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Modeling an Image Clustering Algorithm For Detecting Overheated Railway Axle

This paper presents an approach to image identification based on a clustering algorithm for
detecting the thermal characteristics of railway axle boxes. The study analyzes the potential of clustering
algorithms in the task of digital image identification. The principles of the proposed algorithm are
described in the context of image segmentation and compression, as well as pattern recognition in the
transportation domain. A block diagram of the algorithm is provided along with an explanation of its
operational principles. A scheme for implementing a machine vision system using the proposed
algorithm is suggested for the detection of overheated axle boxes in railway transport. Experimental
modeling was conducted for image segmentation based on color models in the infrared spectrum to
identify regions with elevated temperatures in the MATLAB environment. For the experiment, thermal
images of rolling stock axle boxes were selected one representing a normal condition and the other
representing an overheated condition. The simulation results demonstrated that segmentation based on
image color models allows for accurate delineation of the thermal characteristics of axle box images.
The study confirmed that the use of the proposed algorithm and its software implementation for
thermographic cameras is effective for recognizing temperature indicators. Additionally, the algorithm
enables image compression, which increases data processing speed and facilitates the monitoring of
thermal characteristics of rolling stock at high speeds.

Keywords: thermographic images, clustering, segmentation, monitoring, modeling, temperature
indicators, axle box.

Introduction. Currently, the field of graphical image identification has gained significant popularity
among researchers and scientists. This is due to the growing number of practical applications of such
tasks in everyday human activity. Examples include text recognition, fingerprint identification, license
plate detection, facial recognition, and more. An important factor contributing to the popularity of image
identification is the continuous development of theoretical and mathematical frameworks [1]. Among
the key approaches for solving recognition problems are: classification using decision functions and
distance metrics; support vector machines; neural networks; various statistical methods; and clustering
algorithms.
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In computer science, cluster analysis can be used to detect boundaries or recognize objects by
dividing a digital image into distinct regions [2].

In the transportation sector, cluster analysis can be applied in pattern recognition for supporting
control, operations, and modeling of transportation systems [3]. For instance, it can be used to determine
scenarios in decision support systems based on traffic simulation, where scenario clustering procedures
may assist in real-time weather-responsive traffic management (WRTM) by rapidly classifying current
or forecasted weather conditions into predefined categories and suggesting appropriate WRTM
strategies that can be tested through real-time traffic simulation prior to deployment [4]. Additionally,
clustering algorithms can be used in image processing and visualization systems to assess railway traffic
safety [5].

Analysis of recent research and problem statement. Clustering, or cluster analysis, in the context
of identification tasks, refers to the process of partitioning a given sample of objects into non-
overlapping subsets (clusters) such that each cluster consists of similar objects. The similarity between
objects is determined based on a selected metric, which is chosen according to the clustering criterion.

The input data for the clustering procedure is a set of objects, each defined by a vector of features.
In such algorithms, the vectors typically represent pixels or neighborhoods of pixels. The vector set may
include the following components [1, 2]:

e intensity values;

e color codes or color characteristics;

e computed feature descriptors;

e textural characteristics.

The clustering algorithm itself can be described as a function a: X—Y, which maps any object x € X
to a cluster number y €Y. In some cases, the set Y (i.e., the number of clusters) is known in advance;

however, more often, the objective is to determine the optimal number of clusters according to a specific
clustering quality criterion.

Nevertheless, the solution to the clustering problem is inherently ambiguous due to several reasons:

e there is no universally optimal clustering quality criterion;

e the number of clusters is generally unknown and must be determined based on some subjective
criteria;

o the result of clustering strongly depends on the chosen metric, which is also typically subjective
and defined by an expert [6].

This ambiguity necessitates flexible data processing tools, which must be considered during the
development of methods for graphical image identification.

Researchers and scientists worldwide are actively working on this issue within the domain of digital
image processing. In particular, the segmentation of color images based on clustering for identification
purposes has gained widespread popularity [7].

