and N is the number of matched default boxes:

s A A . exp(c?
Leony (x,0)== Y xf log (e[ )~ Flog(¢}), where ¢&f =p—’)p.
i€ Pos i€ Neg Zpexp(ci )

The final loss function is calculated as:

1
L B 717 = chn B + Lgc 717 B
(x,¢,0,2) N( i (%:,0) + oy, (x,1,8))

where N is the number of positive matches and « is the weight for the localiza-
tion loss.

For the removal of duplicate predictions pointing to the same object SSD
uses non-maximum suppression. It sorts the predictions by the confidence scores
and starting from the top confidence prediction, SSD evaluates whether any pre-
viously predicted boundary boxes have (Intersection Over Union) IOQU > 0.45
with the current prediction for the same class and if found, current prediction will
be ignored. Despite that, there are still much more predictions made than the
number of objects present, sothere are many more negative matches than positive
matches. This way the class imbalance problem appears and it worsens the train-
ing as the model then is training to learn background space rather than detecting
objects. But SSD still requires negative sampling so it can recognize what repre-
sents a bad prediction and thus it sorts those negatives by their calculated confi-
dence loss instead of using all of them. It takes the negatives with the top loss and
makes sure the ratio between the picked negatives and positives is at most 3:1,
which makes the training process faster and more stable [47].

Faster R-CNN architecture. Faster R-CNN is an object detection architec-
ture presented [26; 50; 51] in 2015. It is one of the famous object detection archi-
tectures that use convolution neural networks like SSD (Single Shot Detector) or
YOLO (You Look Only Once) [52]. The idea behind the development of Faster
R-CNN network was to create a unified architecture that not only detects objects
within an image but also locates the objects precisely in the image. Faster R-CNN
architecture uses the benefits of deep learning, CNNs and RPNs resulting in a
combined network that significantly improves the speed and accuracy of the
model [50]. It consists of two key components: Region Proposal Network (RPN)
and Fast R-CNN detector and as a backbone it utilizes Shared Convolutional Lay-
ers, common CNN layers used for both RPN and Fast R-CNN detector (Fig. 24, a)

Faster R-CNNs backbone, the CNN is used for extraction of relevant fea-
tures from the input image and consists of multiple convolutions layers that apply
different convolutions kernel to extract those features. The convolutions kernels
are designed to capture the hierarchical representations of the input image. This
means that starting from the initial layers, CNN captures the low-level features
(basic textures or edges) and then with much deeper layers it captures the high
level semantic features like objects parts and shapes. Both RPN and Fast R-CNN
detector uses the same extracted hierarchical features. This approach helps to sig-
nificantly reduce the computing time and memory use as the computations per-
formed by these layers are employed for both tasks.

Previously R-CNN and Fast R-CNN architectures use Selective Search
algorithm [53] region proposals generation. This process is executed on CPU and
thus takes more time in computations. With the introduction of Faster R-CNN
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[26] this problem was fixed by using a convolutional-based network i.e. RPN.
This step reduced proposal time for each image from 2 seconds to 10 ms and
improved feature representation by sharing layers with detection stages. Region
Proposal Network is a key component of Faster R-CNN architecture, as it is
responsible for generating possible ROIs (regions of interest or region proposals)
in images that may contain objects. It is based on the concept of attention
mechanism in neural networks that tells the subsequent Fast R-CNN detector
where in the image the objects should be searched for. The main components of
the Region Proposal Network are as follows [50]:

1. Anchors boxes: Anchors are used for region proposals generation in the
Faster R-CNN model. It uses a set of predefined anchor boxes with different
scales and aspect ratios and these anchor boxes are placed at different positions on
the feature maps. An anchor box’s two key parameters are scale and aspect ratio

2. Sliding Window approach: The RPN runs as a sliding window over the
feature map received from the CNN backbone. It uses a small convolutional net-
work, usually a 3x3 convolutional layer, to process the features within the sensi-
tive field of the sliding window and thus this convolutional operation produces
scores that represent the object presence probability and regression values for ad-
justing the anchor boxes.

3. Objectness Score: This value represents the probability that a given an-
chor box contains an object of interest rather than being just background. RPN
predicts this score for each anchor and this objectness score reflects the confi-
dence that the anchor corresponds to a meaningful object region. This score is
also used for anchor classification as either positive (object) or negative (back-
ground) during training.

4. 10U (Intersection over Union) metric.

5. Non-Maximum Suppression (NMS): This operation is used to remove re-
dundant and select the most accurate proposals, based on the mentioned object-
ness scores of overlapping proposals and it keeps only proposals with the highest
score while eliminating the others.

The RPN uses feature maps the were produced by CNN backbone and
applies on them a sliding window approach (as it was shown in Fig. 9, ¢) with
anchor boxes of varying scales and shapes to marks potential object positions.
This way these anchor boxes are enhanced in the process of training in order to
match better actual object positions and sizes. For each anchor, the RPN predicts
two parameters: objectness score, i.e. probability that anchor contains object, and
adjustments for the anchor coordinates to match the actual object’s shape. As a
large number of region proposals are generated and many of them overlap and
correspond to the same object, Non-Maximum Suppression is used to rank the
anchor boxes according to their objectness probabilities and take only the top-N
anchor boxes with the highest scores. Thus it can be guaranteed that the final
selected proposals are both accurate and non-overlapping and algorithm considers
these selected anchor boxes as as possible region proposals.

The next key component of Faster R-CNN network is the Fast R-CNN de-
tector itself as it is responsible for object detection within the region proposals
suggested by the RPN. It operates in several stages [50]:

1. Region of Interest (Rol) Pooling: at this first step ROI pooling is applied
to the region proposals suggested by the RPN. This operation transforms RPN’s
variable-sized region proposals into fixed-size feature maps that will be handed
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into the network’s subsequent layers. Rol pooling divides each region proposal
into a grid of cells of equal size and then applies max pooling within each cell,
thus, generating a fixed-size feature map for each region proposal (Fig. 24, b).
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Fig. 24. Faster R-CNN architecture idea — a; ROI Pooling —b; bounding box regression
— ¢ [26; 50]

2. Feature Extraction: in this stage feature maps, obtained after ROI Pool-
ing, are fed into the CNN backbone (the same one used in the RPN for feature
extraction) in order to extract meaningful features that capture object-specific in-
formation and thus one draws hierarchical features from region proposals. Hierar-
chical features keep the spatial information while separating low-level details and
thus allow the network to understand the content of proposed regions.

3. Fully Connected Layers: the algorithm passes the Rol-pooled and feature-
extracted regions through a series of fully connected layers as they are used for
object classification and bounding box regression.

a. As for Object Classification, network predicts class probabilities for each
region proposal and points out the possibility that the proposal contains an object
of a specific class, and then, the classification is performed by combining the fea-
tures pulled out from the region proposal with the shared weights of the CNN
backbone.

b. Bounding Box Regression: Together with class probabilities, the network
predicts bounding box adjustments for each region proposal, which refine the po-
sition and size of the region proposal’s bounding box and align it more accurately
with the actual object boundaries. The first layer is a softmax layer of N+/ output
parameters that predicts the objects in the region proposal, with N being the num-
ber of class labels and background. The second layer is a bounding box regression
layer with 4- N output parameters and is used for bounding box regression of the
object in the image.

Fast R-CNN detector uses the Multi-task Loss Function as the loss function
[26]. It combines classification and regression losses, with classification loss cal-
culating the difference between predicted and true class probabilities and the re-
gression loss calculating the difference between predicted and actual bounding
box adjustments:

1

1 * ¥
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where, N is the number of ROIs used for classification, N,,, is the number of

ROIs used for bounding box regression; p; is the predicted probability of classi-

fying the i-th ROI; p,-* is binary (1 or 0) ground-truth indicator for the i-#2 ROI
being a foreground or background object; ¢, represents the ground-truth bounding
box parameters for the i-th ROI; v, represents the predicted bounding box ad-
justments for the i-th ROI; L, is the classification loss function, usually com-

puted using cross-entropy loss; L, is the regression loss function, usually com-

reg
puted using smooth L/ loss and A is a balancing parameter for controling the
trade-off between the two components of the loss.

After predicting class probabilities and bounding box changes, the final de-
tection results are refined using a post-processing procedure. In this step, non-
maximum suppression (NMS) is used to reduce redundant detections while keep-
ing the most confident and non-overlapping ones.

Several additional notes on Faster R-CNN Process can be made [50]. For
Fast R-CNN object detection network two fully convolution models are com-
monly used: Zeiler and Fergus model (ZF) [54] with 5 shareable convolutional
layers or Simonyan and Zisserman model (VGG-16) [48] with 13 shareable con-
volutional layers. With the Sliding Window Approach, RPN operates on an nxn
spatial window of the input convolutional feature map with each sliding window
being mapped to a lower-dimensional feature. Its dimensions are 256-d for Zeiler
and Fergus model (ZF) and 512-d for Simonyan and Zisserman model (VGG-16).
Further it is followed by a Rectified Linear Unit (ReLU) activation. The sliding
window architecture is effectively realized using an nxn convolutional layer, fol-
lowed by two 1x1 convolutional layers for box regression and box classification;
if for example, n =3 for the sliding window, it leads to a large effective receptive
field on the input image: 171 pixels for ZF and 228 pixels for VGG). For each
window position, K region proposals are generated with proposal being defined
by an anchor box, which is set by scale and aspect ratio. Multiple anchor boxes
are created by varying these parameters and it results in different scales and aspect
ratios. Thus a set of anchor boxes is created, usually K =9, allowing the model to
consider various object sizes and shapes. These anchor variations allow the model to
handle scale invariance and share features between the RPN and Fast R-CNN.

For each generated region proposal, a feature vector is extracted with
a length of 256 (for ZF net) or 512 (for VGG-16 net) and is then processed by two
sibling fully-connected (FC) layers: the lower-dimensional feature extracted from
the sliding window is fed into two sibling fully-connected layers. The Box-
Classification FC Layer (cls) predicts an objectness score for the proposed region,
it is a binary classifier that assigns an objectness score to each region proposal
and determines whether the proposal contains an object or is part of the back-
ground. This layer also produces two outputs: one for classifying the region as
background and another for classifying the region as an object. The objectness
score assigned to each anchor helps to generate the classification label. The Box-
Regression FC Layer (reg) predicts adjustments for the bounding box of the pro-
posed region and returns a 4-D vector that defines the bounding box of the region
proposal.
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The Region Proposal Network (RPN) is trained end-to-end using
backpropagation and stochastic gradient descent (SGD), i.e. entire network,
including the newly added RPN layers and the shared convolutional layers, is
optimized together to minimize the loss function. The training strategy is an
“image-centric” sampling [50], in which each mini-batch is derived from a single
image. This image contains both positive (with object) and negative (background)
example anchors and instead of optimizing the loss function for all anchors, the
network randomly picks 256 anchors from the image to calculate the loss for the
mini-batch. The sampled positive and negative anchors are balanced at a ratio of
up to 1:1. Also in order to overcome the potential bias towards negative samples,
the training makes sure that each mini-batch contains a balanced mix of positive
and negative examples. Thus if an image has less than 128 positive samples,
additional negative samples are added to the mini-batch to keep the correct ratio.

Regarding the layer initialization, new layers added to the architecture are
initialized by getting weights from a Gaussian distribution with a mean of zero and a
standard deviation of 0.01. This random initialization is applied to the layers specific
to the RPN. The existing shared convolutional layers are initialized using weights
pretrained on the ImageNet classification task according to standard practice.

YOLO detector. You Only Look Once (YOLO) [52] is an architecture, that
uses end-to-end neural network and allows to makes predictions of bounding
boxes and class probabilities all at once [55]. The main difference from other ob-
ject detection algorithms is that they repurposed classifiers to make detections.
YOLO model is based on fundamentally different object detection approach and
thus it performs extremely fast, significantly outperforming other real-time object
detection algorithms. This detector does all of its predictions with the help of a
single fully connected layer in contrast to other networks, like Faster RCNN,
which detect possible regions of interest with help of RPN and then do recogni-
tion on those regions separately. In other words, for the same image YOLO does a
single iteration when RPN-baset networks perform multiple iterations.

The YOLO architecture [52; 55] is depicted on Fig. 25: the algorithm re-
ceives an image as input, then detects objects on this image with help of a simple
deep convolutional neural network as its backbone. In this model the first 20 con-
volution layers are pre-trained using ImageNet by plugging in a temporary aver-
age pooling and fully connected layer and then, this pre-trained model is con-
verted to perform detection, because thanks to earlier studies it was carried out
that adding convolution and connected layers to a pre-trained network helps to
improve performance. The model’s final fully connected layer makes predictions
on both class probabilities and bounding box coordinates.
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Fig. 25. YOLO original architecture (source: original paper [52; 55])

Cucmemni docnioxcenna ma ingpopmayivini mexuonoeii, 2025, Ne 4 97



M.A. Shvandt, V.V. Moroz

During processing, YOLO’s algorithm divides an input image into an SXS§
grid. Within this grid it checks, if the center of an object gets placed within some
grid cell, then that grid cell is responsible for detecting that object. Thus, each
grid cell predicts B bounding boxes and confidence scores for those boxes and
these confidence scores indicate how confident the model is that some box con-
tains an object and how accurate the model thinks that predicted box is. The algo-
rithm predicts multiple bounding boxes per grid cell. As at training stage it is nec-
essary that for each object only one bounding box predictor should be responsible
for this object, YOLO assigns one predictor to be “responsible” making predic-
tions of an object based on which prediction has the highest current IOU with the
ground truth. This task leads to bounding box predictors being specialized for dif-
ferent tasks: each predictor gets better at forecasting certain sizes, aspect ratios, or
classes of objects, improving the overall recall score. YOLO models also use one
key approach called Non-Maximum Suppression (NMS), a post-processing step
used for improvement of object detection accuracy and efficiency. In the process
of object detection it is a common situation when for a single object in an image
multiple bounding boxes are generated. As such bounding boxes can be located at
different positions or may overlap while still representing the same object, NMS
is used to identify and remove redundant or incorrect bounding boxes and to out-
put a single correct bounding box for each object in the image [55].

Since the initial release of YOLO in 2015, it had received several modifica-
tions and improvements and thus new versions have appeared. For our research
the YOLO v5 version was chosen as it is still one of the most recent modifications
and is easy to install for instant usage. The v5 version [56] was introduced in
2020 by developers of original YOLO. Unlike the original model, v5 version uses
EfficientDet-based architecture as a backbone. It allowed the new model to in-
crease accuracy and generalization to a wider range of object categories. The v5
version also uses a new method for generating the anchor boxes, called “dynamic
anchor boxes”, which involves using a clustering algorithm to group the ground
truth bounding boxes into clusters and then it uses the centroids of the clusters as
the anchor boxes. Thanks to this the anchor boxes can be more closely aligned
with the size and shape of detected objects. One more new idea that was intro-
duced in YOLO VS5 is the concept of the Spatial Pyramid Pooling (SPP). 1t is a
type of pooling layer used to reduce the spatial resolution of the feature maps. It
allows the model to see the objects at multiple scales and thus improves the detec-
tion performance on small objects. In addition, v5 model has introduced a new
variant of the IOU loss function called “CIOU Loss” and designed to improve the
model's performance on imbalanced datasets [55].

