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ABSTRACT

Context. In recent decades, rapid advances in digital signal processing and artificial intelligence have greatly expanded capabili-
ties in visual information analysis. A color image, as a complex multidimensional signal, carries geometric, spectral, and textural data
about objects. Efficient processing of such data requires integrating filtering, segmentation, and transformation methods with ma-
chine learning algorithms to extract hidden patterns and meaningful features.

Objective. The purpose of this work is to develop a method for analyzing color images based on quantization, binarization, clus-
tering, and selection of priority clusters.

Method. The proposed approach combines digital signal processing and machine learning to improve the accuracy and speed of
extracting informative elements. It includes several interrelated techniques: Quantization of three-color components in the training
template to reduce color diversity and accelerate binary image formation; selection of priority template colors based on occurrence
probability with a normalized threshold, enhancing feature detection accuracy; quantization of the original image’s color components
to optimize segmentation and avoid excessive clustering; construction of a binary image using quantized template colors to eliminate
false clusters and improve clustering precision; extraction of binary elements via clustering, verifying only white-point surroundings
to suppress noise and automatically identify elements of various shapes; selection of priority binary elements using probabilistic as-
sessment to enhance reliability.

Results. The method was implemented in Matlab and tested on a specialized database. Compared with traditional approaches, it
demonstrated higher accuracy and stability in element extraction while reducing processing time through color optimization and re-
moval of redundant clusters.

Conclusions. The comprehensive application of quantization, binarization, clustering, and priority element selection ensures ac-
curate, fast, and adaptive analysis of color images. The method expands the functionality of visual information processing systems
and can be used for statistical analysis, intelligent image processing, segmentation, and classification of complex visual structures.

KEYWORDS: image analysis, training template, quantization, binarization, clustering, machine learning,
digital signal processing.

ABBREVIATIONS NOMENCLATURE
EM is an expectation-maximization algorithm; A={4,..,A.} is a correct set of image elements;
PAM is a partitioning around medoids algorithm;
ISODATA is an iterative self-organizing data analysis
technique algorithm;

T is atime;
¢ is a counter of the number of clusters;

FCM is a fuzzy classifier means algorithm; RP( ny, ”2) is a red color component;
DISMEA is a divisive hierarchical clustering algo- )
rithm that uses the k-means algorithm to subdivide a clus- GP (”l > ”2) is a green color component;

ter into two;

DIANA is a divisive analysis algorithm;

DBSCAN is a density-based spatial clustering of ap- n; is a line number of the training template;
plications with noise algorithm;

OPTICS is an ordering points to identify the clustering
structure algorithm.

© Fedorov E. E., Khramova-Baranova O. L, Utkina T. Yu., Galytska H. V., Nesen I. O., 2026
DOI 10.15588/1607-3274-2026-2-14 OFEN (o) ACCESS

BP(ny,ny) is a blue color component;

ny is a column number of the training template;
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M, 1is an end of the current row of the training tem-
plate;

M, is an end of the current column of the training
template;

A is a quantization step;

k is a color number;

rp(ny, ny) is a quantized red color component;

gp(m, ny) is a quantized red color component;

bp(ny, ny) is a quantized red color component;

(rpO, 2p0, pr) is a background color;

E is a set of quantized colors of the training template;

d (m) is a counter of the number of appearances of
colors;

m is a counter of the number of quantized colors;

M is a number of quantized colors;
q,, 1s a vector of color appearance probabilities;

€ is a normalized threshold.

R(ny, ny) is a red color component;
G(ny,ny) is a green color component;

B(ny, ny) is a blue color component;

ny is a row number of the image;

ny is a column number of the image;

Ny is an end of the current row of the image;
N, is an end of the current column of the image;
Oy (ny, ny) is a k -th binary image;

D is a size of Moore neighborhood of point;
M (ny, ny) is a point label matrix;

i is a current point of the image;

U.

i

is a neighborhood of the i -th point;

v is a first element from the set of neighborhood of
the 7 -th point S';

my, m, are coordinates of the v -th point in the image;

mod is a modulo division;

[ ] is an integer part of the number;
z(n) is a power vector of clusters;

p,, 1s a probability of appearance of clusters in a bi-
nary image;
v is a normalized threshold.