For example, in the railway industry, a well-known system for detecting overheated axle boxes is
widely used for inspecting wagons and locomotives to detect technical malfunctions, especially
overheated axle boxes [8]. The operational principle of this equipment is based on measuring the
temperature of axle boxes as trains pass by infrared sensors. However, this system has several
drawbacks: detecting overheated axle boxes may trigger false alarms when transporting hot cargo (e.g.,
sinter pellets), in the event of hot water leakage from passenger car heating systems, or when passing
through the system while braking with friction brakes (due to heating of the brake pads) [9].

In one of the studies, the authors present a machine vision system for efficient monitoring, analysis,
and representation of visual data obtained from multiple cameras [10]. This solution aims to enhance
the safety of daily railway transportation in two key ways:

1. by evaluating a wide range of safety requirements using image analysis algorithms capable of
processing large-scale train images, and

2. by assisting train safety operators in detecting any potential malfunctions within the train. The
system utilizes high-speed visible and thermal cameras that monitor the train as it passes beneath a
railway frame structure.
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Therefore, instead of using outdated systems for detecting overheated axle boxes, technical vision
systems based on thermographic cameras could be implemented [11]. Thermographic cameras detect
radiation in the infrared range of the electromagnetic spectrum (approximately 0,9—-14 um) and generate
images based on this radiation, which allows for the identification of overheated or undercooled objects.
In such images, color serves as an indicator of temperature level. For example, blue indicates that the
object’s temperature is around 27-28 °C, violet indicates 29-31 °C, orange indicates 32-34 °C, yellow
indicates 35-36 °C, and white represents temperatures above 36 °C, etc.

The advantages of such cameras include the following:

e the ability to display visual images, which aids in comparing temperatures across large surfaces;

e the capability to detect malfunctioning components before failure occurs;

o cffective temperature measurement in areas where other methods are either impossible (e.g., low
thermal capacity objects) or pose health risks;

e non-destructive testing;

o facilitation of defect detection (such as cracks) in columns or other metallic parts;

e the ability to visualize heat at a rate of one frame per second, even with relatively low spatial
resolution [12].

To implement a machine vision system for detecting overheated axle boxes on railways, a structural
diagram is presented in Fig. 1. The operating principle of this system is as follows: when a wheelset
approaches sensor S1, it sends a signal to the control system CS (which records the serial number of the
wheelset) and to the thermographic cameras C1 and C2 to initiate image capture. The cameras process
the thermal images and, depending on the results, send a high-level signal to the CS if an excessive
temperature is detected. The CS associates the wheelset number with the side of the axle box, logs the
inspection results into the database, and for instance sends a signal to a controller, which in turn marks
the axle box with paint or sends a signal to the train operator to reduce speed, and so on [13, 14].

Thus, the key challenge is the development of a high-quality image recognition algorithm -
specifically for thermographic images that is both fast-acting and effective in the presence of other
thermal interferences typically found in railway environments.
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Fig. 1. Structural Diagram of the Implementation of a Machine Vision System for Detecting
Overheated Axle Boxes in Railway Transport

The purpose and tasks of the study. To analyze the operating principle of the k-means clustering
algorithm in image recognition tasks, and to conduct experimental modeling of this algorithm by
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segmenting thermal images based on color in order to recognize the thermal characteristics of the studied
objects using the MATLAB environment.

Materials and methods of research. The k-means clustering algorithm partitions a set of elements
in an n - dimensional vector space into & clusters, in which each object belongs to the cluster with the
nearest mean value. This method yields exactly k distinct clusters with the greatest possible separation.
The optimal number of clusters &, which results in the highest degree of separation, is not known a priori
and must therefore be derived from the data. The goal of k-means clustering is to minimize the total
intra-cluster variance or the sum of squared error (SSE) function [15, 16]:

xP - c]-”Z, (1)

J= Z?=1 2?=1|

where J — objective function;
k — number of clusters;
n — number of observations,

Xi(]) — observation i;

Cj — centroid of the cluster j;

. 2
”xi(]) —Cj ” — distance function.