Training and experiment. The whole experiment was performed locally on
a laptop with an Intel i9-13980HX CPU, NVidia 4090 16GB laptop GPU and
64GB RAM; CUDA 11.2. Due to hardware limitations the training was decided
to be limited by 5000 train steps for general comparison. The test runs for each
model were performed on the same machine. The dataset used for training con-
sisted of 562 images (selected video frames). The test set consisted of 63 images.
The part of test is not only to evaluate the trained model accuracy on train dataset,
but to see how fast the models train considering their different internal architec-
ture. As mentioned previously, we did not measure FPS because each video frame
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is additionally preprocessed to improve its color and remove noise, and thus this
processing takes some additional time.

Also because of hardware limitations (GPU memory size) each model was
trained with maximum possible image batch size. For example, we did not
consider the EfficientDet D3 or higher versions since on current hardware it was
possible only to train with a batch of 4 which was considered not enough for good
model training. Also as the CenterNet MobileNetV2 FPN 512x512 training
results were very poor despite 5.5h of training it was decided to exclude it from
the comparison.

Note on detection speed benchmark: for the first image, the detection time
was always much longer comparing to other images in test set due to the model
being loaded by program for the first time. Thus we excluded the detection time
for the first image from average detection speed calculation as this delay occurs
for the very first image only and is insignificant for the further detection period.
Fig. 26 shows some examples of work of the neural network object detector.

Fig. 26. NN object detection results

CONCLUSIONS

The experiment results are shown on Table 5. According to them, it was carried
out, that such models as the EfficientDet, SSD net with ResNet50 V1, ResNet101
V1 backbone and the Faster R-CNNs are not very suitable for training on usual
hardware as they operate with large amounts of data during training and thus re-
quire a lot of memory when trying larger batch sizes which can become problem-
atic. Using smaller batch size can cause model not to train good enough even de-
spite that its training time was sometimes less compared to other models.
Extending the training time also cannot be good option as seen EfficientDet 10K
step training. As for other mentioned models (SSDs and Faster R-CNN), with the
same training amount of 5K steps these models also showed smaller accuracy.

The detection speed benchmark results also show that for example, only
CenterNet Resnet101 V1 FPN 512x512, SSD MobileNet V1 FPN and YOLO v5
manage to fit within the given detection time threshold of about 110 ms. Other
SSD nets managed to show longer detection time with a bit smaller accuracy then
the SSD MobileNet V1 FPN.

Thus, for our further research it is decided to consider the SSD MobileNet
V1 FPN and YOLO as the most suitable for detection of relatively simple objects
with minimum visual details. This result might be useful for anyone trying to use
any of studied models for similar tasks. From all tested model only these ones can
be trained with minimum significant amount of data and perform accurate and
fast enough even at less capable hardware then used for our experiment. Thus we
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will consider them as primary neural object detectors for fish detection and track-
ing. But we still might consider CenterNet with HourGlass104 and Resnet101 V1
FPN for some other tasks as they also maintain relatively good ratio of detection
speed and especially training possibilities and resulting accuracy.

Table 5. Model training and evaluation results

. Network Training Training AP50 | AP75 Avg detec-
Artcl?:zec- Backbone | input | batch time (‘Q/P) I0U | IOU A(l:}l\)/l) A(l:/(l)‘) tion
size size |(approx.) ‘7" | (%) | (%) ° ®) |speed (ms)
CenterNet Hour- 512x512| 10 55h [79.16(99.23 193.64 | 62.02 | 80.9 183
Glass104
Resnet101
CenterNet V1 FPN 512x512| 20 5h 74.59 198.19 | 91.05 | 58.01 | 76.31 83
Efficient- | Efficient-
Det D2 Net 896x896 6 3h 55.83192.31|62.23 | 32.65 | 58.32 233
Efficient- | Efficient- 6 (10K
Det D2 Net 896x896 steps) 3h 65.47| 939 | 8241|4531 |67.44 263
MobileNet
SSD V1 FPN 640x640| 32 10h [ 87.42]99.03 |98.96 | 75.58 | 88.8 112
MobileNet
SSD V2 FPNLite 640x640| 28 45h |73.43| 97.5 |89.95|55.31 | 75.22 116
ResNet50 |1024x10
SSD V1 FPN 24 8 7.5h |73.53| 96.6 | 88.62|47.13 | 76.17 141
ResNet101]1024x10
SSD V1 FPN 24 5 35h [23.29(44.47|2445| 3.04 | 25.46 175
Faster | ResNet50 (800x133
R-CNN Vi 3 6 2h 71.41 | 98.5 | 88.89 | 48.0 | 73.67 143
Faster |ResNet101|1024x10
R-CNN Vi 24 5 3h 70.85(97.65 | 88.72 | 51.48 | 72.85 241
AP50- Pr.em- Recall
95 sion
Yolo vs | CSPDark- | 630 x| g | 51 1985|980 | . |981|977| 8

net53 640
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OrJIsI METOAIB I MOJEJENA JETEKTYBAHHSI OB’€EKTIB HA BA3I
HEWMPOHHUX MEPEX HA TIPHKJAJI IX 3ACTOCYBAHHS IS
CIIOCTEPEXXEHHS 3A JIABOPATOPHUMHMU TBAPUHAMM / M.A.lllBauar,
B.B. Mopos

AHoTanisi. HaBeneHo cTUCITHIT OTIIsI1 HANMOMUPEHIMKUX 0a30BUX MoJIeleil HeHpoH-
HUX MEpeX Ui BUSBIECHHS 00’ekTiB. [loTpeba B aBTOMaTH3awii MpoLeciB crocTe-
PEXEHHS Ta HaryisLy MOCTiiHO 3pocTae. OfHIM i3 KIIFOUOBUX 3aBJaHb TAKUX IIPOLe-
CiB € BHABJICHHS 00’€KTa, IO I[IKaBUTh, JUIS MOJANBIIOrO Horo anamisdy. Byno
3aMpONOHOBAaHO 0araTo OCHOBHHUX aJTOPUTMIB 1 MiJIXOJIB BHIBICHHS 00’ €KTIB, aje
OLIBIIICTD 13 HUX, 3a3BUYAl, MAIOTh JICAKI OOMEKCHHS 111010 00JaCTi 3aCTOCYBaHHSI.
31e61TbIIOro 11i 0OMEKEHHSI 3yMOBIICHI XapaKTepOM CIIOCTEPEIKYBAHOTO CEPEIOBH-
ma abo yepes Te, 1O MiIXOAHU JI0 BUSBICHHS 3aJI€XaTh BiJl OKPEMUX XapaKTEPUCTHK
00’€eKTa, SK-OT JIUIIE KOJip a0o Jesiki ocHOBHI (¢opmu. JIns BUpIMIEHHS LUX MPO-
Osem OyB pO3pOOJICHHUIT 3araioM HOBHUH MiXiJ IO BUSBICHHS 00 €KTIB i3 BUKOPHC-
TaHHAM HeHpOHHUX Mepek. [loJaHo OCHOBM Ta OCHOBHI aCIEeKTH HaHOiLIBII MOLIH-
pPEHUX MoOJeNed HEeHpPOHHHX MepeXX Ui BHSBIEHHSA 00 ekTiB. EkcnepumeHT
MIPOJIEMOHCTPYBAB OCOOJHMBOCTI, MEPEBard Ta HEMONIKU JOCITIKYBaHUX METOJIB
HPY 3aCTOCYBaHHI JUIsl BUSBJICHHS JJaOOPAaTOPHUX TBAapWH IiJl Yac BUBYEHHS IX I1O-
Be/liHKH. 3 OISy Ha Iie 3po0JICHO BUCHOBKH Ta HaJIaHO peKOMEHamii o0 X BU-
KOPUCTaHHSI.

KunrodoBi cioBa: nerexktyBaHHS 00’€KTiB, HElfpOHHA Mepexa, HeHpOHHHMIT 1ap, ap-
XITEKTypa, MOJIeIb, ONTUMI3allis, OI[iHKa, MPOTHO3, Bijico, 300paXeHH, Kaap, 3a-
Hill (OH, IepeaHii (OH, eKCIIEPUMEHT, TIOPIBHIHHSI.
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Abstract. This article examines evaluation metrics for the results of super-resolution
image generation in solving the SISR task. The study comprises two experiments:
the implementation of custom network architectures for SRGAN, VDSR, and
SRCNN, and fine-tuning of pre-trained SRGAN, VDSR, and SRCNN models. An
algorithm for assessing the quality of models and deep learning methods for generat-
ing super-resolution images is suggested. The VDSR model performed best in terms
of pixel, structural, and perceptual metrics, as well as training time and visual con-
firmation by a human, highlighting that residual learning is more effective than re-
cursive learning under the conditions of the two conducted experiments. Threshold
values for practically acceptable and high-quality results were determined through
visual analysis of many generated images and their corresponding quality metrics,
including those reported by other researchers.

Keywords: single image super-resolution, quality assessment, generative models,
deep learning methods, convolutional neural network, residual learning, recursive
learning, fine-tuning of pre-trained models, perceptual metric, LPIPS, multicriteria
decision analysis, DIV2K dataset, thresholds for practically acceptable and high-
quality generated images.

INTRODUCTION

The task of Single Image Super-Resolution (SISR) involves the formation of
highly detailed versions of low-resolution images [1]. Despite significant progress
in modern imaging technologies, this task remains relevant due to such factors as
image quality deterioration after transmission through communication channels
and hardware failures, image compression for compact storage on data carriers,
and the inability to use professional equipment in certain natural conditions.

The goal of SISR methods is to create high-quality images by restoring or
adding details missing in the original low-resolution images. To achieve this, gen-
erative models and deep learning methods are used [2].

Generative models form new parts by simulating the data distribution in the
training selection [2]. Among them, the most common for SISR are modifications
of generative adversarial networks (GAN); diffusion models are more complex
and efficient, the use of streaming models and autoencoders is also known [3].

Deep learning methods analyze important features of training images to re-
construct image details [2]. These include convolutional neural networks (CNN),
recurrent neural networks (RNN), and residual neural networks (ResNet) [3]. It is
important to note that they are often part of architecture of generative models that
implement a particular learning principle. For example, the generator and dis-
criminator in a GAN are deep neural networks.

SISR models are trained by learning pairs of low- and high-resolution im-
ages from the training selection. The effectiveness of super-resolution image gen-

© N. Nedashkovskaya, A. Lanko, 2025
104 ISSN 1681-6048 System Research & Information Technologies, 2025, Ne 4



Quality assessment of models and deep learning methods for super-resolution image formation

eration is assessed based on a set of indicators, which must include both quantita-
tive and perceptual metrics. An important step in evaluating the results of SISR is
the visual analysis of the generated images by a human.

It should be noted that SISR algorithms are complex and time-consuming, so
they require powerful computing resources, and model optimization is still the
main focus of researchers’ work on this topic. That is why, when choosing the
optimal model, technical indicators are added to the evaluation criteria, including
time of training, training cost, and the availability of a hardware accelerator in the
form of a graphics processing unit (GPU) [4].

PROBLEM STATEMENT

Let us introduce the notation H for height, W for width, and C for the number

RH><W><C

of image channels (e.g. RGB). Let [,, € be a low-resolution image, and

Iyr € RIWC pe its corresponding high-resolution image. The goal of the SISR
problem is to find the following mapping

f g = Iyg, (1)
that will ensure the most accurate recovery of the details of the /,; image based
on the information from the 7, .

Mapping (1) is a formalization tool, as it can describe different processes de-
pending on the resolution enhancement method. That is why we will further con-
sider the implementation of (1), the model fy € F', where 0 are the model pa-

rameters, F is the set of all SISR models. The target super-resolution image is
the output of f, and the result of solving the problem:

Isp = fo(ILR)-
An important step in the process of training models from F is to solve the
optimization problem
ming L(I yp. I sz ) »
where L(Iyp,lsp) is the model loss function. The objective is to find such model

parameters 0 that the value of the loss function L is minimal.
In this paper, the task of multicriteria quality assessments of images gener-

ated (formed) by different models and deep learning methods is set. Let
A={a;|i=12,...,n} be a set of super-resolution images /g, generated by dif-
ferent deep learning models based on a single low-resolution image /;p;
C={c;|j=12,...,m} be a set of quality criteria for the generated images and
technical characteristics of model training. In the following, a; will be considered
as alternatives, and ¢ ; as decision criteria.
The task is to find the aggregated or global weights
WA = (Wi | i=1,2,...,n} 2)

of alternative generated (formed) images according to a set of criteria from C
and selection of the best generated image.
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The quality criteria for the generated images are:

e traditional quantitative metrics PSNR [5], SSIM [6], MSSIM [6] (1%
group of criteria);

e perceptual indicators BRISQUE [7], NIQE [8], PIQUE [9], LPIPS [10]
and their modifications (e.g., LR-PSNR) (2™ group).

The decision criteria also include technical characteristics (3" group):

e training time and cost;

o availability of a hardware accelerator in the form of a graphics processing
unit (GPU).

The purpose of the studied generative models and deep learning methods is
to increase the resolution of images, scale them by 4, 8, or more times, and gener-
ate realistic and beautiful images based on a given low-resolution image for fur-
ther display of the generated images on large screens and human perception.
Therefore, another group of criteria (4™ group) ensures that the generated image is
evaluated directly by a human: effects of smoothing, blurring, edge lightening,
and photorealism of the image.

The coefficients of relative importance of decision criteria are determined by
decision support methods [11-13] using expert pairwise comparison judgements
depending on the application. The interdependence between individual decision
criteria and the need to take into account fuzzy judgements provided by an expert
require the use of hybrid methods [14; 15].

MATERIALS AND METHODS
Deep learning models for generating super-resolution images

The following models were used in the study, representing generative and deep
learning methods.

1. SRGAN (Super-Resolution Generative Adversarial Network) is a
generative adversarial network for increasing the resolution, where the generator
creates super-resolution images, and the discriminator is trained to recognize real
and generated images. The generator is optimized using a combination of loss
functions: adversarial loss for plausibility and content loss for pixel accuracy. Full
implementations also use a perceptual loss function to improve textures [16].

2. VDSR (Very Deep Super Resolution) is a very deep convolutional neu-
ral network for resolution enhancement tasks [17]. Its main advantage is usage of
residual connections, which allow the model to learn from the difference between
the input low-resolution image and the corresponding super-resolution image.
This reduces the risk of gradient vanishing during training, accelerates conver-
gence and increases training stability. Due to a large number of convolutional lay-
ers, VDSR effectively captures both fine textures and complex structures of ob-
jects in the image, which ensures high-quality results.

3. DRCN (Deeply-Recursive Convolutional Network) uses the concept of
recursive blocks, where the same set of parameters is applied repeatedly. This
allows for significant depth without increasing the number of model parameters,
which reduces its computational complexity and memory requirements. As a re-
sult, DRCN effectively recovers the details of a high-resolution image while
maintaining resource efficiency. The network also uses methods of averaging the
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output results, supervised skip connections, which increase the stability and accu-
racy of recovery of details [18].

4. SRCNN (Super-Resolution Convolutional Neural Network) is a con-
volutional neural network for resolution enhancement that performs the following
three sequential operations: interpolation of the input image to high resolution,
feature extraction using convolutional layers, and reconstruction of the super-
resolution image [19]. The model is simple and efficient, but limited in depth and
ability to reconstruct complex textures. In this study, it is used as a discriminator
in our implementation of SRGAN, as well as a separate pre-trained model in the
framework of retraining experiments.