INTRODUCTION
The rapid development of information technology and
computing has led to qualitative changes in the ways vis-
ual information is processed, analyzed, and interpreted.
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Modern methods of digital signal processing and machine
learning have enabled the transition from manual and
semi-automatic image processing to fully automated
analysis systems capable of extracting informative ele-
ments, interpreting scenes, and making decisions in real
time.

Today, there are many areas of application where
color image analysis systems are widely used.

One such area is computer graphic design, where
fragments of existing images are often used to synthesize
new images. In this regard, the importance of developing
methods for accurate and rapid extraction of the required
elements from the source images is increasing [1-3].

Another area of application for visual data analysis is
the system for recognizing and understanding sign lan-
guage, used in human-machine interaction interfaces,
robotics, and communication tools for people with hear-
ing impairments.

Image analysis methods also play an important role in
biometric identification, which is aimed at solving the
problems of user authentication and access control to
software and hardware systems. Among the various bio-
metric approaches, facial recognition occupies a special
place as one of the most technologically accessible and
widespread forms [4-6].

In addition, considerable attention is paid to the appli-
cation of visual information analysis in military-technical
systems, in particular in the tasks of automatic detection
and recognition of ground targets for unmanned aerial
vehicles. In such systems, it is critically important to en-
sure high accuracy and speed of decision-making when
analyzing complex visual scenes.

Methods of automatic and automated image analysis
based on the integration of digital signal processing algo-
rithms and machine learning technologies have undergone
particular development. These approaches not only allow
for the effective identification and classification of visual
objects, but also enable adaptation to changing observa-
tion conditions, noise, and variations in lighting.

The object of study is the process of analyzing color
images.

The subject of study is methods of analyzing color
images based on digital signal processing and machine
learning algorithms.

The purpose of the work to develop the method of
forming a set of quantized colors of the training template
and method for analyzing color images based on quantiza-
tion, binarization, clustering, and selection of the most
priority clusters, ensuring increased accuracy and effi-
ciency in the selection of image elements.

To achieve this goal, the following tasks were set and
solved in the work:

1) to develop a technique for quantizing the three-
color components of the training template to reduce the
number of colors represented in the image and, accord-
ingly, reduce the computational complexity of subsequent

operations.
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2) to develop a technique for selecting the most im-
portant colors in the training template based on a prob-
abilistic assessment of their occurrence, aimed at improv-
ing the reliability of color feature extraction.

3) to develop a technique for quantizing the three-
color components of the original color image to reduce
the number of color clusters, which optimizes the process
of image element extraction and prevents the appearance
of redundant segments, as well as contributes to more
accurate segmentation and subsequent classification of
objects.

4) to create a technique for generating a binary image
based on a set of quantized colors from a training tem-
plate, which will allow the extraction of elements belong-
ing exclusively to specified color regions and prevent the
formation of false clusters associated with unspecified
colors.

5) to develop a technique for extracting binary image
elements based on binary image clustering, which is
aimed at improving the accuracy of object selection of
various shapes and sizes.

6) to develop a technique for selecting the most im-
portant elements of a binary image based on a probabilis-
tic assessment of cluster occurrence in order to identify
the most informative elements of the binary image and
improve the accuracy of the final analysis.

7) to conduct a numerical study of the effectiveness of
the proposed method and perform a comparative analysis
with traditional approaches.

1 PROBLEM STATEMENT
The problem of improving the efficiency of image
analysis based on clustering is represented as the problem
of finding such an ordered set of image elements

A =4, 4} in which

C

F=y

k=1

The problem of improving the efficiency of color im-

age analysis based on digital signal processing and ma-

chine learning lies in the need to ensure accurate and

rapid extraction of informative image elements with lim-
ited computing resources.

Thus, the task is formulated as a search for an ordered

time T, at

* . .
A —4; “—)mln and 7 — min.

set of image elements A = {Al* ,...,A:} extracted in time

C
T, for which the conditions F = Z
k=1

* .
A -4 “—)mln,

T — min and ¢ — min are satisfied.