Algorithm Description.The process begins by assigning objects to clusters. The number of clusters
k is selected, and at the initial step, these points are considered the "centers" of the clusters. Each cluster
corresponds to one center. The initial centroids can be selected in one of the following ways:

e selecting & observations to maximize the initial distance;

¢ randomly selecting k observations;

o selecting the first k£ observations.

As aresult, each object is assigned to a specific cluster. Next, an iterative process begins. The cluster
centers are recalculated and are considered to be the coordinate-wise means of their respective clusters.
The objects are then reassigned based on the updated centers.

The simulation will be carried out in the Jupyter Notebook environment using the Scikit-learn library.

Fig. 2. Illustration of the Operation of the K-Means Algorithm
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This process of computing cluster centers and redistributing objects continues until one of the
following conditions is met:

e the cluster centers have stabilized, i.e., all observations belong to the same cluster as in the
previous iteration;

e the number of iterations reaches the predefined maximum.

Figures 2 and 3 illustrate the working principle of the k&-means algorithm (where /=2) and its block

diagram [14, 17].
Begin
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Fig. 3. Block diagram of the k-means algorithm

The simulation (Table 1) illustrates how the algorithm works on synthetic datasets. The essence of

the simulation is as follows:
- in the Jupyter Notebook environment, four datasets are generated using the scikit-learn package,

namely: datasets.make blobs, datasets.make gaussian quantiles, datasets.make circles, and

datasets.make moons;
- we apply the K-means algorithm, which uses the Euclidean distance metric, to each data type, and

gradually increase the number of clusters from 2 to 5 to see how the algorithm behaves on different data
types with different values of the k parameter.
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Note. The number of clusters does not exceed 5, since we know in advance that the number of
‘correct’ clusters, for example, for data of type datasets.make blobs is 5, in other cases no more than 2.

From Table 1, we can conclude that the K-means algorithm performed best for data of the
datasets.make blobs type with K=5. Each cluster is defined solely by its centre, which means that each
cluster has a convex shape. As a result, the K-means algorithm can describe relatively simple shapes. In
addition, the K-means algorithm assumes that all clusters have the same ‘diameter’ in a sense, it always
draws the boundary between clusters so that it passes exactly in the middle between the cluster centres.
This can sometimes lead to unexpected results, as shown in Table 1 on the
datasets.make gaussian quantiles data.

Table 1. llustration of how the K-means algorithm works with artlficlally generated data
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[ ]
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Segmentation of an object image consists in dividing it into spatially connected areas (segments).
Global and local pixel connectivity maxima of quantized images are determined, and then regions
adjacent to these maxima are formed. The set of these regions forms a spatial set of objects. In the
process of image segmentation, several incorrectly classified elements (the so-called speckle noise)
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inevitably appear. After thresholding, such errors can be eliminated. If the brightness level of any image
element is higher than the maximum level of its neighbors, then it is likely due to noise. It can be replaced
by the maximum brightness level of neighboring elements. A similar operation, filtering, can be applied
if the brightness level of an element is lower than the minimum level of its neighbors. Another possibility
is to replace each level value with the average or median value of neighboring elements.

Let's consider the procedure for segmenting objects by determining the connectivity of image
elements [18-21]. The mask matrix formed by selecting each minimal element will be called a cut, and
the total connectivity value of a cut element will be called internal cut connectivity, and the total
connectivity value between elements of neighboring cuts will be called intercut connectivity.