Two types of blocks were also used in the networks:

1) a residual block to maintain the stability of the gradients;

2) a recursive block that repeats convolutional layers with the same weights
multiple times to enhance the selected features and create a more complex archi-
tecture.

The architecture of the implemented models [20] is shown in Table 1, and
the architecture of their component blocks is further explained in Table 2.

Table 1. Architecture of the implemented models in-house

Model Architecture
Consists of an initial 9x9 convolutional layer, 5 residual blocks
Generator (ResidualBlock), an intermediate 3%3 convolutional block,
SRResNet a resolution upscaling block (2 3%3 convolutional layers
SRGAN with PixelShuffle), and a final 9x9 convolutional layer

Consists of 8 3x3 convolutional layers with increasing number of
Discriminator | channels with normalization (BatchNorm2d) and LeakyReLU acti-

SRCNN vation, 1 adaptive averaging layer and 2 final fully connected lay-
ers. The filter size for all convolutional layers is 3%3

Consists of an initial convolutional layer, 18 convolutional layers
VDSR with ReLU activation, and an output layer that adds the residual to
the input image. The filter size for all convolutional layers is 3%3

Consists of an input convolutional layer, a recursive block (Recursive-
DRCN Block) that is repeated a specified number of times (16), and an output
convolutional layer. The filter size for all convolutional layers is 3%3

Table 2. Architecture of the model components

Model Architecture

Contains 2 3x3 convolutional layers, a normalization layer (Batch-
ResidualBlock |Norm2d) after each convolutional layer, and a PReLU activation function
after the 1st layer

RecursiveBlock Contains 1 3%3 convolutional layer with ReLU activation

Algorithm for training and evaluation models from scratch

The following algorithm for training SRGAN, VDSR, and DRCN models for
generating super-resolution images and evaluation of these models in terms of
quantitative and perceptual indicators is suggested:

1. Splitting the set into training and validation samples. In the case of using
the DIV2K set [1], this stage is skipped, since the images are already distributed
in the set.

Cucmemni docnioxcenna ma ingpopmayivini mexuonoeii, 2025, Ne 4 107



N. Nedashkovskaya, A. Lanko

2. Initialization of model weights using the methods of Kaiming He [21] or
Xavier Glaurot [22], depending on the characteristics of the model to be trained.

3. Training on a given number of epochs (200 for the generating model with
a batch size of 16; and 100 epochs for deep learning methods with a batch size of
32) on the training set with tracking the values of the loss function (adversarial
loss (MSE+BCE) for the generating model, MSE for deep learning methods).

4. Saving model weights in case of training interruption or early stopping.

5. Calculating the training time of models.

6. Evaluation of the results on the test sample: calculation of the quantitative
indicators PSNR, SSIM, MSSIM and the perceptual indicator LPIPS of the gener-
ated images. The pre-trained VGG network19 is used to calculate the LPIPS met-
ric. The average value of the indicators for each model is presented for 10 random
images.

Algorithm for training models using pre-training technology

An algorithm for training of pre-trained models for the formation of super-
resolution images is suggested, which consists of the following steps:

1. Careful selection of a pre-trained model, which must be aimed at the same
task and preferably trained on a large universal data set.

2. Loading the weights for the selected model, with the values of which
training will continue.

3. Determine the number of epochs for which the model should be retrained.

4. Fine-tuning the model: freezing layers (usually the initial ones) and add-
ing new ones which extract high-level features (residual blocks, convolutions with
small kernels, normalization layers, Upsampling or PixelShuffle), using a low
learning rate to ensure its stability, combining the main loss with the perceptual
loss to focus on the visual quality of the generated images.

5. Applying early stopping in case of signs of model overfitting according to
metrics PSNR, SSIM, MSSIM and a perceptual metric LPIPS.

The experiment on retraining of pre-trained models was conducted on 20 ep-
ochs. The purposes of the experiment are: to improve the result of image genera-
tion, as well as to check whether it is possible to obtain a result better than that of
other researchers [23], and whether overfitting is occur.

Quantitative and perceptual metrics and indicators

The quality of SISR models is traditionally evaluated based on metrics and indi-
cators that compare the SR image generated by the model with the original HR
image from a labeled test image set [24].

The classical PSNR (Peak Signal-to-Noise Ratio) metric has limitations for
evaluating structured data such as images, as it assumes pixel independence.
PSNR measures the difference between pixels of a pair of images as a ratio be-
tween the maximum possible signal strength and noise. For example, blurring an
image can cause a large perceptual change and at the same time a small change in

the L, measure. SSIM [6] index assesses structural similarity of two images.

The perceptual distance estimates the similarity of high-level features of two
images similar to human visual perception. Perceptual indicators such as
BRISQUE [7], NIQE [8], PIQUE [9], LPIPS [10], and others have been sug-
gested. Let us describe some of them in more detail.
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SSIM (Structural Similarity Index Measure) evaluates the similarity of two im-
ages x and y based on three image components: brightness, contrast, and structure [6]:

SSIM (x, y) = [1(x, »)]* [e(x, »)PLs (x, )17,

where o, [,y >0 are the coefficients of relative importance of the three compo-
nents, are the parameters.

The SSIM satisfies the symmetry properties SSIM (x,y)=SSIM(y,x);
boundedness SSIM (x,y) <1; and unique maximum: SSIM (x,y) =1 if and only if
xX=y.

Later, the authors of [6] move on to a following simplified expression:
pep, +C)(20,, +C)

SSIM (x,y) =
(W +p) +C)(os +02+Cy)

3)

where i, is the average image intensity value x; o, is the standard deviation for

image x, which serves as an unbiased estimate of its contrast; o w is the covari-

ance between two images x and y, which is the basis for comparing image struc-

tures after subtracting brightness and normalizing variance, and also use the fol-

lowing modified estimates of local statistics p,, 6, Ta o, :

N N 1/2
My zzvixia Gﬁ(zvi(xi—ux)zj 5
i=1 i=l

N
Oy = Zvi(xi ) - Hy)
i=1
with a circularly symmetric normalized Gaussian weight function v={v;|i=

N
=1,2,...,N} with a standard deviation of 1.5 samples, th =1, and a sliding
i=1
window approach that ensures the property of local isotropy of the quality maps.
The constants C| i C, are included in (3) to avoid instability when the ex-
pressions ui + ui i G)ZC + Gi are practically zero. C| = (KlL)2 and C, = (K2L)2
are defined, where L is the dynamic range of pixel values, e.g., L =255 for 8-bit
grayscale images, and K; <<1 and K, <<1 are small constants, for example,
K, =0.01, K, =0.03 [6].
In practice, in cases where a single overall measure of quality of the entire
image is required, the average value of SSIM indices (3) over a set of image pix-

els called MSSIM is suggested, which aggregates the structural similarity between
the reference and distorted images. MSSIM is calculated as the arithmetic mean

of SSIM(x;,y;) over the image content in the J-th local window [6].

In this paper, a weighted average of different samples in the SSIM index
map is proposed:

M
WM _SSIM(X,Y)=Y w;SSIM(x;,y;),
Jj=1
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where M is the number of local windows in the image, x; and y; are the con-
tent of the reference X and distorted Y images at the j-th local window, and

w; are weighting coefficients for different samples (e.g. different image textures

attract a person’s attention with varying degrees). Weights w; are calculated de-

pending on the practical problem by analyzing decision hierarchies or networks
with the consideration of human assessments [11; 12; 14].

LPIPS (Learned Perceptual Image Patch Similarity) is a perceptual metric
that aimed at evaluating the visual perception of an image by a person at the level
of details and uses deep neural networks to assess the visual similarity of a pair of
features based on extracted features [10]:

. ”(I)I(ISR)_(I)I([HR)”z
LPIPS(I g, 1,,) = Zl:wl H 7 C

where ¢;(Igz) is an activation of VGG or another deep network on the /-th layer

2

for the image Ig,; H;, W,, C; are the height, width and number of channels of
the /-th feature map; w; is a weighting factor that adjusts the contribution of dif-
ferent layers.

An explanation of the values for each indicator is provided in Table 3.
Through visual analysis of a large number of generated images and the corre-
sponding values of quality indicators, thresholds for practically acceptable and

high-quality results were obtained, which are given in the last two columns of
Table 3.

Table 3. Indicator analysis criteria for the SISR task [20]

Indicator Value range accle);?:lt)llcearl'leysul " High-quality result
PSNR1? [0; 1] >20 >30
MSSIM?1 [0; 1] >0.7 >0.9
LPIPS| [0; 1] <0.3 <0.1

For an objective evaluation of the models, it is necessary to add the training
time of the models to the indicator analysis. Attention should also be paid to the
fact that the indicator values are not worse than the bicubic increase (scaling LR
to HR), as this will indicate extremely poor quality of the models even if practi-
cally acceptable values are obtained.

Algorithm for assessing the quality of models and deep learning methods in
terms of multiple quantitative and qualitative criteria

Generative models and deep learning methods, which are studied, are aimed at
increasing the resolution of images, scale them by 4 or more times, and as a result
generate realistic and beautiful images for further human perception. Therefore, it
is necessary to add another group of qualitative decision criteria, including effects
of smoothing, blurring, edge lightening, and photorealism of the image. In terms
of these criteria, we evaluate the set of images (decision alternatives) generated by
different generative models and deep learning methods. Evaluation is made di-
rectly by a human using one of the paiwise comparison methods [11-15]. The
decision support (DS) problem of multiple criteria evaluation of decision alterna-
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tives can be solved using a systematic approach and methodology based on hier-
archical and network models [25]. On their basis, an algorithm to solve the prob-
lem is suggested, which has the following five stages:

1. Determine interdependencies among decision criteria and decision alter-
natives. A hierarchy or DS network is formed, which includes the overall goal —
selection of the best generated image, qualitative decision criteria: effects of
smoothing, blurring, edge lightening, and photorealism of the image, and decision
alternatives: image SRGAN, image VDSR and image DRCN (Fig. 1).
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Fig. 1. An hierarchy for assessing the quality of images generated by different models

2. The importance of the decision criteria in relation to the main goal is as-
sessed by experts using the pairwise comparison method on a special scale. Based
on the results of the assessment, pairwise comparison matrices (PCMs) are con-
structed, and the quality of expert opinions is analyzed and, if necessary, im-
proved using the method of evaluation and consistency improvement. The most
inconsistent expert opinion is founded. As a result, for all elements of the hierar-
chy or the DS network, we obtain a set of PCMs of acceptable quality.

3. The coefficients of relative importance (local weights) of the elements of
the hierarchy or the DS network are calculated based on the PCMs.

4. The local weights are aggregated using different methods depending on
whether the decision criteria are independent (hierarchy case), interdependent (hi-
erarchy case with a loop at the criterion level), or whether there are feedbacks
from alternatives to decision criteria (DS network case).

5. The sensitivity analysis of aggregated results (2) is performed.

The purposes of the algorithm are: to calculate local weights for decision al-
ternatives (image SRGAN, image VDSR, and image DRCN) in terms of each
decision criteria, as well as to calculate aggregated weights and perform their sen-
sitivity analysis.

RESULTS OF THE EXPERIMENTS

Dataset

The DIV2K dataset [1] was introduced as part of the NTIRE 2017 Challenge on
Single Image Super-Resolution, held during the CVPR Workshops 2017 confer-
ence. It was created to enhance the effectiveness of solving the SISR problem by
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addressing the limitations of existing datasets, namely insufficient scene diversity
and the limited number of images.

DIV2K consists of a labeled set of 1000 pairs of low-resolution (LR) and
high-resolution (HR) color images. The dataset is divided into three subsets: 800
samples for training, 100 samples for testing, and 100 samples for validation.
Historically, the test set was designed for contestants to evaluate their models
after training, while the validation set was reserved for organizers to determine
the winners. The validation set initially included only LR images, and participants
were required to generate their super-resolution (SR) counterparts. Once the HR
versions of the validation set were made publicly available, both the test and
validation sets could be utilized to assess model performance (Fig. 2).

. s | .

DIV2K 100 validatiiion images DIV2K 100 test images
Fig. 2. Example of images for model evaluation from the DIV2K set [1]

all

The low-resolution (LR) images in the DIV2K dataset are derived from the
original high-resolution (HR) images using either bicubic downscaling or more
advanced methods that simulate real-world degradations. These methods include
modeling blurring caused by motion, introducing fractional noise, and applying
distortions due to uneven pixel mapping, among others.

The dataset includes images reduced by scaling factors of 2 (x2), 3 (x3), and
4 (x4). Greater downscaling significantly diminishes image quality (Fig. 3) while
also reducing the time required for model training. The classical approach to Sin-
gle Image Super-Resolution (SISR) typically employs LR images generated
through a 4-fold reduction of the original HR images using bicubic interpolation.

Fig. 3. Demonstration of image quality deterioration with a 2 and 4 times reduction in resolution

After its introduction in 2017, the DIV2K dataset has been extensively used
to evaluate various super-resolution (SR) models, including in studies conducted
in 2019 [26], 2020 [23], and 2023 [27].
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Training process and results

In the first experiment (Section 3.2), we trained our own implementations of the
SRGAN, VDSR, and DRCN models from scratch using the DIV2K dataset. The
optimization processes of their respective loss functions during training are illus-
trated in Figs. 4 and 5, while the metric values obtained are presented in Table 4.
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Fig. 4. The process of optimising the loss functions of the generator and discriminator of

the SRGAN model [20]
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Fig. 5. The process of optimising the loss functions of VDSR and DCRN networks

The second experiment (Section 3.3) involved retraining the previously
trained SRGAN, VDSR, and DRCN models. The results of this retraining process
are provided in Table 5, and the evolution of perceptual quality, as measured by
the LPIPS metric, is shown in Fig. 6. For the pre-trained models, we used imple-
mentations of SRGAN [16; 28], VDSR [17; 29], and SRCNN [19; 30].
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Table 4. Values of quality indicators of the generated super-resolution images
for our own model implementations at 4-fold image magnification [20]

Model Indicator Training time
PSNR? MSSIM?1 LPIPS| (h)
Bicubic 25.80 0.74 0.46 -
SRGAN 24.50 0.71 0.33 32
VDSR 26.73 0.77 0.31 16
DRCN 26.41 0.76 0.37 25

Table 5. Values of quality indicators of images enlarged by 4 times as a result
of retraining of pre-trained models

Model Indicator Training time
PSNR? MSSIM? LPIPS| (min)

Bicubic 25.80 0.74 0.46 -
EDSR [31] 28.98 0.83 0.270 -
RRDB [32] 29.44 0.84 0.253 —
ESRGAN [32] 26.22 0.75 0.124 -
pre-trained SRGAN 26.9 0.79 0.16 27
pre-trained VDSR 28.9 0.84 0.1 11
pre-trained SRCNN 27.5 0.81 0.12 2

LPIPS Values During Fine-Tuning
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Fig. 6. Change in the perceptual quality of LPIPS images enlarged by a factor of 4 when
retraining pre-trained SRGAN, VDSR and SRCNN models

The software solutions for these experiments were developed in the Jupyter
Notebook environment using Python, along with the PyTorch library for model
development and the matplotlib library for visualization. The models were trained
on a PC equipped with an Nvidia GeForce RTX 4060 GPU accelerator.