That is, it is necessary to develop a method of analysis
that minimizes the error of image element extraction
while limiting the execution time and the number of clus-
ters in order to further reduce the volume of computa-
tional operations.
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2 REVIEW OF THE LITERATURE

Modern methods of automatic and automated image
analysis and synthesis are largely determined by the effi-
ciency of the stage of extracting informative image ele-
ments. Various digital processing methods are used to
solve this problem, including quantization, binarization,
clustering, and algorithms for selecting priority colors and
clusters, which significantly reduce the computational
complexity of subsequent operations and improve the
accuracy of analysis.

Image binarization methods. Binarization is one of the
key stages of image preprocessing, ensuring the separa-
tion of the background and objects of interest. The most
common approaches to binarization are [7]:

— methods for automatically selecting a single-level
global threshold, such as the Otsu method [8];

— methods for automatically selecting a single-level
local threshold, including the approaches of Eikwall,
Bernsen, Sauvola, Niblack, and Christian [9].

Despite their widespread use, these methods have a
number of limitations:

— insufficient binarization accuracy under uneven
lighting;

— high computational complexity when determining
the threshold value;

— the need to select additional parameters.

In this regard, an urgent scientific and practical task is
to develop a binarization method that improves accuracy
while reducing computational costs and eliminating the
need for manual parameter adjustment.

Image segmentation methods. Image segmentation is a
central stage in the analysis of visual information and is
aimed at dividing an image into regions that are homoge-
neous in terms of certain characteristics. The following
approaches are used in practice [7]:

— use of Markov random fields [10];

— regional methods (growth, division and merging of
regions, watershed) [11];

— methods for extracting boundaries based on intensity
gradients or color differences [12];

— clustering methods [13];

— methods based on solving partial differential equa-
tions [14];

— histogram approaches [15];

— graph methods [16];

— variational methods [17].

Among the approaches listed, clustering methods have
found the widest application, providing a balance between
versatility, accuracy, and computational complexity.

Clustering methods. Classical approaches to clustering
can be divided into several groups:

1. Model-based methods (model mixture), based on
probabilistic data distribution models, such as the EM

algorithm [18].
OPEN a ACCESS
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2. Partitioning/center-based =~ methods,  including
k-means [19], PAM (k-medoids) [19], ISODATA [20],
and FCM [21] algorithms.

3. Hierarchical methods, which are divided into:

— divisive (top-down) — DISMEA, DIANA [22];

— agglomerative (bottom-up)— Vard, centroid, com-
plete, single linkage, and group average methods [23].

4. Density-based methods, such as DBSCAN [24] and
OPTICS [25].

5. Methods based on artificial neural networks [26]
and genetic algorithms [27].

Despite the variety of approaches, most of them have
a number of limitations:

— high computational complexity;

— the need to predefine the number of clusters and al-
gorithm parameters;

— low resistance to noise and outliers;

— limitations on the shape and size of the extracted
clusters.

These shortcomings necessitate the development of
new clustering methods capable of automatically adapting
to the data structure, identifying noise elements, and
forming clusters of arbitrary shape without specifying
their number in advance.

Methods for improving clustering efficiency. One way
to improve computational efficiency is to pre-quantize the
color components of an image and then binarize it, which
significantly reduces the dimension of the color space and
the number of pixels analyzed [28-30]. These operations
form the basis for the next stage of clustering, ensuring
increased speed and stability of algorithms while preserv-
ing the informativeness of the data.

3 MATERIALS AND METHODS

The method proposed by the authors in their previous
work [31] is effective for images with a small number of
sharply contrasting colors.

This paper proposes an approach for more complex
images, which may produce inaccurate segmentation
when converted to grayscale. Before analyzing an image,
this work requires the operator to specify a training tem-
plate. Since this template may contain small unwanted
artifacts and be large in size with a small number of in-
formative colors, this work proposes to first create a set of
quantized colors for the training template.

1 The method of forming a set of quantized colors
of the training template includes four stages:

— the first stage corresponds to the technique of reduc-
ing the colors of the training template;

— the second stage corresponds to the technique of
creating the initial set of quantized colors of the training
template;

— the third stage corresponds to the technique of calcu-
lating the probabilities of colors appearing in the quan-
tized color training template;
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— fourth stage corresponds to the technique of select-
ing the most priority colors in the quantized training tem-
plate.