The value of internal cut connectivity (k) will be determined by the formula.

f(k)= lezi(a‘/ na, +a,na, +a, na +..+a, /\amm) )

j=1 =1

Next, we determine the global and local values of internal cut connectivity. The values of internal
cut connectivity are determined at the time points Locs by G- These time points correspond to cuts

k,—1, k,, k, +1. The number of such cuts is v =1, w, which corresponds to the general case. Let us

define the functions of internal cut connectivity as follows:

f(kv’kv+1) f(k\=>k\=+1)"" ( vipp 172 »+p1) ( v-12 \[1)p1 :: (3)
f(kv’kvfl):f(kv’kv—l)""’ ( vipy 2 \+p2 )’ ( \12+1’ »lz)pz =15 2 (4)

k ) and [ ( gy Ko, 1) can be written as follows:

Functions of intercut connectivity f (kv+ o1 K,

M-1N-1
\+p| -1 \+p| H—p] -1 v+p| \+p| -1 \+p| H—p] -1 v+ p]
f(kv-¢—17l v-¢—17l ) Z ( /\a11+1 +a /\az] 1 +a /\az —1j +.. +a z+]+1) (5)

=0 i=0

Similarly, you can write the intercut connectivity function

M-1 N-1

I¢ _ k k k
v+p2 v+pp -1 v+p) v+poy -1 V+p2 v+py -1 »+pz v+p2 -1 ) ( )
f( H—pz’ H—pz I) : :: "( y+1 +aij /\ax -1 +a /\az -1 +.. +a Na i+l j+1 6

j=0 i=0

The general segmentation scheme can be represented by sequential or parallel definition of sequences
of intercut connectivity functions:

f(kv’kwl)’f(sz’kw?) f(kw l’k ) (7)
and

f(kv’kv—])’f(k\ z’k ) Df(kz’kl)' (8)

The determination of the intercut connectivity functions in accordance with formulas (7) and (8) is
carried out until

flk, k0 )=6, flk,ok,3)=6, flk, .k,)=6, ©)

or

f(kvskv—l):5> f(kv—zokv—3):59 f(kz,kl):5. (10)
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Practically, the threshold ¢ in expressions (9), (10) is formed for each function of intercut
connectivity f (kwplﬂ,kwpl) and f (kv+p2+1’kv+pz)' The process of determining the functions of

kv+p1 ) = 5
or f (kv+ p2+l,kv+p )= O . Moreover, in the roughest approximation, the elements of the cuts k., k
for which the functions of intercut connectivity f ( vipato ks p) o and f ( S Hm)

=0,
respectively, are unlnformatlve elements and should be excluded from the original image.
If f (kV+ STV );t o or f (kv+ st Ko, );t O, then iterative determination of the intercut

connectivity functions is performed in accordance with expressions (3) and (4).

intercut connectivity in accordance with expressions (3) and (4) is carried out until f° (kw;] o

Let's consider an example for a particular case. Let v=2, then for the cut &, , the intercut connectivity
functions take the following form:

f(k23k2+1) f(kz’k2+1)f( 2+19 3) . f( 2+p1-12 2+p])’ f( ) (11)
f(kz’kz—l):f(kz’kz—l)’f(kz 17k2 ) f( 2+py 2 2+p2 1)’ f( L+ ) (12)

At the same time, for expressions (10) and (11), we sequentially define the functions of intercut

connectivity: from f(k2 2+l) to f( ok, )and from f(k2 . 1) to f( ok, )
Let's assume that

f(kz»k2+1)¢5af(kz —Z’kl 71)¢5> and f(klkaz ):5
f(kzakz 1)¢5 f( 1,429 1+1)¢5 and f( L+ ) 0. (13)

This means that in the cuts k,1 and kl2 , some elements are uninformative. There are two possible

solutions. The first is to directly remove the noise elements from the cuts. The second option is the most
promising. When implementing it, it should be assumed that the cuts k,l and kl2 define noise elements

as the product of single elements by the value of an element, for example, selected by the average value.
Thus, it is not the values of single elements themselves that are subtracted from the original image
(image fragment), but the single elements of the cuts &, and k, multiplied by the corresponding values

of the minimum elements for this cut.
Thus, for all cuts with the maximum value of the internal cut connectivity function between cuts &,

and £, , k&, and k k and k k and k

21 21 1 2 3n 2 2 °

as well as between cuts k and its preceding cut
and k, and its following cut, and vice versa for the last two pairs of cuts. For the sake of clarity, let us

consider the definitions of the intercut connectivity functions for the cuts k,, , k, and &, , k,,