ANALYSIS OF THE RESULTS AND DISCUSSION

The results of the first experiment (Section 3.2, Figs. 4, 5, Table 4) demonstrate
practically acceptable outcomes for all considered models, with VDSR perform-
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ing the best. This highlights, in particular, that residual learning proved to be
more effective than recursive learning. The SRGAN architecture, in this experi-
ment, was too simplistic for the given task, as generating new details often outper-
forms feature refinement.

A comparison of the results in Table 4 with those obtained by other re-
searchers [23] indicates that the metrics in Table 4 are worse than those reported
for other SISR models [23]. However, the visual comparison of the generated su-
per-resolution (SR) images with their low-resolution (LR) and high-resolution
(HR) counterparts (Fig. 7) shows satisfactory results, provided that the models
were trained using the algorithm proposed in Section 3.2.

i

Fig. 7. Visual comparison of the generated SR images with the high-resolution (HR)
original and low-resolution (LR) input image for the proprietary implementation of the
VDSR model

The results of the second experiment (Section 3.3, Table 5), which employed
pre-training techniques, are comparable to those achieved by other researchers
[23]. Specifically, the VDSR model, implemented and fine-tuned using the algo-
rithm proposed in this study, achieved an MSSIM value of 0.84, which is on par
with the RRDB model [32] and surpasses the MSSIM values of other models de-
veloped and fine-tuned in this study: SRGAN (MSSIM = 0.79), SRCNN (MSSIM
=0.81), as well as EDSR [31] and ESRGAN [32].

In terms of the perceptual quality metric LPIPS, the VDSR model trained
with the proposed algorithm outperformed other SRGAN and SRCNN models
implemented in this study, as well as the EDSR [31], RRDB [32], and ESRGAN
[32] models.
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The second experiment (Section 3.3) revealed no signs of overfitting, and the
generated SR images demonstrated high quality compared to the input LR-HR
pairs (Fig. 8). The VDSR model consistently produced the best visual results, un-
derscoring the advantage of feature enhancement when addressing SISR tasks for
highly detailed data and complex real-world scenes.

o

Fig. 8. Visual comparison of the generated SR images with the high-resolution (HR)
original and low-resolution (LR) input image for the VDSR model trained with the
suggested algorithm

CONCLUSIONS

This study presents an algorithm for the comprehensive evaluation of image su-
per-resolution results based on quantitative metrics, perceptual indicators, techni-
cal characteristics, and aspects of human image perception. Threshold criteria for
practically acceptable and high-quality results were determined through visual
analysis of many generated images and their corresponding quality metrics, in-
cluding those obtained by other researchers.

The VDSR model was identified as the optimal one (among those consid-
ered) in terms of pixel, structural, and perceptual metrics, as well as training time.
The absence of overfitting and the quality of super-resolution images generated
by VDSR were visually confirmed on selected test set samples depicting various
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shapes, textures, and color combinations. Overall, deep learning methods demon-
strated superiority over generative models in the conducted experiments based on
the results of the comprehensive evaluation.
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OIIIHIOBAHHS SIKOCTI MOJIEJIEM TA METOIB I''IMBOKOI'O HABYAHHSA
JJIs ®OPMYBAHHS CYIIEPPO3AIJIBHUX 30BPAKEHD / H.I. HenamkiBchKa,
A A. Jlanpko

AHoTauisi. Po3risiHyTO METPUKY OLIHIOBAaHHS pPe3yJIbTaTiB reHepalii cyrnepposmi-
JIBHUX 300pakeHb MmiA yac po3s’si3anHs 3agadi SISR. JlocmimkeHHs BKIouae qBa
eKCIepUMEHTH: BJIACHY peaji3aiio MepexeBux apxiTektyp ainsi SRGAN, VDSR i
SRCNN, i ToyHe HamamTyBaHHs MonepeaHbo HaBueHnx moneneiit SRGAN, VDSR i
SRCNN. 3anpornoHOBaHO alTrOPUTM OLIHIOBAHHS SKOCTI MOJEINeH i METoiB Tnbo-
KOTO HaBYaHHS VIS TeHepalii cyneppo3aiumsHux 300pakens. Moaens VDSR mpo-
JIEMOHCTpYyBaJla HaWKpalli pe3yJbTaTH 3 TOYKH 30py IIKCEIBHOTO0, CTPYKTYpHHUX i
HEePLENTUBHUX ITOKa3HUKIB, @ TAKOXK Yacy HaBYAaHHS Ta Bi3yaJIbHOTO MiATBEPIKESHHS
SKOCTi 3reHepPOBAHOr0 300paXKEHHS JIIOAMHOIO, IiAKPECIIO0YY, 110 3aJIMIIKOBE Ha-
BYaHHs € OUTbII eDEeKTUBHHUM, HiXK PEKypCHBHE HaBYaHHS 32 YMOB JIBOX IIPOBEICHUX
excrepuMeHTiB. [1oporoBi 3HaYeHHS A7 IPHUHATHUAX 1 BUCOKOSKICHUX Pe3yJIbTaTiB
BH3HAYEHO HUISXOM Bi3yalbHOTO aHali3y 0araThbOX 3reHepOBaHHUX 300pa)KeHb i Bill-
MOBITHUX TIOKA3HUKIB SKOCTI, BKIIFOYHO 3 TUMH, PO SKi MOBIJOMIISIIH 1HIII JTOCHIJI-
HUKH.

Kiouosi cioBa: 3agaua SISR, ouiHOBaHHS SKOCTi, TeHEPaTUBHI MOJEINI, METOIU
TIMOOKOTO HAaBYaHHS, 3TOPTKOBAa HEHPOHHA Mepeka, 3aJIMIIKOBE HABYAHHSA, PEKyp-
CHBHE HAaBYaHHS, TOHKE HAJANITYyBAaHHS MOIEPEAHHO HABYCHHX MOJEINICH, Meprern-
TuBHa Merpuka, LPIPS, GarartokpurepianbHuii aHanmi3 po3B’si3aHb, Hallp maHHX
DIV2K, noporoBi 3HaueHHs JUlsl MPUAHATHUX 1 BUCOKOSIKICHMX 3r€HEPOBaHMX 300pa-
KEHb.
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PREDICTION OF MECHANISMS OF TOXIC ACTION OF
PHENOLS BY MEANS OF PROBABILISTIC NEURAL NETWORK
IN COMBINATION WITH KRUSKAL-WALLIS TEST

Ya.M. PUSHKAROVA, G.M. ZAITSEVA

Abstract. Prediction of the toxicity of chemical compounds is one of the most im-
portant steps in drug design. The use of phenolic compounds is a promising compo-
nent in the pharmaceutical industry with many possible applications. The paper fo-
cuses on the application of a probabilistic neural network for classifying 232 phenols
based on their mechanisms of toxic action. The Kruskal-Wallis test was also used to
assess the influence of molecular descriptors on the reliable classification of pheno-
lic compounds based on the mechanisms of their toxic action. It is shown that for the
correct training of a probabilistic neural network and effective prediction of the
mechanisms of toxic action of phenols, it is sufficient to use only 5 molecular de-
scriptors.

Keywords: artificial neural network, classification, drug design, phenol, toxicity.

INTRODUCTION

Assessment of the toxicity of chemical compounds is an important and necessary
stage on the way to the creation of new medicines. It is known that the experi-
mental study of only one type of toxicity is an expensive and long-term process.
Phenolic compounds have a number of useful properties that make them interest-
ing for pharmacy: antioxidant, anti-inflammatory, antimicrobial properties, anti-
cancer activities, etc. Additionally, phenolic compounds are often found in natural
sources, such as plants, which adds to their appeal for use in pharmacy [1-4].

Overall, the diverse range of beneficial properties exhibited by phenolic
compounds makes them valuable compounds in pharmacy and medicine, with
potential applications in the treatment and prevention of various diseases. But be-
fore using phenols in pharmacy, it is important to predict possible mechanisms of
their toxic action (polar narcotics, weak acid respiratory uncouplers, pro-
electrophiles and soft electrophiles). This helps to identify risks to people and to
take measures to reduce the possible negative consequences, that is, to develop
safe medicines [5; 6].

Chemometric methods use mathematical and statistical models to analyze
complex data sets and extract meaningful information, making them valuable
tools in pharmaceutical research and development. Chemometric methods, in par-
ticular artificial neural networks, are widely used for prediction and classification
tasks in pharmacy. Artificial neural networks are computational models inspired
by the structure and functioning of biological neural networks in the human brain.
These methods can help predict various properties of pharmaceutical compounds,
such as their stability, toxicity, solubility and bioavailability. They are also used
for identifying different types of drugs or distinguishing between counterfeit and
authentic products [7-10].
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MATERIALS AND METHODS

Data Set

The studied dataset consists of a training, testing and validation sub-sets with a
total of 232 phenolic compounds: training sub-set — 197 phenols, testing sub-set —
20 phenols, validation sub-set — 15 phenols. All phenolic compounds were charac-
terized by seven physical-chemical descriptors: 1) distribution coefficient; 2) en-
ergy of the lowest unoccupied molecular orbital; 3) molecular weight; 4) nega-
tively charged molecular surface area in percent’s; 5) sum of absolute charges on
nitrogen and oxygen atoms in a molecule; 6) largest positive charge on a hydrogen
atom; 7) electrotopological state index for the hydroxyl group. Values of these
descriptors and toxicity values were taken from [6].

Distribution of the studied phenolic compounds into classes according to the
mechanisms of toxic action of phenolic compounds to Tetrahymena pyriformis is
presented in Table 1. The most numerous class is class 1 of polar narcotics
(71.6% of all studied phenolic compounds), other classes are almost the same in
number of samples.

Table 1. Distribution of the studied phenolic compounds into classes accord-
ing to the mechanisms of toxic action to Tetrahymena pyriformis

Classes According to Mechanisms T Npmber (}fP?enollc S/olr?ipqunds
of Toxic Action raimning esng alidation Total
sub-set sub-set sub-set
Class 1. Polar narcotics 138 16 12 166
Class 2. Weak acid respiratory uncouplers 15 1 1 17
Class 3. Pro-electrophiles 22 2 0 24
Class 4. Soft electrophiles 22 1 2 25

Applied Methods

The software package Matlab R2023b (trial individual license 11937601) was
used in the present work for realization Kruskal-Wallis test and probabilistic neu-
ral network [11].

The Kruskal-Wallis test is a non-parametric statistical test used to determine
whether there are statistically significant differences between two or more groups
of a dependent variable [12].

A probabilistic neural network is a type of artificial neural network, which
consists of following layers: input layer, pattern layer, summation layer, and out-
put layer. A brief overview of how probabilistic neural network works [13-15]:

e input layer receives the input pattern;

e necurons of pattern layer store the training patterns;

e summation layer computes the similarity between the input pattern and
the stored patterns using Gaussian function;

e output layer produces the class probability estimates.

To classify a new input pattern, the probabilistic neural network computes
the class probabilities using the summation layer and outputs the class with the
highest probability.
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RESULTS AND DISCUSSION

Definition of Informative Descriptors for Classification of Phenolic Com-
pounds into Classes According to the Mechanisms of Toxic Action

The calculation of the Kruskal-Wallis test for 232 phenols characterized by
7 molecular descriptors and toxicity is given in Table 2.

Table 2. Results of the Kruskal-Wallis test calculation for 7 descriptors and
toxicity

atom

coefficient
trogen and oxygen|

ge on a hydrogen

Parameter
Toxicity
Distribution
Energy of the lowest
unoccupied
molecular orbita
Molecular weight
Negatively charged
molecular surface
area in percent’s
atoms in a molecule
Largest positive
Electrotopological
tate index for the hy-
droxyl group

w [Sum of absolute charges

:—* .
7, on ni

Lo | char

_
N
~
p—
oo
| S
(o))

xr 17.80 | 54.32 104.90 35.78 70.24

Critical value of y” at the significance level of 5% with 3 degrees of freedom
is 7.82 [16].

It was established some dependences between studied descriptors and classi-
fication of phenolic compounds according to the mechanisms of their toxic action:

1) descriptor largest positive charge on a hydrogen atom is not influenced on
classification of phenolic compounds according to the mechanisms of toxic
action, because experimental value of x2 is less than critical value (4.34 < 7.82);

2) descriptor energy of the lowest unoccupied molecular orbital has the
greatest influence on the phenols classification according to the mechanisms of
toxic action (maximum experimental value of y” is established for this descrip-
tor — 104.90);

3) the studied parameters can be conventionally divided into three groups
according to their influence on the classification of phenols:

o weak influence: toxicity and electrotopological state index for the hy-
droxyl group;

e moderately strong influence: molecular weight and sum of absolute
charges on nitrogen and oxygen atoms in a molecule;

¢ strong influence: distribution coefficient, energy of the lowest unoccupied
molecular orbital and negatively charged molecular surface area in percent’s.

Application of Probabilistic Neural Network

In the context of the probabilistic neural network, the spread of the Gaussian
function is an important parameter for its construction. Choosing the right spread
parameter is crucial for the performance of the probabilistic neural network. If the
spread is too small, the network may over fit to the training data and perform
poorly on new data. If the spread is too large, the network may under fit and fail
to capture the underlying patterns in the data [8; 13].

In the present work it was investigated the applicability of probabilistic neu-
ral network at different values of the spread of the Gaussian function: 0.1; 0.2;
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0.3; 0.4; 0.5; 0.6; 0.7; 0.8; 0.9; 1.0. It should be noted that the probabilistic neural
network is trained with zero error at spread values from 0.1 to 1.0 for different
sets of descriptors. Results of prediction of the mechanisms of toxic action of
phenols for testing and validation sub-sets are also the same for spread values
from 0.1 to 1.0 for different sets of descriptors.

The unreliability of the prediction was estimated as the part of incorrectly
classified phenols of the testing or validation sub-sets in percent’s [8]:

P="1100%,
N

where 7 is the number of incorrectly classified phenols in the testing or validation
sub-set; N is the total number of phenols in the testing or validation sub-set.

Results of prediction of the mechanisms of toxic action of phenolic com-
pounds by means of probabilistic neural network based on a set of all 7 molecular
descriptors and toxicity are shown in Table 3.

Table 3. Unreliability values of the prediction based on a set of all 7 molecu-
lar descriptors and toxicity

Sub-set P, %
Testing 10.0
Validation 6.7

Results of prediction of the mechanisms of toxic action of phenolic com-
pounds by means of probabilistic neural network based on a set of 5 molecular
descriptors (distribution coefficient, energy of the lowest unoccupied molecular
orbital, molecular weight, negatively charged molecular surface area in percent’s
and sum of absolute charges on nitrogen and oxygen atoms in a molecule) are
shown in Table 4.

Table 4. Unreliability values of the prediction based on a set of 5 molecular
descriptors

Sub-set P, %
Testing 20.0
Validation 6.7

One can see, that results of prediction of the mechanisms of toxic action of
phenolic compounds based on a set of all 7 molecular descriptors with toxicity
and based on a set of 5 molecular descriptors are differed by two incorrectly clas-
sified phenols. This confirms, the verity of calculation results of the Kruskal—
Wallis test: largest positive charge on a hydrogen atom, toxicity and electroto-
pological state index for the hydroxyl group are weakly influenced on assignment
of phenols to one or another class according to mechanisms of their toxic action.