Stage 1.1 The technique of quantization of a color
training template based on three color components

1. Set the color training template RP(nj,n,),
GP(ny, nz), BP(ny,ny), mel,My, nyel,M,. Set
the quantization step A .

2. Set the row number of the training template n; =1.

3. Set the
template n, =1.

column number of the training

4. Set the color number k =1.
5. IfkA—ASRP(nl,nz)/\RP(nl,n2)<kA,
then rp (ny, ny ) =kA—A/2.

6. If not the last color, i.e. £ <256/A, then increase
the color number, i.e. k =k+1 , then go to step 5.

7. If RP (nl,n2)=255,
p (nl,n2)=256—A/2.

then

8. Set the color number £ =1.
9. IfkA—ASGP(nl,nz)/\GP(nl,nz)<kA,
then gp (), ny)=kA-A/2.

10. If not the last color, i.e. £ <256/A, then increase
the color number, i.e. k =k +1, then go to step 9.
11.1f GP (ny,ny) =255,

gp (m,ny)=256-A/2.

then

12. Set the color number £ =1.
13.1f kA—ASBP(nl,nz)ABP(nl,n2)<kA,
then bp (n), ny ) =kA—A/2.

14. If not the last color, i.e. k£ <256/A, then increase
the color number, i.e. k =k+1 , then go to step 13.
15.1f BP(nl,nz):ZSS,
bp (ny,ny)=256-A/2.

then

16.1f not the end of the current row of the training
template, i.e. n, <M, , then increase the column number

of the current row, i.e. n, =n, +1, then go to step 4.

17.1f not the last row of the training template,
i.e. m <My, then increase the row number of the current

row, i.e. n =n; +1, then go to step 3.

Stage 1.2 The technique of formation of the initial
set of quantized colors of the training template

1. Set the quantized color training
plate rp(my,ny), gp(m.m), bp(m.,ny), mel My,
ny el, M, . Set the background color (rp0, gp0, bp0).

OPEN a ACCESS
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Define the set of quantized colors of the training tem-
plate E=O .

2. Set the row number of the training template n; =1.

3. Set the column number of the training tem-
plate n, =1.

4. If the color of the training template dot does not
match the background color, ie.
rp (nl, nz);t rp0v gp (nl,nz);t gp0v bp (nl,nz);tbpo,
then include the dot color in the set of
quantized  colors of the training  template

E=EU{(RP(m,ny),GP (n,ny),BP (n,m))} .

5. If not the end of the current row of the training
template, i.e. 7y, <M, , then increase the column number
of the current row, i.e. ny =n, +1, then go to step 4.

6. If not the last row of the training template,
i.e. n <M, then increase the row number of the current
row, i.e. ny =n +1, then go to step 3.

Stage 1.3 The technique of calculating the prob-
abilities of colors appearing in a quantized color train-
ing template

1. Set the quantized
rp(”l’ nz)ﬂgp(nlv nz)’bp(nlz n2) 5
ny €1, M, . Define the set of quantized colors of the

color training template

nlel,Ml,

training template E = {(er,,,eg,,,eb,,)}, mel, M . Set
the vector of the number of colors d(m)=0, mel, M .

2. Set the number of the element of the set of quan-
tized colors of the training template m =1.

3. Set the row number of the training template n; =1.

4. Set the column number of the training tem-
plate n, =1.

5. If the color of the training template dot does not
match the color of the set of
quantized colors of the training template, i.e.

rp (nl, nz): er, v gp (nl, nz): eg,, Vv bp (”1= nz): eb, ,
then increase the counter of the number of appearances of
colors, i.e. d(m)=d(m)+1.

6. If not the end of the current row of the training
template, i.e. 7y, <M, , then increase the column number
of the current row, i.e. ny =n, +1, then go to step 5.

7. If not the last row of the training template,
i.e. m <My, then increase the row number of the current
row, i.e. ny =n +1, then go to step 4.

8. Ifnot the last element of the set of quantized colors
of the training template, i.e. m <M,, then increase the
element number, i.e. m =m+1 , and proceed to step 3.