1

f(kzlz’klll) f(kzlz k2/2+1 )f( 205417 2/2+2) f( 17+1° 1/1)
f(kul’kzzz) f(kul kl/1+1 )f(k111+1’kl/1+2) . f(kzlz—l’kzlz ) (14)

If the elements in the cuts k, and & are uninformative, then for the following intercut connectivity

functions, the conditions for determining whether the elements of the cut are informative or not change
the meaning. That is, the expressions
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f(kZIZ ,k2,2+1)¢ 0, f(k212+1=k212+2)¢ 5:---:f(k111+1>k111 )¢ o

or

Sy k)28, fly ok )2 8o f Uy ks, )2 8 (15)

imply, that the elements of the cuts &, ,k .k, are uninformative. Therefore, for them, the average

205+1% V2154290
value of the elements should be subtracted from the elements of the original image. Moreover, for a
rough approximation, the elements of the cuts located between the cuts & and k, are uninformative

and the latter are excluded from the original image. If the elements of the cut k, ~are uninformative,

the unit values of this cut are transferred to the next cut k£, and the intercut connectivity function is

2051
determined for this (changed) cut. Further, this iterative process of transferring unit elements of a cut
can be continued. If condition (15) is not met, the elements of the cut under consideration are considered
image elements.

If we assume that all the elements belonging to an image are interconnected, i.e. correlated in the
space-time domain, the following problem arises: how can we optimally implement the multi-stage
segmentation operation, assuming that the image elements are correlated in space and time, and the non-
informative elements are decorrelated.

The k-means clustering algorithm in pattern recognition tasks. Extracting information from
images and understanding it in such a way that the obtained information can be used to perform various
tasks is a key aspect of machine learning. Image segmentation is one of the first steps towards
understanding images and subsequently identifying different objects within them. Image segmentation
involves dividing or partitioning an image into regions with similar attributes. It is one of the most
critical components of image analysis and pattern recognition, and still remains one of the most
challenging tasks in image processing and analysis. It has applications in multiple fields such as remote
image analysis, medicine, traffic monitoring, fingerprint recognition, and more [23-26]. Segmentation
methods involving classification approaches face significant challenges in computing the number of
clusters present in the object space or in extracting the relevant function. This type of image
segmentation is widely used due to its ease of understanding and relatively high accuracy of results.
There are several methods, and one of the most popular is the k-means clustering algorithm. This
clustering algorithm is unsupervised and is used to segment the region of interest from the background.

When using clustering algorithms, the task arises of determining the number of cluster centers for
further analysis. For example, when clustering using the k-means algorithm, which is an exclusive
clustering method, the number of centers is set initially and the algorithm works recursively until the
formed clusters are balanced according to the proximity of individual data elements to the cluster centre.
However, if the data set obtained as a result of experimental research is large enough, it is impossible to
determine the optimal number of centers. If a certain number of centers is specified, the clusters formed
using the k-means method will not correspond to the internal structure of the data. Therefore, using this
approach for recognition tasks will be ineffective. When using, for example, hierarchical clustering
methods, the algorithm works until all data is assigned to a single cluster. And there's also the question
of which clustering level to stop at so that the number of clusters you get is the best for further analysis.

The paper looked at different ways to pick the best number of clusters, but the most effective one
was the one that considered the max density of data assigned to each cluster at different clustering levels.
The density was calculated as the ratio of data elements included in the cluster to the volume of this
cluster. This approach allows for the structural grouping of data elements and reduces the running time
of the clustering algorithm, since it will not be processed to the end (for hierarchical clustering methods).

Detection of overheated axleboxes. As previously noted, the railway industry faces the problem of
monitoring the technical condition of axleboxes for safety hazards. Therefore, we propose using a
machine vision system to monitor the thermal characteristics of moving train components based on
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thermographic cameras and the unsupervised k-means clustering algorithm. For modeling purposes, two
images of axleboxes were used: a normal axlebox (Fig. 4(a)) and an overheated axlebox (Fig. 4(b)).