Decreasing the number of descriptors into 3 (distribution coefficient, energy
of the lowest unoccupied molecular orbital and negatively charged molecular sur-
face area in percent’s) resulted in an increasing the part of incorrectly classified
phenols of the testing sub-set from 20% till 40% (Table 5). It means, that molecu-
lar weight and sum of absolute charges on nitrogen and oxygen atoms in a mole-
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cule are moderately strong influenced for classification of phenols according to
mechanisms of their toxic action and can’t be ignore.

Table 5. Unreliability values of the prediction based on a set of 3 molecular
descriptors

Sub-set P, %
Testing 40.0
Validation 6.7

Detailed information about prediction of the mechanisms of toxic action of
phenolic compounds of testing and validation sub-sets are shown in Tables 6 and
7, correspondingly: 1 — polar narcotics; 2 — weak acid respiratory uncouplers;
3 — pro-electrophiles; 4 — soft electrophiles. Incorrect predictions are indicated
in bold text.

Table 6. Results of prediction of the mechanisms of toxic action of phenols of
the testing sub-set

Predicted mech-|  Predicted Predicted True
anism of toxic | mechanism of | mechanism of mech;nism
Phenol action using 7 | toxic action us- | toxic action .
N . . . . of toxic
compound descriptors and |ing S descriptors| using 3 de- action
toxicity (0.1 < | (0.1 <spread |scriptors (0.1 < 5, 6]
spread < 1.0) <1.0) spread < 1.0) ’
1| 2-Fluorophenol 1 1 1 1
2| 2-Allylphenol 1 1 1 1
3| 3-Chlorophenol 1 1 1 1
4,6-
4 Dichlororesorcinol ! ! 3 !
5 | 4-Benzyloxyphenol 1 1 1 1
6 3-lodophenol 1 | 1 1
7 |2,3-Dichlorophenol 1 1 1 1
8| 4-Phenylphenol 1 1 1 1
9 | 4-Hexyloxyphenol 1 1 3 1
10| 4-Hexylresorcinol 1 1 1 1
2,4,5-
1 Trichlorophenol ! ! ! !
12(2,4-Diaminophenol 3 3 1 3
13| Methylhydroquinone 3 1 1 3
14| 3-Nitrophenol 4 4 1 4
15| 4-Ethoxyphenol 1 3 3 1
4-Bromo-2,6-
16 dimethylphenol ! ! ! !
17| 4-Methoxyphenol 1 1 1 1
18 2,§-D110d0—4— 1 1 4 5
nitrophenol
jg| ~ 2-Methyl-3- 4 4 4 I
nitrophenol
20| 4-Isopropylphenol 1 1 1 1
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Table 7. Results of prediction of the mechanisms of toxic action of phenols of
the validation sub-set

Predicted mecha-| Predicted mech- Predicted True
nism of toxic anism of toxic | mechanism of mecha-
N Phenol action using 7 action using 5 | toxic action using nism of
compound descriptors and descriptors 3 descriptors toxic ac-
toxicity (0.1 < (0.1 <spread< | (0.1 <spread tion [5, 6]
spread < 1.0) 1.0) <1.0) ’
1 | 4-Hydroxypropiophenone 1 1 1 1
2 | 3-Hydroxybenzaldehyde 1 1 1 1
4-(4-Hydroxyphenyl)-
3 1 1 1 1
2-butanone
4 | 4-Hydroxybenzaldehyde 1 1 1 1
5 4-Isopropylphenol 1 1 1 1
6 | 3-Fluoro-4-nitrophenol 4 4 4 4
7 | Benzyl-4-hydroxybenzoate 1 1 1 1
8 5-Pentylresorcinol 1 1 1 1
9 2-Hydroxy-4- 1 1 1 1
methoxyacetophenone
10 3-Methyl-2-nitrophenol 1 1 1 1
2-Ethylhexyl-4'-
1 hydroxybenzoate 1 1 1 !
12 2,3-Dinitrophenol 2 2 1 2
13 2-Nitrophenol 4 4 4 4
14 3-Methoxyphenol 1 1 1 1
15 4-Chlororesorcinol 3 3 1 1
CONCLUSIONS

A set of five molecular descriptors (distribution coefficient, energy of the lowest
unoccupied molecular orbital, molecular weight, negatively charged molecular
surface area in percent’s and sum of absolute charges on nitrogen and oxygen at-
oms in a molecule) is sufficient for correct classification of phenolic compounds
by mechanisms their toxic effects.

The application of probabilistic neural network provides a reliable classifica-
tion of phenolic compounds by mechanisms of their toxic action, as well as pre-
diction of the mechanisms of their toxic action with high accuracy.

The proposed procedure for predicting the mechanisms of toxic action of
phenolic compounds can be useful at the stage of development of medicines.
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NMPOTHO3YBAHHSI MEXAHI3MIB uTOKCI/I‘!HOi JIi  ®EHOJIB 3A
JOIIOMOI'OI0O UMOBIPHICHOI HEMPOHHOI MEPEXI B INTOE€JHAHHI
3 TECTOM KPACKEJIA-YOJUIICA / S.M. Ilymkapsosa, I.M. 3aiineBa

Anortamisi. [IporHo3yBaHHS TOKCHMYHOCTI XIMIYHMX CIIONYK € OJHHUM i3
HaWB&XJIUBINIMX €TaliB pPO3pOOJEHHS JKAapchKuX 3acobiB. BukopucranHs
()CHONBHUX CIOTYK € NEepPCHeKTUBHUM KOMIIOHEHTOM Yy (hapMaleBTHUHIN
HNPOMHUCIIOBOCTI 3 0ararbMa MOXJIMBMMM 3aCTOCYBaHHSMH. IIpallfo NpUCBSYECHO
3aCTOCYBaHHIO HMOBIpHICHOT HEHPOHHOI Mepexi uta kiacudikamii 232 ¢eHomniB 3a
MexaHi3MaMH iX TOKcMuHOI fii. [l BCTaHOBIICHHS BIUIMBY MOJICKYJIIPHUX
JICCKPHUIITOPIB Ha JOCTOBIpHY Kiacu(pikaIlito GEHOIbHUX CIOJIYK 32 MEXaHi3MaMH 1X
ToKcH4HOT Jnii Bukopuctanu TecT Kpackenma—Yommica. IlokaszaHo, 1o s
KOPEKTHOTO HaBYaHHA IMOBIpHICHOI HEHpOHHOI Mepexi Ta e(pEeKTUBHOIO
MIPOTHO3YBaHHS MEXaHi3MiB TOKCHYHOI Aii (eHOJIB AOCTATHHO BHKOPHUCTOBYBATH
JMIIE 5 MOJIEKYJIPHUX JIECKPHUIITOPIB.

Kawuosi cioBa: mrydHa HeiipoHHa Mepexa, Kiacudikallis, Au3aifH JikiB, (eHOI,
TOKCUYHICTb.
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ALGORITHMS FOR ASSIGNMENT OF EXTERNAL
REVIEWERS FOR PHD-THESIS DEFENSE

SERHIY SHTOVBA, MYKOLA PETRYCHKO

Abstract. We propose an approach to assigning external reviewers. In the proposed
approach, only the semantic similarity between applications and reviewers is taken
into account; the similarity indices are assessed, and the necessary number of re-
viewers is assigned to ensure the maximum suitability level of the reviewers with
the application, according to some criteria. We also perform a comparative analysis
of various optimization algorithms using the criterion of “assignment quality—
optimization time”. Experiments on the dataset showed that a reasonable balance be-
tween the “assignment quality” and “optimization time” criteria for the assignment
of external reviewers can be achieved using a greedy algorithm without elitism or
brute-force search on a truncated set of candidates. An application of the proposed
algorithms improves the average quality of PhD committees by 13-34% across the
entire dataset, depending on the algorithm used.

Keywords: external reviewers, reviewer assignment problem, categorization, opti-
mization, brute force algorithm, greedy algorithm, assignment in isolation, PhD-
thesis, Dimensions, ANZSRC 2020, research group.

INTRODUCTION

External reviewers are persons from outside an institution who are invited to pro-
vide an independent evaluation or assessment of a particular project, document,
research paper, or system. They are often selected for their expertise in a relevant
field and are expected to offer objective, unbiased feedback. In academia, external
reviewers are used in the peer-reviewing to evaluate the quality, relevance, and
originality of academic papers before publication. They may also be used for re-
viewing PhD-thesis.

In Ukraine, a PhD thesis is defended in front of a committee. A PhD-
committee consists of 5 scientists with expertise in the thesis subject. The
chairman and 1 or 2 reviewers are from the PhD-student’s institution, and 2 or 3
external reviewers are invited from other institutions. The members of the PhD-
committee are assigned manually, which has several disadvantages. First of all,
there are corruption risks when the committee is formed exclusively from friendly
persons who a priori give only favorable reviews regardless of the results of the
thesis. Second, a lot of time is spent on manual search and analysis of candidates
for the committee. Third, the combining competence of the committee may not
fully correspond to the thesis topic due to the fact that some of the good
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candidates were missed during the manual search. Therefore, there is an interest
in automating the assignment of reviewers to eliminate the specified risks of the
human factor influence.

The general task of assigning the reviewers consists of three stages [1]:
1) forming of a pool of potential reviewers and subsequently choosing a method
of data representation for reviewers and applications; 2) assessing the similarities
between the application and the reviewers; 3) assignment of applications to re-
viewers to maximize combined similarity across all the subjects with some con-
straints. Typical constraints include balancing reviewer workloads, taking into
account their preferences, and preventing conflicts of interest. In this work, it is
assumed that the pool of potential reviewers is available.

Automatic assignment of reviewers assumes that some initial information
about reviewers and applications is available. A structured set of such information
is called a reviewer profile and an application profile. The following information
about reviewer’s publications is used usually to build a reviewer’s profile: title,
abstract, keywords, full text, list of references, and list of citations [2]. Abstract, full
text, keywords and title are most often used to create an application profile [2].

Applications’ profiles and reviewers’ profiles are built using various natural
language processing methods based on bag of words [2; 3; 4], hidden semantic
analysis [5; 6], topic modeling [7; 8], static language models with deep learning
[9; 10; 11] and contextual models with deep learning [12]. Approaches to solving
the problem of automatic assignment of reviewers in most cases require a fairly
large amount of initial information about the reviewers’ publications, their inter-
action with other scientists, and similar information about the authors of applica-
tions. Analyzing this information is costly and will not be expedient if thousands
of candidates are to be analyzed in detail for each team of reviewers.

Our paper is dedicated to the assignment of external reviewers for PhD
thesis defense. A candidate list of available internal reviewers is usually too short;
hence it makes no sense to optimize it. We focus on the task of express
assignment of external reviewers, where a long initial list of candidates is to be
reduced drastically. The subsequent short list can be analyzed manually, or a fine
assignment procedure can be activated, which is resource-intensive and requires a
much larger volume of initial information than is required for express assignment.
During express assignment, only the semantic similarity between applications and
reviewers is taken into account, which provide the maximal level of collective
competence of the committee. In this paper we perform comparative analysis of
various optimization algorithms by using the criteria of “assignment quality —
optimization time” in order to better understand the tradeoffs when choosing
“assignment quality” over “optimization time” or vice versa.

DATA REPRESENTATION

At the first stage of assigning the reviewers, it is necessary to choose the source
data for decision-making, as well as the method of its representation in vector
form. In the case of an application, a list of its keywords is used, and in the case
of a reviewer, a list of keywords obtained from available data is used. In general,
this list of keywords can be from the candidate’s recent publications, from his CV
or from a profile from some register of scientists. In the second case, keywords or
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research interests are formed by the candidate at his own discretion, that is, they
are presented in an arbitrary form without reference to any rubric or classifier.

The source data is usually processed using statistical models, topic models
and embedding models. Some of them analyze the frequency of occurrence of
words in the text, others form representation vectors based on the co-occurrence
of words. Usually, the resulting vector representations are difficult to interpret. In
addition, obtaining such representations requires a large amount of data. We sug-
gest using the approach from [13], according to which a set of keywords is cate-
gorized as a vector in the space of research groups from the Australian and New
Zealand Standard Research Classification — ANZSRC 2020. ANZSRC 2020 in-
cludes 171 research groups from 22 divisions. Therefore, the final representation
of the application and reviewer profiles looks like a distribution over the 171 re-
search groups from ANZSRC 2020.

In order to carry out a categorization, it is necessary to have a corpus of
marked articles that are assigned to one or more research groups, and a machine
learning model that, based on keywords, assigns the analyzed profile to certain
research groups. We use the information resources of the Dimensions, in which
more than 100M publications are already categorized according to
ANZSRC 2020. For a search query in the form of a keyword, Dimensions pro-
duces an output that indicates how many publications with that keyword are as-
signed to each of the research group. This procedure is shown schematically in
Fig. 1. It also shows that in the collection of marked documents an article can be
categorized into several research groups, for example, Article 1 is assigned to Re-
search Group 1 and Research Group 2. Based on this output, the distribution of a
keyword’s occurrence in the context of various research groups can be built. For
example, for the keyword from Fig. 1 distribution looks like this: Research
Group 1 — 3 appearances, Research Group 2 — 2 appearances, Research
Group 3 — 2 appearances, and Research Group K — 1 appearance. On the basis
of this distribution, the keyword “some keyword” is further categorized within the
framework of the research classification system. To categorize a set of keywords,
the algorithm from [13] is applied, which is based on the resources and services of
Dimensions. This algorithm takes into account both the occurrence of isolated
keywords from a profile, as well as the co-occurrence of keyword pairs. The algo-
rithm allows to filter the information noise caused by both stop words and rare
keywords that have low reliability of the conclusions.

Collection of marked Research classification
documents system

A keyword, for
example, "some

keyword"

Fig. 1. Keyword categorization schema

The categorization algorithm consists of 3 stages. For a set of two keywords
the procedure of categorization is schematically shown on Fig. 2. In the first stage
the set £ of search queries is created using the initial keywords and their pairwise
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combinations. At the second stage the membership degrees of queries to research
groups are computed. For this the overall distribution of the number of publica-
tions over research groups using Dimensions API is found. Then the same is done
for each search query with subsequent stop-words detection and noise filtering.
Having done this, the relative frequencies of search queries based on the overall
distribution is found and the noise reduction using cumulative contribution of re-
search groups is done. On the third stage all the queries distributions are averaged
that produces one-dimensional vector. We further perform truncation to at most
RG _max research groups with non-zero membership degree. A reviewer by the
proposed algorithm can be categorized to at most 7_max research groups, and the
smallest membership degree is restricted to be at least RG _min_degree. The trun-
cation is done in the last step of the third stage by removing research groups with
low membership degree.