9. Calculate the probabilities of colors appearing in
the training template
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=——~2> mel,M.
MM,

Stage 1.4 The technique of selecting the most pri-
oritized colors in a quantized training template
1. Set the quantized color of the training template

(m,ny),  gp(m,ny), bp(n,ny), mel M,
ny €1, M, . Define the set of quantized colors of the
training template E = {(erm, eg,eb, )} , mel, M. Set

the vector of color appearance probabilities

dm
mel, M . Set the normalized threshold ¢.

2. Sort the set of quantized colors of the training
template in descending order of color appearance prob-
abilities.

3. Select colors whose probability of occurrence is
less than the threshold ¢, i.e. reduce the set of quantized
colors of the training template.

2 The method of analyzing a color image based on
clustering includes five stages:

— the first stage corresponds to the technique of reduc-
ing image colors;

— the second corresponds to the technique of creating a
binary image;

— the third stage corresponds to the technique of clus-
tering a binary image;

— the fourth stage corresponds to the technique calcu-
lating the probabilities of cluster points appearing in a
binary image;

— the fifth stage corresponds to the technique of select-
ing the most priority clusters in a binary image.

Stage 2.1 The technique of quantization of a color
image according to three color components

1. Set the color image R(n,ny), G(n,ny),

B(n,ny), mel, Ny, ny€l, N,. Set the quantization

step A.
2. Set the image row number n; =1.
3. Set the image column number 7, =1.
4. Set the color number k£ =1.
5. If kA—A<R(n,m)AR(n,ny) <kA, then

r(nl,n2)=kA—A/2.

6. If not the last color, i.e. £ <256/A, then increase
the color number, i.e. k =k+1, go to step 5.

7. If R(ny,ny) =255, then r(ny,ny)=256—A/2.
8. Set the color number £ =1.
9. If kA=A<G (n,my))AG (ny,my) <kA,

then g (ny,ny)=kA-A/2.

10. If not the last color, i.e. £ <256/A, then increase
the color number, i.e. k=k+1, go to step 9.
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11.If G(ny, ny) =255, then g (m,n,)=256—A/2.

12. Set the color number & =1.

13.1f kA=A<B(ny,ny)AB(ny,ny) <kA,
then b(n,my)=kA—-A/2.

14.If not the last color, i.e. k<256/A, then increase
the color number, i.e. k =k +1, go to step 13.

15.1f B(ny, ny) =255, then b(ny, ny)=256—A/2.

16.1f not the end of the current image row,
i.e. ny <N, , then increase the column number of the cur-
rent row, i.e. 1y =ny +1, go to step 4.

17.1f not the last image row, i.e. ny <N, then in-
crease the row number, i.e. 7 =n; +1, go to step 3.

Stage 2.2 The technique of creating a binary image

1. Define the set of quantized colors of the training
template E .

2. Binary image Q(ny,ny)=0, mel, Np,

ny € 1, N2 .
3. Set the image row number n; =1.

4. Set the image column number n, =1.

5. If (r(nl,nz),g(nl,nz),b(nl,nz))eE,
then Q(nl,n2)=l.

6. If not the end of the current image row,
i.e. ny <N, , then increase the column number of the cur-

rent row, i.e. n, =n, +1, go to step 5.
7. If not the last image row, i.e. ny <N; , then in-
crease the row number, i.e. 7 =n; +1, go to step 4.

Stage 2.3 The technique of clustering of a binary
image

1. Set the binary image O(ny,ny), mel, Ny,
ny €1, N, . Set the size of the Moore neighborhood of
point D. Set the point label matrix M (m,n,)=0,

mel,N;, nyel, N,. Set the cluster count counter
c=0.
2. Set the image row number n; =1.

3. Set the image column number n, =1.

4. Determine the current image point
number i =(n —1) Ny +n,.
5. If the i-th point is already labeled,

i.e. M (ny,ny)#0, then go to step 20.
6. Determine the neighborhood of the i -th point
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Ui,s :{€|Q(ll+l’ll,lz +n2)=l},
e:(ll +n1—1)N2 +[2 +n2, 11,12 E{ —1, 0,1 }

7. If not all neighbors of the i -th point fall within its
neighborhood, i.e. | Uie |< D , then mark the i -th point

as a random outlier or noise, i.e. M (n),ny)=~1, go to

step 20.