Note on images: since it is not possible to take real images of axle boxes in the infrared range due to
the high cost of thermographic cameras, a decision was made to convert ordinary RGB images into a
form that visually creates the effect that the image is taken in the thermal range. Therefore, the image of
the axle box, which we have conditionally labeled as normal, could actually also be overheated - and,
unfortunately, this factor distorts the results of the modeling.

Thus, for modeling, color images of both normal and overheated axle boxes are used for defective
segmentation of thermal indicators. Defective segmentation is carried out in two stages. First, pixels are
clustered based on their color and spatial characteristics, where the clustering process is performed.
Then, the clustered blocks are combined into a certain number of regions. By using this two-step
procedure, computational efficiency can be increased by avoiding feature extraction for each pixel in
the axle box images. Although color is typically not used for defect segmentation, it provides high
discriminative power for different areas of the image. Therefore, this approach provides a reliable
solution for segmenting thermal indicators.

Fig. 4. Segmentation based on color using the k-means clustering algorithm: a) and 1) -
Conditional images of axle boxes; b) and 2) - Illustration of normal and overheated axle boxes in
the infrared range; c¢) and 3) - Thermal images converted from the RGB color space to L*a*b*
color space; d) and 4) - Images labeled with cluster indices; e) and 5) - Objects in cluster 1; f)
and 6) - Objects in cluster 2; g) and 7) - Objects in cluster 3.

Experimental results show the effectiveness of the proposed approach for improving the quality of
thermal image segmentation in terms of accuracy and computational time. The results of the modeling
demonstrate that the proposed approach is promising. Segmentation using the k-means algorithm is very
useful for image analysis. An important goal of image segmentation is to separate the object and
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background, regardless of whether the image has a blurred boundary. Defective segmentation of thermal
characteristics can be considered as an example of image segmentation where the number of segments
is unknown. The main goal of the proposed approach is automatic color segmentation using the k-means
clustering method and the L*a*b* color space [27-29].

The introduced segmentation structure works in five steps as follows:

1. Reading images in the infrared range.

2. Conversion of the image from RGB color space to L*a*b*. The L*a*b* color space is used
because it consists of a luminance layer in the "L" channel and two chromaticity layers in the "a*" and
"b*" channels. The use of the L*a*b* color space is uncompromising because all color information is
present in "a*" and "b*".

3. Color classification using the k-means clustering algorithm in the "a*b*" space. To measure the
difference between two colors, the Euclidean distance metric is used.

4. Labeling each pixel in the image using the results of the k-means algorithm. For each pixel in
our input, the algorithm calculates an index corresponding to the cluster. Each pixel in the image will
be labeled with the cluster index.

5. Creation of images that segment the input image by color. We need to separate the pixels in the
image by color using pixel labels, which will result in different images based on the number of clusters.
We program the identification of the index of each cluster that contains the highest temperature readings
because the algorithm does not return the same cluster index every time. However, we can do this by
using the central value of the clusters, which contains the average "a*" and "b*" values for each cluster.

Conclusions. The k-means clustering algorithm is classified as an unsupervised data clustering
algorithm (unsupervised learning). The advantages of this algorithm include its clarity, simplicity, and
speed of use. However, its drawbacks include slow performance with large datasets and sensitivity to
outliers, which can distort the mean value. The simulation results showed that the k-means algorithm
can effectively describe relatively simple shapes. In addition, this algorithm assumes that all clusters
have the same ‘diameter’ in a certain sense, it always draws the boundary between clusters so that it
passes exactly in the middle between the centres of the clusters.

A scheme for implementing a machine vision system for detecting overheated axle boxes in railway
transport using the k-means clustering algorithm has been proposed.

Experimental results of the modeling showed that segmentation based on the color model using the
k-means clustering algorithm allows for accurate segmentation of temperature indicators of rolling
stock. For example, the image in Fig. 5(e) shows the segmentation of objects in the second cluster and,
in comparison with the conditional thermal image (Fig. 5(b)), represents the recognition of the dominant
green color, indicating a satisfactory temperature condition of the axle box. This is not the case with the
image of the overheated axle box (Fig. 5(6)), where the white color signals an excessive temperature
increase, indicating an emergency condition of the axle box.