Search Queries Ingenuous Reduction of

creation matching  research groups Aggregation
=== _————
I | | i
|
I | | i
"bibliometric analysis” | : | :
I | | |
: RG K : RGK| |
|
__________ Final reduction of
research groups
- ——-—-— -————
! I | -= === -—————— |
| ret] ! |
| o ' freiH—freT] |
| | | i
- L{Rez] 1 ! [ReZ] ! .
e oLeezl] l'— ' [RG2] ! '|RG2||
assignment” I | | | | | |
RG3|, 1 [RG3], | L
1 olRss—o{Res]
Ly RGK 'y RGK] ! | | | i
- Ll ' {RGK] I | [RGK]!
_____ I o
"bibliometric
analysis" AND

"reviewer
assignment”

Fig. 2. Keywords detailed categorization schema

The MATLAB-style pseudocode of the categorization algorithm is as follows:
STAGE #1 — creating the set E of search queries from the key-
words w

1 oo oe

(0]

-
S =

i=1l:length (w)-1
for j=i:length (w)
E={E; [w(i) “AND" w(j)] }
end
end
$STAGE #2 — compute membership degrees to research groups by
each query

o\
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< Find the total number of publications in each research groups
N=[N(1l), N(2), .., N@m], m=171 >
Counter=0 % the counter of successful query responses
for i=1:length (E)
< Find Q — the total number of publications in Dimensions,
that contain E{i} >
IT O>Threshold StopWord continue % ignoring the stop-
words
end
IT O<Threshold Noise continue; % ignoring the rare key-
words
end
< Find t (1), t(2), .., t(m) — the number of publications in
each
research group for query E{i} >
%Ignoring the research group with a tiny number of publica
% tions:
index=find (t<Threshold topic)
t (index) =0
if max(t)==0 continue
end
r=t./N $frequency of E{i}’s occurrence in research groups
%Normalizing the frequency distributions:
Gamma=r./sum(r)
< Choosing the most popular research groups that have cumu-
lative
contribution in Gamma >= Tail. ID-numbers of the remain-
ing research groups
are put in vector Rejected >
%Ignoring the research groups with contribution lower than

% Tail:
Gamma (Rejected) =0
Gamma=Gamma . / sum (Gamma) %normalizing again

Counter=Counter+l
Mu (Counter)=Gamma

end

IT Counter==0 return (‘Unsuccessful’)

end

$STAGE #3 — compute membership degrees using all queries
Mu mean=mean (Mu) % averaging all successful queries

%Computing the current number of the selected research groups:

Current N RGs=sum(Mu mean>0)

Mu, RG ID, Current N RGs]=Top RG(Mu mean, Source RG ID, RG max)
Top RG — forms RG ID as a selection of RG max research groups
with
highest membership degree from Source RG ID. RG ID is descend
ing order
list of research groups according to their membership degrees
Mu.

Vector Mu is normalized in [0; 17].

$Finish truncation based on kinship of research groups:

while (true)
if (Current N RGs<=Tmax AND Mu(end)>RG min degree) break
end

00 A A O° O° o o —
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if (Current N RGs<=1) break
end
< Drop the minor groups and redistribute its contribution
to
others based on their kinship >
for target=1:Current N RGs-1
akin_factor=Jaccgra(RG_ID(target),
RG ID(Current N RGs))
Mu (target)=Mu (target)+Mu (Current N RGs) *akin factor
end
[Mu, RG _ID, Current N RGs]=Top RG(Mu, RG ID, Current N RGs-1);
end
Return (Mu, RG ID)

At the last stage of the algorithm when dropping a minor research group its
contribution is redistributed to other research groups based on their kinship. The
additional value is proportional to the kinship level between the target research
group and the research group being removed. The kinship level is assessed using
Jaccard index, where the size of the intersection is the number of publications cat-
egorized to belong to both research groups, and the size of the union is the num-
ber of publications categorized to either of research groups [14]. We formed the
matrix of Jaccard indices for research groups using Dimensions API for the data
period of 2019-2023. The intuition behind this step lays in the fact that we want to
increase the influence of the subset of research groups that are more akin than others.

For example, a researcher is categorized tentatively to research groups 4410
Sociology, 4611 Machine Learning, 3508 Tourism, and 3504 Commercial Ser-
04 025 02 0.15

4410° 4611° 3508 3504

group 3504. For this, we first compute Jaccard indices between 4609 and other
research groups using the method from [14]. For the data of 2019-2023 they are:

J(4410, 3504) = 0.044 ;
J(4611,3504)=0;
J(3508, 3504) = 0.478 .

By taking into account the kinships, the contribution of the research group
4609 is redistributed in the following way:

0.4+0.044-0.15 0.25+0-0.15 0.2+0.478-0.15
4410 ’ ’ '

vices as follows: ( j Let us drop the minor research

4611 3508

0.466 025 0.271
4410° 4611° 3508

As a result, we ] After norming:

0.472 0.275 0.253
4410° 3508 4611

strongly reinforced. This research group is closely related to 3504 Commercial
Services, which has been eliminated. If we simply discard the minor research

047 029 0.24
4410° 4611° 3508
was no additional reinforcement of the 3508 research group.

). As a result, research group 3508 Tourism has been

group, then after normalization we get ( j In this case, there
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Let’s present a step-by-step example of how the proposed algorithm works.
For this, Susan Dumais is considered as a potential reviewer. The reviewer’s in-
formation is taken from her Google Scholar profile that contains a set of research
interests. Those interests may be interpreted as a set of initial keywords. For this
reviewer the keywords are: “Information Retrieval”, “Human-Computer Interac-
tion”. Interests often complement each other thus making the research topics
more focused. To take this into account, additional keywords are synthesized as
pairs of initial interests. Interests in a pair are combined by a logical operation
AND as follows: “Information Retrieval” AND “Human-Computer Interaction”.
Fig. 3 shows the initial distribution of membership degrees to research groups for
the research interests of Susan Dumais. For each of the reviewer’s interest and
conjunction of her interests the distribution to research groups from Dimensions is
found. Then the research groups with cumulative contribution less than 7ail is
dropped to reduce the noise (Fig. 4). Tail is set to be 0.93. The next step is to av-
erage over all interests’ distribution (Fig. 5) and further restrict the max number
of non-zero membership degrees to be at most RG_max. RG_max is set to be 12.
The noise reduction steps and the restriction on the max number of non-zero
membership degrees are based on the assumption that researchers usually are pro-
ficient only in a few research fields at once. In the end in case of Ty, =4 Susan

Dumais is represented by the following research groups:

Information
0.2 Retrieval
0.1 -
3 —
5, 0.4 1 Human-Computer
9] Interaction
=]
a
G 0.2 -
[}]
g
[}
zoollei$|'=l'l?Tl|||]IT]?I;I=T'||]|;.?QITJTT
Information ]
Retrieval AND Human-
Computer Interaction
0.1 1
00 T T T T T T T T T T T T I;[ D T T T T T T T T T T
mMm M Mo A MW O W oM M ST N W~ 00 S NS N
o o o o o 9 o o 4 A o 9o o 0 o o o o o A A A o o
m wn W W oL O C O O O N W W Ww Ww w wwwww wuw~-Sd
m mMm mMm M M = = = = = = = = = = = = = = = = = = un
Research Group
Fig. 3. The initial interests’ distributions for Susan Dumais
4608 Human-Centred Computing with degree 0.35;
4609 Information Systems with degree 0.25;
4602 Artificial Intelligence with degree 0.21;
4605 Data Management and Data Science with degree 0.19.
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Fig. 4. Interests’ distributions after filtering by Tail
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Fig. 5. Reviewer’s distribution after averaging over all insterests’
final result

distributions and

134

As the result of categorization, an application profile, defined as a set of
keywords 4,, = {w;, w,,...,w, }, is transformed into a profile defined as a cate-
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gorical distribution over research groups 4, = {u, (4), u,, (4), ..., n i, (A} where
H, (4) €[0;1] denotes membership degree of application 4 to research group ¢,

i =1,_m. Similarly, a reviewer's profile, defined as a set of keywords or research
interests R, ={w;, w,,..,w,}, is transformed into a profile defined as a

categorical distribution over research groups R, ={p, (R), u,, (R), ..., (R)}.

SIMILARITY ASSESMENT

To match reviewers and applications, a similarity metric between 2 categorical
distributions, the reviewer keywords’ research groups distribution and the appli-
cation keywords’ research groups distribution, has to be defined. For this, the
metric from [15] is used. The metric calculates the similarity of two objects X and
Y with the following categorical distributions (p;(X), t,(X), ..., 1,,(X)) and
(M@, uy(Y),..., 1, (Y)), where m denotes the number of categories, that are

research groups in our case, p;(.X) denotes membership degree of object X to i-th

category, W;(Y) denotes membership degree of object Y to i-th category, i = Lm.
Distributions are normalized and satisfy the following conditions:

w(X) [0 1], u;(Y)e[0;1], i=lLm;
2“;’0021; ;M(Y):l-
i=l,m i=l,m

The categorical distributions of objects X and Y look like two fuzzy sets on
universal sets of all categories. Therefore, to calculate the similarity of objects X
and 7Y, it is proposed to use an intersection of the corresponding fuzzy sets. This is
reflected in the metric [15], according to which the similarity of objects X and Y is
defined as follows:

Fit(X,Y)= Y min(u,;(X), () +AF(X,Y), (1)
i=l,m
where Zmin (1;(X), u;(Y)) is an addend that evaluates the direct similarity of

i=l,m
objects X and Y; AF(X,Y) is an addend that evaluates the similarity of objects X

and Y through akin categories (akin research groups in our case). Across the all
research groups, kinship is conveniently represented by a binary fuzzy relation-
ship in the form of an m xm matrix. Each element of the matrix corresponds to
the kinship level of two corresponding research groups. An identification of this
kinship matrix is easily performed by the method [14], which uses the Jaccard
index on data from Dimensions.

TASK STATEMENT OF ASSIGNMENT OPTIMIZATION

Consider the task of assigning a team of reviewers, who are collectively the best
suited for reviewing an application. For this task, 2 cases are possible: forming a
team from scratch and supplementing the team with new members.
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Given: an application profile 4, = {p, (4), u,, (4),...,p, (A4)} and profiles

of k-th potential reviewers R, ={u, (R;), 1., (R;), ..., (R;)}, j =1,k in the
space of m research groups. The entire set of reviewers is denoted as
R={R,,R,,..R,}.

Find out: subset of reviewers S — R with the highest overall suitability level
to all the topics of the application:

Fit(A, Agg(S)) > max,

where Agg(S) denotes aggregation function of categorical distributions of the
assigned reviewers set.

Aggregation of categorical distributions by reviewer profiles R, j= I,_k in
the space of research groups from ANZSRC 2020 is implemented using the third
stage of the above described categorization algorithm.

The number of reviewers for an application is denoted by ¢ = |S | . This quan-

tity is constant; usually it is from 2 to 5 people. The level of suitability between
the application and the team of reviewers is calculated by formula (1).

REVIEWER ASSIGNMENT ALGORITHMS

The task of assigning reviewers from a mathematical point of view is to find a
subset of fixed cardinality. To solve such problems in practice, mostly approxi-
mate algorithms are used. Among the set of possible algorithms, it is necessary to
choose the one that provides a balance between assignment quality and efforts for
solution finding. The following algorithms are proposed to be used.

Brute force. The best solution can be found by trivial brute force. For appli-
cation 4, among all possible teams of size ¢ from the reviewers set R, a team with
the maximum level of suitability has to be found. The complexity of brute force
grows exponentially. The number of operations is proportional to the binomial

coefficient: (L')H So even for medium-sized problems, it is unrealistic to
n—c)'c!

walk through all possible options and adhere to some time constraints. Moreover,

the number of options depends very much on the c.

Brute force on a truncated set of candidates. In practice, candidates with a
low level of similarity are unlikely to be assigned as reviewers. Therefore, the
rational step would be to ignore potential reviewers with very low similarity. By
rejecting candidates with low similarity to the application, for example, at the lev-
el of 0.1 or 0.2, the search time can be significantly reduced. The number of op-
erations is still proportional to the binomial coefficient but on a much smaller set
of reviewers: n- p(r > truncation_level), where p(r > truncation level) is the
probability that a reviewer » will have at least truncation level similarity level
with the application. The more we thin out the initial list of candidates, the shorter
the duration of optimization will be, but the risks of deviating far from the opti-
mum increase.

Pure greedy algorithm. The reviewers are assigned iteratively to ensure at
each step the maximum suitability of the current fragment of the team to the ap-
plication. The algorithm is performed in ¢ iterations. At each iteration, one new
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member is added to the team of reviewers, who at this iteration maximizes the
level of combined suitability of the current composition with the application. In
the first iteration, we find the candidate with the highest similarity to the applica-
tion. In the second iteration, we choose the candidate who, together with the al-
ready selected member of the team, has the highest suitability level to the applica-
tion. The number of operations with this approach is significantly reduced and is

proportional to n°, but the solution may turn out to be suboptimal.

Greedy algorithm with elitism. The candidate with the highest value of suit-
ability to the application is added first. At the same time, the level of combined
suitability of updated reviewer team to the application is not taken into account.
Other reviewers are assigned according to the pure greedy algorithm, that is, can-
didates are assigned who, in the current iteration, maximize the team’s suitability
level to the application. The greedy algorithm with elitism significantly shortens
the duration of the optimization but still is proportional to nc

Assignment in isolation. The easiest way to assign reviewers is to choose
those who are the most similar to the application. The combined suitability of the
team is not taken into account. It is assumed that the stronger each of the candi-
dates corresponds to the application, the better the team will be. Roughly speak-
ing, the combined suitability level of the team is considered to be the sum of the
similarity levels of each member. Algorithmically, assignment in isolation is im-
plemented by sorting the candidates in descending order of similarity to the appli-
cation and selecting the first ¢ candidates. The number of operations is propor-
tional to n-c in the best case. This is a very fast algorithm, but with a small
chance of getting to the optimum.

DATASET FOR ASSIGNING EXTERNAL REVIEWERS

For experiments on the assignment of external reviewers, a dataset of PhD-thesis
was collected [16]. For this, the information system of Ukrainian National Agency
for Higher Education Quality Assurance was used. The collected theses belong to
various research fields (Fig. 6) with the predominance of Information Technologies.

12 Information Technologies

05 Social and behavioral sciences
22 Health care

09 Biology

01 Education/Pedagogy

21 Veterinary

26 Civil safety

19 Architecture and construction
27 Transport
07 Management and administration

08 Law

17 Electronics, automation and
electronic communications

0 5 10 15 20 25 30
Number of theses
Fig. 6. PhD-theses distribution over research fields
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EXPERIMENTS ON ASSIGNING EXTERNAL REVIEWERS

Experiments on external reviewers’ assignment are conducted on the formed da-
taset of theses. At first, a thesis’s keywords are categorized according to the key-
word categorization algorithm within the research groups from ANZSRC 2020.
Next, in a similar way, the keywords of the articles of the committees’ members
are categorized. Pairs of keywords are combined into additional queries only
within one article. For each committee, the external reviewers are removed and
new ones are assigned from other committees to maximize combined suitability.
After removing the external reviewers, we get a set of fragments of committees,
containing the chairman and two or one internal reviewers. The task is to find ex-
ternal reviewers whose addition to the fragments of committee ensures their max-
imum of combined suitability level to the topic of the theses.

The results of the reviewers’ assignment are compared with the version of
the committee, which is formed by the institution. The effect is estimated by an
average level of change in the suitability level of committees:

Z(F_new _ icurrent)
i i
_i=,N

current
2F
i=1, N

E(Fnew,Fcurrent)

-100%,

where N denotes number of theses; F,""" denotes suitability level of the com-

1

mittee for i-th thesis after optimization, i =1, N; F™"" denotes suitability level

of the committee for i-th thesis before optimization, i =1, N .