8. Increment the number counter of connected re-
gions, i.e. c=c+1.

9. Mark the 1i-th point as the c-th Ccluster,
ie. M(nl,nz):c.

10. Create the set S=U; .

11.Extract the first element from the set S,

i.e. v=s,, and remove it from the set S,i.e. S=5\{v}.

12. Determine the coordinates of the v -th point in the
image

my =vmod N, , m =[(v—m2)/N2].
13.1If the v -th point was marked as a random outlier
or noise, i.e. M (my, my)#—1, then mark it as the c¢-th
cluster, i.e. M (my, my)#c.

14.1f  the
i.e. M (my, my)# 0, then proceed to step 19.

v-th point is already marked,

15. Mark the v -th point, i.e. M(ml, my ) #C.
16. Determine the neighborhood of the v -th point

UV,S :{e|Q(ll+m1,lz +m2):l},
e=( ll+m1—1)N2+12+m2, 11,12 E{ —1,0,1}.

17.1f not all neighbors of the v -th point fall within its
neighborhood, i.e. | U, |< D , then proceed to step 19.

18. Combine the set S with the neighborhood of the
v-th point, i.e. S=SUU, ;.

19.1f the set S is not empty, i.e. | S |> 0, then pro-

ceed to step 11.
20.1f not the end of the current image row,
i.e. ny <N, , then increase the column number of the cur-

rent row, i.e. ny =n, +1, go to step 4.
21.If not the last image row, i.e. n, <N,, then in-
crease the row number, i.e. 7y =n; +1, and proceed to

step 3.

Stage 2.4 The technique of calculating the prob-
abilities of clusters appearing in a binary image
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1. Set the point label matrix M (n,ny), nyel, Ny,
=0,

n,el,N,. Set the cluster power vector z(n)

nel, c.
2. Set the image row number n; =1.
3. Set the image column number n, =1.

4. If a point belongs to a cluster, i.e. M (n),ny)>0,
then increase the cluster
Le. Z(M(nl, "y )) =z (M(nl, ny ))+l .

5. If not the end of the current image row,
i.e. ny <N, , then increase the column number of the cur-

power,

rent row, i.e. n, =ny +1, go to step 4.

6. If not the last image row, i.e. ny <N, then in-
crease the row number, i.e. ny =n; +1, and proceed to
step 3.

7. Calculate the probabilities of clusters appearing in
the binary image

z(n)
Z ZZ:Q(”la"z)

n=1n,=1

Py = ,nelc.

Stage 2.5 The technique of selecting the highest
priority clusters in a binary image

1. Set the point label matrix M (ny,ny), n el, Ny,

ny €1, N, . Set the vector of probabilities of cluster oc-

Figure 1 — Original image

For comparison, Fig. 3 shows a quantized grayscale
image. As can be seen in Fig. 3, the colors of the hands
and the T-shirt pattern are barely distinguishable, which
can create problems for subsequent segmentation. There-
fore, grayscale image quantization is not used in this
work.

In accordance with the second stage, a binary image is
created using the following set of quantized colors from
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currence in the binary image p,, ne 1,_c . Set the normal-
ized threshold vy .

2. Sort the set of cluster numbers in descending order
of the probabilities of cluster point occurrence, i.e., by
their power.

3. Select clusters whose probability of occurrence is
less than the threshold v .

4 EXPERIMENTS
A numerical study of the proposed method for analyz-
ing color images was conducted using the Matlab package
based on a sign language database.
In this work, the image Ny =637

and N, =423, the quantization step is A=16, and a

sizes are

Moore neighborhood of size 1< D <9 is used for white
points. The normalized thresholds are £=0.001 and
y=0.01.

5 RESULTS

In Fig. 1, the original color image is shown. The
stages of color image analysis based on clustering are
illustrated below.

In accordance with the first stage, Fig. 2 shows the
original image quantized with quantization step A =16,
i.e., the possible colors are 8, 24, 40, 56, 72, 88, 104, 120,
136, 152, 168, 184, 200, 216, 232, 248 for each of the
three color components R, G, B.