It should be noted that the application of this algorithm in the development of software for
thermographic cameras aimed at recognizing temperature indicators is effective, as this algorithm allows
for image compression, which will increase data processing speed and enable monitoring of the thermal
characteristics of rolling stock at higher speeds.
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MopaenoBaHHA aJrOpUTMY KJacTepu3anii 300pa:keHb 1JIs1 BUSBJIECHHS Meperpirnx 0ykc
BaroHiB

B cmammi pozensinymo ioenmuchikayito 306padicenv Ha OCHOBL aneopummy Kiacmepusayii 0s
BUSABNICHHS MENJIOBUX XaApaKmepucmux Oykc eazoHuis. IlposedeHo ananiz nepcnekmus 3acmocy8aHHs
aneopummie Kiacmepizayii 6 3aoauax idenmuixayii yupposux zobpadicenv. Hasedeno npunyun
pobomu 3anponoHOBAHO20 ANICOPUMMY NPU Ce2MeHmayii ma CMUcHeHHi 2pagiunux 300padicelv, a
MaKoc npu po3nizHasanti oopaszie y mpancnopmuiil cgpepi. Illpedcmaeneno 6.10k-cxemy arcopummy i
onucano npunyun tio2o pobomu. Ilpononyemvcs cxema peanizayii cucmemu MAWUHHO20 30pY 3
BUKOPUCMAHHAM OAHO20 al2OPpUMMY 8 Hpoyeci usaslieHHs nepezpimux Oykc 6acoHis. [Iposedero
eKCNnepUMeHmanbHe MOOCII08AHHA N0 Ce2MeHMAayii Ha OCHOB8I KOIbOPOBUX MOOeiel 300paicetb
nooauux 6 iHgpauepgonomy OianazoHi O GUAGNeHHA OWLIAHOK 3 RIOBUWEHOI0 MeMNepamypor
sacobamu npoepamu MATLAB. /[na excnepumenmy obpami 300pasxicents, Ha AKUX NpeOCmasieHo OyKcu
Pyxomozo cknady, oOHA 3 AKUX HOPpMAdbHA, a Opyea - nepezpima. B pe3ynomami npogedenoco
MOOeN08AHHS BUABIEHO, WO Ce2MeHmayisi Ha OCHOBI KObOPOBUX Mooenell 300paxcenb 0038015€ MOYHO
ceemeHmysamu  mepmosoopaxcenHs — Oykcu.  JlocniodcenHa — nokaszanu, WO — 3ACMOCYBAHHA
3aNPONOHOBAHO20 aN20pUmMMY [ U020 NPOSPAMHA peanizayis Oas mepmMocpagiuHux Kamep €
eheKmueHUM 3 Memo pPO3NI3HABAHHA MeMNePamypHUX NOKA3HUKIE. [laHull ancopumm maxoxic
003607151€ NPeOCMABUMU 300PANCEHHA 8 KOMHAKMHOMY 6U2iali, Wo Npusooums 00 NiOBULEHHS
weUOKocmi 1020 06poOKU i 00380A€ WUBUOKO NPOBOOUMU MOHIMOPUHS MENTIOBUX XAPAKMEPUCTUK DYKC
PYXOMO20 CKNAOY.

Kniouoei cnoea: mepmoecpagiuni 3006padicenns, Kiacmepuzayisn, ceeMeHmayis, MOHIMOPUHe,
MOOeN08AHHs, MeMNepamypHi NOKA3HUKY, OYKca.

93


https://doi.org/10.11591/ijeecs.v18.i3.pp1501-1509
https://doi.org/10.1016/j.procs.2023.10.294
https://orcid.org/0000-0002-8634-5880
https://orcid.org/0009-0006-6254-6166
https://orcid.org/0009-0003-5801-056X
https://orcid.org/0000-0001-5147-0772