Fig. 7 presents the results of optimization using various assignment
algorithms. Most of the committees from institutions have the suitability level

1.0

0.8 1

0.6 1

—— Institution's committee
0.4 | == Brute force

Brute force 0.1
—— Brute force 0.2

Brute force 0.3

Suitability level

0.2 1
—— Pure greedy
—— Greedy with elitism
Assignment in isolation
0.0 T T T T T T
10 20 30 40 50 60
Thesis rank

Fig. 7. Distribution of committees’ suitability level depending on the algorithm used

above 0.2. The interquartile range is approximately equal to [0.4; 0.8]. With brute
force there is a significant improvement in the suitability levels for the majority of
committees. Some committees are not improved or the improvement level is low.
This is due primarily to the fact that the distribution of theses by fields in the
dataset is uneven and the dataset has a relatively small size. In almost all cases,
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committees from institutions have a lower suitability level to thesis than found by
any assignment algorithm. By manually creating committees with limited oppor-
tunities for choosing committee’s members, we get an average level of suitability
to the thesis. On the other hand, with the automatic assignment of committee’s
members and a sufficiently large pool of candidates, we get a significant im-
provement of the committees only by changing external reviewers.

Fig. 8 compares suitability levels of committees’ found by brute force with
the committees found by other algorithms including brute force on a truncated set
of candidates. Brute force on a truncated set of candidates with similarity thresh-
old 0.1 performs almost identically as regular brute force, but the optimization
time is reduced (Fig. 9). Brute force on a truncated set of candidates with similar-
ity thresholds 0.2 and 0.3 performs very similar to the regular brute force, but
there are a few suboptimal committees in both cases. Committees found by pure
greedy algorithm are also suboptimal. Its performance is very close to the brute
force 0.2 and is somewhat better than the brute force 0.3, but the time of optimi-
zation is significantly better (Fig. 9). Greedy algorithm with elitism performs
slightly worse than pure greedy algorithm, there are slightly more suboptimal
committees, but it is close to the brute force 0.3 with the optimization time re-
duced (Fig. 9). Under the assignment in isolation, most of the committees are
suboptimal but it is the fastest among the algorithms (Fig. 9). This is due to the
fact that the high similarity of a candidate with a thesis does not mean that the
team formed by assignment in isolation covers the entire research groups’ distri-
bution of the thesis.
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Fig. 8. Comparison of committees found by brute force with the committees found by
faster algorithms
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Fig. 9 compares the results of committees’ assignments according to various
optimization algorithms. Optimizing the truncated set of candidates with the simi-
larity threshold of 0.3 is clearly unsuccessful. All others form a Pareto set. There-
fore, when choosing an algorithm, it is necessary to take into account priorities,
what is needed — a quick result or a high-quality one. From Fig. 9, it can be seen
that the level of change due to the skip from pure greedy algorithm to brute force
algorithms grows slowly. But the optimization time increases significantly. There-
fore, the pure greedy assignment algorithm can be considered the most balanced.
An alternative to it can be the brute force on truncated set of candidates with the
similarity threshold in the vicinity of 0.25. These conclusions are based on ex-
periments on a small dataset. With real databases of large volume, the optimiza-
tion time by brute force algorithms can increase drastically.

35 A
* +

3049 *

25 A

20 A

Brute force

Brute force 0.1

Brute force 0.2

Brute force 0.3

Pure Greedy
Assignment in isolation
e Greedy with elitism

15 A

Average level of change, %
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0 5000 10000 15000 20000 25000
Assignment time, sec

Fig. 9. Comparison of assignment algorithms according to the “duration — quality” criteria

AN EXAMPLE OF ASSIGNING A COMMITTEE

Let’s consider an example of assigning a committee for the following thesis:
“Models and methods of data processing of the system of remote monitoring of
the condition of patients with diabetes”. The thesis identifier in National Agency
for Higher Education Quality Assurance is 4756.

The thesis’s keywords are: edge devices; IoT; diagnostics; diseases; intelli-
gent data analysis; information technologies; medical information systems; mod-
eling; monitoring; data processing; patient; forecasting; software component
model; system design; diabetes. After categorizing these keywords, we get the
following result:

4605 Data Management and Data Science — 0.382;
4606 Distributed Computing and Systems Software — 0.255;
4609 Information Systems — 0.205;
4203 Health Services and Systems — 0.158.

The thesis is represented by the following vector:

(0382 0.255 0.205 0158}

, =

4605 4606 4609 4203
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In National Agency for Higher Education Quality Assurance, the research
topics of each committee member are represented by the keywords of 3 or 4 of
his/her papers. To categorize them, the principle of a bag of keywords is applied.
Categorization of a member takes place as follows: 1) for each set of keywords of
one paper, their paired combinations is created; 2) the received sets of keywords
of different papers are combined into into one bag; 3) categorize the received set
of keywords according to the algorithm [13]. The result of the committee catego-
rization is as follows.

Research groups of the chairman are:

4609 Information Systems — 0.381;
4203 Health Services and Systems — 0.225;
4606 Distributed Computing and Systems Software — 0.214;
4601 Applied Computing — 0.180.

Suitability level of the chairman is:

l_{(ossz’ 0.255’ 0.205, 0.158}(0.381, 0.225, 0.214’ 0.180 D:o.577.
4605 4606 4609 4203 )\ 4609 4203 4606 4601

Research groups of the first inner reviewer are:

4606 Distributed Computing and Systems Software — 0.337;
4605 Data Management and Data Science — 0.256;
4003 Biomedical Engineering — 0.244;
3208 Medical Physiology — 0.162.

Suitability level of the first inner reviewer is:
Fiz[(0'382, 0.255, 0.205, 0.158} (0.337, 0.256, 0.244’ 0.162j] 0,564,
4605 4606 4609 4203 )\ 4606 4605 4003 3208
Research groups of the second inner reviewer are:

4606 Distributed Computing and Systems Software — 0.426;
4605 Data Management and Data Science — 0.299;
4003 Biomedical Engineering — 0.138;
4604 Cybersecurity and Privacy — 0.135.

Suitability level of the second inner reviewer is:

Fi 0.382 0.255 0.205 0.158) (0.426 0.299 0.138 0.135 0501
4605 4606 ° 4609° 4203 S\ 4606 ° 4605 4003 ° 4604 U

Research groups of the first external reviewer are:

3201 Cardiovascular Medicine and Haematology — 0.387;
3203 Dentistry — 0.215;
4605 Data Management and Data Science — 0.205;
4602 Artificial Intelligence — 0.192.

Suitability level of the first external reviewer is:

Fi 0.382 0.255 0.205 0.158) (0.387 0.215 0.205 0.192)) 0.239
4605 4606  4609° 4203 )\ 3201 ° 3203 4605 ° 4602 B

Research groups of the second external reviewer are:

4602 Artificial Intelligence — 0.435;
4611 Machine Learning — 0.357;
4605 Data Management and Data Science — 0.208.
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Suitability level of the second external reviewer is:
Fit 0.382’ 0.255, 0.205’ 0.158 ’ 0.435, 0.357’ 0.208 0227
4605 4606 4609 4203 ) 4602 4611 4605
The result of the committee aggregation is as follows:

(0.381 0.225 0.214 0.180

4609 ° 4203 4606 " 4601 j
(0.337 0.256 0.244 0.162)

4606 " 4605 ° 4003~ 3208
(0.426 0.299 0.138 0.135
4606 ° 4605 ° 4003~ 4604
(0.387 0.215 0.205 0.192)

3201 ° 32037 4605° 4602
(0.435 0.357 o.zosj

4602 4611° 4605

Agg

0.389 0.374 0.236
4606 4605 4602 )

The combined suitability level of the committee to the thesis is
l 0.382 0.255 0.205 0.158) (0.389 0.374 0.236
4605 ° 4606° 4609° 4203 )\ 4606 4605 4602

relatively good suitability level, which is mainly due to the strong overlap in two
of the four research groups.

D=0.631. This is a

Let’s try to choose the best external reviewers to increase the combined suit-
ability level. The members of all other committees of the dataset are used as can-
didates. As the result of brute force, the two new external reviewers are found.
0.274 0.261 0.251 0.214
3210 " 42037 4202 3205
0.555 0.306 0.139
4605 " 4611 ° 4609
gregating all members of the new committee we get the following categorization:
(0.281 0.269 0.228 0.222 )

Their profiles are as follows: ( j with suitability

level 0.158, and ( j with suitability level 0.542. After ag-

4611° 4605° 4602 ° 4608
£0.556 0.302 o.142j

46127 4602 ° 4007

y 0.457 0.196 0.183 0.163) | (0.361 0.335 0.156 0.148)
8814611 4603 ° 4605 4609 4605 ° 4606~ 4609 ° 4203
(0.274 0.261 0.251 0.214j

3210 7 42037 4202° 3205
(0.555 0.306 0.139]

4605 " 4611° 4609
The combined suitability level of the new committee to the thesis is

l{(ossz, 0.255, 0.205, 0.158}(0.361’ 0.335, 0.156, 0.148D=0.923‘
4605 4606 4609 4203 )\ 4605 4606 4609 4203
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Comparing with the initial committee, a significant improvement in the level
of suitability is observed, the new committee has the same research groups as the
thesis. The improvement is about 46%.

From the given example, it can be seen that although the individual similar-
ity of an individual member of a committee may be mediocre, the overall suitabil-
ity level of the committee may turn out to be high. This is due to the fact that the
new external reviewers cover the so-called minor part of the thesis topic, which is
outside the field of expertise of other committee members. This is clearly visible
on Fig. 10 where the difference between the distributions of thesis, institution’s
committee and proposed committee is shown. The thesis and proposed committee
intersect in all their research groups. The institution’s committee lacks the re-
search groups 4609 Information Systems and 4203 Health Services and Systems,
which makes it less similar to the thesis’s research field.

1.0
N Thesis
Institution's committee
E Proposed committee
0.8 4
@
g
o 0.6 1
@
-
2
£
i
@
£
£ 0.4
=
0.2 1
0.0 -

4203 4602 4605 4606 4609
Fig. 10. Comparison of initial committee and proposed committee

CONCLUSIONS

The paper proposes an express method of assigning the external reviewers for
PhD defense committee. On the first stage of assignment, the application and po-
tential reviewers are categorized by presenting their profiles as vectors in the
space of research groups from ANZSRC 2020. At the second stage, the suitability
levels of potential reviewers to the application topic are calculated, taking into
account the kinship of research groups. At the third stage, a team of reviewers is
assigned, which corresponds to the topic of the application to the maximum pos-
sible extent. To implement the third stage, the various optimization algorithms are
proposed: brute force, brute force on a truncated set of candidates, greedy algo-
rithm without elitism and with elitism, and on assignment in isolation. Experi-
ments on the dataset of 67 PhD theses showed that the best balance in terms of
assignment quality criteria and team searching duration provides greedy algorithm
without elitism and brute force on a truncated set of candidates. As a result of the
optimization, it was possible to improve the combined quality of committees by
an average of 13-34% over all the dataset, depending on the type of algorithm
used. Optimizing the truncated set of candidates with the similarity threshold of
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0.3 is clearly unsuccessful. All others form a Pareto set. Therefore, when choos-
ing an algorithm, it is necessary to take into account priorities, what is needed —
a quick result or a high-quality one.

The proposed method can be used to improve the efficiency of managing the
processes of assigning reviewer teams in various fields, for example, for evalua-
tion of grant applications. The method can also be used for auditing to quickly
check the correctness of the assigned committees with subsequent thorough re-
source-intensive examination of suspicious cases.

Further research may include: studying whether using Large Language Mod-
els is a better choice for modeling the keywords representation than the proposed
method; using the proposed method of express assignment in more time-
consuming and iterative procedures for assigning a team of reviewers, when it is
necessary to take into account not only the relevance of the topic of the applica-
tion, but also the absence of a conflict of interests, the balance of the load on the
reviewers, and other possible limitations. It is advisable to take into account not
only the relevance of the subject of the reviewers and the application, but also the
qualification level of the experts during the assignment.

Acknoledgment. The authors are grateful to Digital Science & Research Solu-
tions Inc. for the provision of access to Dimensions as part of the DIM-371 project.
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AJITOPUTMHA TNPU3HAYEHHS 30BHIIIHIX PENEH3EHTIB JUISA 3AXUCTY PHD-
JUCEPTALIN / C.[. llItoB6a, M.B. ITerpuuko

AHoTanis. 3anpormoHOBaHO MiAXi A0 MPU3HAYCHHS 30BHIMIHIX PEICH3EHTIB. Y HBOMY
BPaxOBY€EThCS JIMIIE CEMAaHTHYHA CXOXKICTh MK 3asiBKAMH Ta PELEH3EHTaMH, OLli-
HIOIOTBCSI 1HIEKCH CXOXKOCTI Ta NPH3HAYAEThCS HEOOXiMHA KiNbKICTh TAKUX pPElCH-
3CHTIB, 32 SIKUX 3a0e3MeUy€eThCs MAKCUMAIILHUN PIBEHD BIAMOBIIHOCTI PELICH3CHTIB
3asBIIl 32 JAESKUMHU KpHUTepisiMH. BHKOHAHO MOpIBHSIBHMI aHANi3 PI3HUX alTOPHT-
MiB ONTHMIi3allil 3a KPUTEPIEM «IKICTh MPHU3HAYEHHS — TPHUBAJICTH ONTHUMIi3aIlii».
ExcrneprMeHTH Ha TECTOBOMY JaTaceTi IMOKa3aly, 0 NpUHHATHHHA OamaHC 3a KpU-
TEPIsIMU <«GIKICTh MPU3HAYCHHS» Ta «TPUBAICTh ONTHUMI3ALID» AJIs IPU3HAYCHHS 30-
BHIIIIHIX PEelEH3EHTIB 3a0e3euye jxaliOHui anroput™ 0e3 eniTu3My Ta 3a HOBHOTO
nepebopy Ha TPOPIIKEHIH MHOXHHI KaHJUIATIB. 3aCTOCYBaHHS 3allpOIIOHOBAHHX
ITOPUTMIB MOKpAIIY€ SKICTh pOOOTH TOKTOPCHKUX pall B cepeaHsoMy Ha 13-34%
3a ychOro HaboOpy JaHMX, 3aJI€XKHO BiJl THILY BUKOPHCTOBYBAHOTO aITOPUTMY.

Kuro4oBi cj1oBa: 30BHILIHI PELCH3CHTH, 33/1aua MPU3HAYCHHS PELICH3CHTIB, Kare-
ropusalis, ONTUMIi3allis, TOBHUI mepedip, ®agiOHUA anrOpUTM, 130JIbOBAHE TMPH-
3nauenss, PhD-nuceprauis, Dimensions, ANZSRC 2020, raiy3b Z0CIiKEHb.
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BIZJOMOCTI ITPO ABTOPIB

Beasik €Bren B’siueciiaBoBuy,
cTapiuil HayKOBUI CHIBPOOITHUK, KaHIUAAT TEXHIYHUX HAyK, CTapIIMil HAyKOBUH CHIBpOOIT-
HUK [HCTHTYTY IpoGaeM peectpartii iHdopmarii HAH Ykpainu, Kuis

Bigtok ITerpo IBanoBuy,
npodecop, JOKTOp TEXHIYHUX Hayk, npodecop kadenpy MaTeMaTHYHUX METOJIB CUCTEMHOIO
ananizy HH ITICA KIII im. Iropst Cikopebkoro, Ykpaina, Kuis

3aBap3ina BasenTuna BosonumupiBHa,
acucteHT Kadeapu iHpopMalifHO-aHAIITHYHOT JisTbHOCTI Ta iH(opMariiiiHoi 6e3neku Hario-
HaJIBHOTO TPAHCIIOPTHOTO YHIBEpCUTETY, YKpaina, Kuis

3aiineBa I'aimna MukoJsaiBHa,
JIOLIEHT, KaHAUJAT XIMIYHUX HAyK, 3aBilyBauka Kadeapu aHaIiTH4HOI, (i3u4HOi Ta KOJIOITHOT
ximii Harionansnoro memiynoro yHiBepeutery imeHi O.O. Boromorsiis, Ykpaina, Kuis

Imenko Pycnan MukoJiaiiosu4,
JIOLIEHT, KaHAUAT (Bi3UKO-MaTeMaTUUHUX HayK, OLEHT Kadeapu iHGopMaliiHo-aHaIITHIHOT
IisutbHOCTI Ta iH(OpMaliitHoi 6e3mekn HalioHaIbHOTO TPAHCIOPTHOTO YHIBEPCHTETY,
VYkpaina, Kuis

Kprouun Auapiii AngpiiioBuy,
npogecop, JOKTOp TEXHIYHHUX HayK, 3aCTYIHHK JUPEKTOpa 3 HayKoBoi podotu [HcTUTyTY IIpo-
6mem peectparii inopmanii HAH Ykpainu, Kuis

Jlanbko AHHa AHATOJiiBHA,
MaricTp 3a OCBITHBO-TIpOQeciiiHOI0 mporpaMoro «CHCTeMHUH aHaji3 (HIHAHCOBOTO PUHKY»
crenianbHocTi 124 «Cuctemuuii ananiz», HH IICA KIII im. Irops Cikopcwkoro,
Vkpaina, Kuis

Manbko Imutpo IOpiiioBuy,
CTapIMil JOCHiAHUK, KaHAUAAT (i3UKO-MAaTeMaTHYHUX HAyK, CTapIIMi HAayKOBHil CHiBpOOIT-
HUK [HCTHTYTY po6iem peectpaii inpopmanii HAH Ykpainu, Kuis

MensikoB Onekcanap OjieKkcaHIpOBUY,
acripasT kadeapu iHpopMmariiHuX cucteM 1 Mepexx HarioHanbHOTO yHiBepeuTeTy «JIbBiBChKa
noJniTexHikay, Ykpaina, JIbBiB

Mopo3 Borogumup Bosiogumuposuy,
JIOLIEHT, KaHAWJAT TEXHIYHUX HAYK, mpodecop Kadenpr onTHMaIbHOrO KepyBaHHS Ta €KOHO-
MiuHOT KiOepHETHKH (aKy/IbTeTy MaTeMaTHKH, (i3UKH Ta iHPOopMaliiHUX TexHOJOoTIiH Onech-
KOTO HalllOHAIBHOTO yHiBepcutery imeHi I.I. MeununkoBa, Ykpaina, Oneca

HepamkiBcbka Hanis IBaniBHa,
JIOIIEHT, JIOKTOP TEXHIYHHX HayK, mpodecop Kadempy MaTteMaTHIHHX METOAIB CHCTEMHOIO
ananizy HH ITICA KIII im. Iropst Cikopebkoro, Ykpaina, Kuis

IIaniopaToB Poman CepriiioBuy,
acmipanT kadenpu mryunoro intenekry HH ITICA KIII im. Iropst Cikopcbkoro, Ykpaina, Kuis

Ilerpuuko MuxoJa Bonogumuposuy,
IoKTOp dinocodii, crapiuuii BUKIaaa4 Kadeapr KOMIT FOTEPHUX CUCTEM YIpaBiIiHHS BiHHHIIb-
KOTO HalliOHAILHOTO TEXHIYHOTO YHIBEpCUTETY, YKpaiHa, BiHHuIs

ITonoB Onexcanap OJsiekcaHAPOBHY,
TOJIKOBHUK, KOMaHup BilicbkoBoi uactuau A1108, Ykpaina, [{poroduy

IIymkapsoBa SlpociaBa MukoaaiBua
JIOLICHT, KaHAUJAT XIMIYHUX HAyK, JOUCHT Kad)eapH aHATITHIHOI, (PI3UYHOT Ta KOJOIIHOT XiMil
Hanionansnoro menmunoro yHiBepcurery iMeni O.0. boromosbiit, Ykpaina, Kuis

Cnexropcbkuii Irop SIkoBuy,

JIOLIEHT, KaHIUIAT (i3KO-MaTeMaTHIHUX HayK, JOLEHT Kadeapn MaTeMaTHIHNX METOIIB CHC-
temuoro ananizy HH ITICA KIII im. Irops Cikopebkoro, Ykpaina, Kuis
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CrarkeBny Biraniii MuxaiiaioBuy,
KaHIuaaT (Gi3uKO-MaTeMaTHYHUX HAyK, HAYKOBUIl CIIIBPOOITHHK BiJUIUTY MPUKIAJHOTO HEJi-
wiiiHoro ananizy HHK «ITICA» KIII im. Iropst Cikopcbkoro, Ykpaina, Kuis

Crtycb Ouiexcanap BikropoBuy,
KaHIUAaT (i3sHKO-MaTeMaTHYHUX HayK, JOLCHT KaeIpH MaTeMaTHYHUX METOJIB CHCTEMHOTO
ananizy HH ITICA KIII im. Iropst Cikopcbkoro, Ykpaina, Kuis

Tumuyk Bosogumup IOpiiioBuy,
CTapIIMil HAYKOBUH CHIBPOOITHUK, KAHIUAAT TEXHIYHUX HAYK, CTAapIIMil HAYKOBUH CHIiBpOOIT-
HUK HAyKOBO-JIOCIIJHOTO BiJJILTy pO3BUTKY aBToMaru3auii CyXOIyTHHX BiliCBK HayKOBO-
JIOCITITHOTO YIPABIIiHHS PO3BUTKY 030pOEHHS Ta BIHCHKOBOT TEXHIKHM HayKOBOTO 11eHTpYy Cyxo-
myTHUX Biiicbk HanionansHoi akanemii CyxonmyTHUX BilickK, YkpaiHa, JIbBiB

TpucHwk Tapac BacuiboBuy,
KaHMIAT TEXHIYHUX HAyK, CTApIIMi HAYKOBHI CHIBPOOITHHK [HCTHTYTY TeleKOMyHiKamii i
rnodanbHoro iHdopmariitnoro npocropy HAH Ykpainu, Kuis

Iuoyas Cepriii AnaroiiioBuy,
KaHIUJAT TEXHIYHUX HAyK, CTApUIMI IOCTIAHUK, HAYaJIbHUK HAyKOBO-IOCITIIHOTO BiIILTY
npoOieM CyMpOBOPKEHHS eKCIUTyaralil iHpopMalliiHuX CUCTEM HayKOBO-JIOCIIHOTO YIIpaB-
JIHHSA MpoOIeM pO3BUTKY iH(OpMaLiMHUX TEXHONOTIH Ta BIPOBAXKEHHS IPOEKTIB iH(OpMaTH-
3arrii 30poiinux Cun Ykpainu LleHTpy BoeHHO-CTpaTeriyHmX TOCiipKkeHs HarioHansHOro yHi-
BepcuTeTy 000poHH YKpainu, Ykpaina, Kuis

MIBanaT Makcum AbGepToBUY,
acHipaHT kadeapu ONTUMAIBHOIO KEPYBaHHS Ta €KOHOMIUHOI KibepHEeTUKH (haKyIbTeTy Mare-
MAaTHKH, Qi3UKH Ta iHPOPMAIIHHUX TeXHOJOTIH OIeChbKOro HalliOHAJIBHOTO YHIBEPCUTETY iMe-
Hi LI. MeunukoBa, Ykpaina, Oneca

IlIToBda Cepriii /ImuTpoBuY,
npodecop, AOKTOp TEXHIUHUX Hayk, Ipodecop kadenpu iHGopMmaiiiHux TexHonorii JoHels-
KOTO HalliOHAJIBHOTO YHiBepcuTeTy iMeHi Bacuis Cryca ta npodecop kadeapu KoMIT FOTepHHX
CHUCTEM yIpaBiiHHS BiHHUIBKOrO HaIliOHAJIBHOI'O TEXHIYHOTO YHIBEpCUTETY, YKpaiHa,
Binuuis
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Amnppocos JImutpo Bacunbosuy, Ne 1
bapan Jlanuno Pomanosuy, Ne 3

bensk €pren B’suecnaBouy, Ne 4

Bimtok ITerpo IsanoBu4, Ne 4

busos Iean CepriiioBuy, Ne 2
Bonsucpkmii €Breniit Bomomumuposuy, Ne 1
Bonorin Anapiit CepriitoBud, Ne 2
Bornorina KOmist OnexcanzapisHa, Ne 2
Bonnapenko Banepis Bikropisaa, Ne 2
bonpapenxko Bikrop I'puroposuy, Ne 2
Bpatyce Onexcannp CepriiioBud, Ne 1
BacuibeBa Mapis [lapunisaa, Ne 3
Bermukos I'eopriit BsuecnaBosuu, Ne 2
Buxmiok Spocnas Iroposuy, Ne 1
T'aBpunenko Onena BanepiiBHa, No 2
T'aBpunenko Onena Bonoanmupisaa, Ne 2
Toninko Irop Muxaiinosuy, Ne 3
T'oponenskuit Bikrop I'eoprifioBuy, Ne 1
I'pimmn Kocrsutun Jmutpouy, Ne 3
Janunnos Banepiit SIkosuu, Ne 2

Haup Ipuna Binbsmiaa, Ne 2

€BnokumoB Onekcanap Onerosuy, Ne 2
3aBapsina Banentuna Bonomumupisaa, Ne 4
3aituenko Onena IOpiiBHa, Neo 1

3aituenko FOpiit [Terposuy, Ne 1, 3
3atinesa ['ammna MuxonaiBaa, Ne 4
Saspuuii Onexciit Bonogumuposuy, Ne 2
3rypoBcbkuit Muxaiino 3axaposuy, Ne 3
3enensk Oner [lerpoBuy, Ne 2

XKurno Cepriit Biktoposuu, Ne 3
Kyxoscwkuii Cepriit CranicaaBoBud, Ne 3
IBoxin €Bren BikToposuy, Ne 3

Imenko Pycnan Muxonaiiosud, Ne 4
KacesuoB [TaBmo Onerosud, Ne 3

Kop06an [Imurpo BikToposnd, Ne 1
Kotenko Ouner BacunboBuy, Ne |
Kprounu Augpiit AuapiitoBud, Ne 4
Ky3ixoB bopuc Onerosuy, Ne 2
Kysznenosa Hatanist Bomogumupisaa, Ne 3
Kyzpmenko Onexciii BitamiiioBud, Ne 1, 3
Kynik Anaromiit Cremmanosud, Ne 2
Kypmtok Cepriit Bikroposud, Ne 1
Jlanbko Anna AHaroJiiiBHa, Ne 4

Jleuyk Onexcanap MukonaiioBuy, Ne 3
Mamnsbko Jmutpo FOpiiioBuy, Ne 4
MaptssaoB [Imutpo Iroposuy, Ne 1
Macnsuko ITasmo ITaBnoBuy, Ne 2
MensikoB Onekcanap Onekcannposud, Ne 4
Mensnuk Irop BitamiiioBuy, Ne 1
Menbuauk Onekciii Mukonaiiosud, Ne 1
Minsieepkuii FOpiit Jleoninoud, Ne 3

Mina Onekcannp Bomogumuposuy, Ne 3
Mopo3s Bonoaumup Bonogumuposuy, Ne 4
Hesincobkuit lennc Bonogumuposud, Ne 1
Henamkisceka Hazist IBaniBua, Ne 1, 4
Hixkitian Brnagucias Onerosuy, Ne 2
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Omnuienko Oner AnaTosioBud, Ne 1
OctpoBepxoB Mukona SkoBud, Ne 2
Oueperna Banentuna Banepiisaa, Ne 1
[Maniitayx Jlinis CepriiBua, Ne 3
ITani6paros Poman Cepritiouu, Ne 4
[MTankpatoBa Haranist {murpiBHa, Ne 3
Ilerpenko Anatomiii IBanoBu, Ne 1, 2
[Terpruko Muxona Borogumuposuy, Ne 4
Tleriko Bacuns IBanoBu4, Ne 3

IMucapuyx Lus OnekciitoBuy, Ne 3
Iucapuayx Onekciit Onexcanaposud, Ne 3
IonoB Anpnpiit FOpitioBuy, Ne 1

TTomos Onekcannp Onexcanaposud, Ne 4
Ilounnox Anina BonogumupisHa, Ne 1
IIpoxopoB Onexcannp BanepitioBny, Ne 2
ITymkaprsoBa SpocnaBa MukonaiBHa, Ne 4
Pens Bagum Onexcangposuy, Ne 3
Pomanenxo Bixrop demunosuy, Ne 3
Pomanos Muxona JImutpoBuy, Ne 2
Pomanrok Bagum BacuimsoBudy, Ne 1
Pomamniok Oxcana Onekcanapisaa, Ne 3
CaBuenko s Onexcangposud, Ne 3
CineBectpoB AHTOH MukomaiioBud, Ne 2
Cewm’stHiB Irop Onexcannposud, Ne 1
Ckpunka Muxaiino IOpitioBuy, Ne 1
Cnexropebkuii Irop Sxosuy, Ne 4
Cninyn Jlionqmuia FOpiiBaa, Ne 2
CrarkeBuy Bitaniit Muxaitnosud, Ne 4
Creutok ITerpo IBanoBuy, Ne 3

Crycs Onexcannp Bikroposuy, Ne 4
Tumuyk Bonomumup FOpiiioBud, Ne 4
Tumuyk [Opiit Muxaitnosuy, Ne 2
Turapenko Anapiii Muxonaiiosuy, Ne 3
Turos ITaBno Oneropuy, Ne 2

Txauyk Annpiii BacuiboBnd, Ne 1
Txauyk "anna CepriiBua, Ne 1

TopxxkoB Aunpiit AHapiiioBny, Ne 2
Tpim Poman Muxaiinosud, Ne 3
TpucHrok Tapac BacunboBuu, Ne 4
@enin Cepriii CepritioBuy, Ne 3
@emenko Kupun IOpiiioBuu, Ne 2
XanimoBebkuii Onekciii MopectoBuy, Ne 2
Yyxpaii Annpiit ['puroposuu, Ne 2
Lu6yns Cepriii AnaromiitoBud, Ne 4
lantp Anrton CepriiioBuy, Ne 3
[Tamouka Irop BanepiiioBu4, Ne 3
lep6una Onbra Bacuiiha, Ne 1
IBannT Makcum AnsbeproBuy, Ne 4
[oskomsic Oxcana AHaToJiiBHa, Ne 2
loekorutsic Tersina Bonoaumupisua, Ne 3
HlIredan Haranis Bonoaumupisua, Ne 3
Iros6a Cepriii ImutpoBuy, Ne 4

Tym Kupui Iroposuuy, Ne 3

SxoBnes Cepriii BeeBomogosuy, Ne 2
Sluna Onena CepriiBHa, Ne 2
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