Figure 2 — The quantized color image with A =16

the training template £ = {(184, 120, 88), (184, 120,
104), (184, 120, 120), (184, 136, 104), (184, 136, 120),
(184, 136, 136), (184, 152, 136 (200, 120, 88), (200, 120,
104), (200, 120, 120), (200, 136, 88), (200, 136, 104),
(200, 136, 120), (200, 136, 136), (200, 152, 120), (200,
152, 136), (200, 168, 136), (200, 168, 152), (216, 136,
88), (216, 136, 104), (216, 136, 120), (216, 136, 136),
(216, 152, 88), (216, 152, 104), (216, 152, 120), (216,
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152, 136), (216, 168, 136), (216, 168, 152), (216, 184,
168), (232, 152, 88), (232, 152, 104), (232, 152, 120),
(232, 152, 136), (232, 168, 104), (232, 168, 120), (232,
168, 136), (232, 168, 152), (232, 184, 152), (232, 184,
168), (248, 168, 136), (248, 168, 152), (248, 184, 152),
(248, 184, 168)}. The power of set E =43. The quan-
tized colors that appeared in the training template with a
probability of at least e=0.001 were selected for set E .

In Fig. 4, the template is shown.

In Fig. 5, a, the binary image is presented. In addition
to large areas (hands, face, exposed neck and chest), there
are scattered areas.

In accordance with the third stage, the binary image is
clustered. In accordance with the fourth stage, the prob-

Figure 3 — The quantized grayscale image
with A=16

Figure 5 — The binary image
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abilities of clusters appearing in the binary image are cal-
culated. In accordance with the fifth stage, the most prior-
ity clusters are selected.

In Figs. 6-8, the highest priority clusters are shown
with their numbers n and the probability of clusters ap-
pearing in the binary image p, with the size of the Moore

neighborhood D =4.5. These clusters can be interpreted
semantically. Thus, the first cluster corresponds to human
hands, the second cluster corresponds to the face and ex-
posed area of the neck and chest, and the third cluster
corresponds to a separate area of the chest and is semanti-
cally related to the second cluster.

Figure 4 — Template

4

Figure 6 — The cluster n =1(D=4.5, p, = 0.4949)
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Figure 7 — The cluster n =2 (D=4.5, p, = 0.4625) Figure 8 — The cluster n =3 (D=4.5, p; =0.0170)

In Figs. 9—-10, a binary and color image is shown, ob-  of these clusters appearing in the binary image is not less
tained by combining three clusters (the probability of each  than y =0.01).

Figure 9 — The binary image of three clusters Figure 10 — The color image from three clusters

In Figs. 11-16, the most important clusters are shown ing in a binary image with a Moore neighborhood size.
with their numbers and the probability of clusters appear-  These clusters can also be interpreted semantically.

=]

Figure 11 — The cluster n =1 (D=9, p; =0.3195) Figure 12 — The cluster » =2 (D=9, p, =0.2530)
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Figure 13 — The cluster n =3 (D=9, p; = 0.2195) Figure 14 — The cluster n =4 (D=9, p; = 0.0522)
Figure 15 — The cluster n =2 (D=4.5, p, = 0.4625) Figure 16 — The cluster n =3 (D=4.5, p, =0.0170)
Thus, the first cluster corresponds to a person’s face, In Figs. 16-17, a binary and color image is shown, ob-

the second cluster corresponds to the right hand, the third  tained by combining six clusters (the probability of each
cluster corresponds to the left hand, and the fourth, fifth, of these clusters appearing in the binary image is not less
and sixth clusters correspond to a separate area of the than y=0.01).

neck and chest and are semantically related to the first

cluster.

Figure 17 — The binary image of six clusters Figure 18 — The color image from six clusters
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Calculate the number of white points in a binary
image

N,

1 2

N.
N:Z ZQ(nl,nz), N << Ny xN,.

n,=ln,=1

The results of comparing the proposed method of in-
telligent image analysis based on clustering with the exist-
ing DBSCAN method are presented in Table 1.

Table 1 — Comparison of the proposed image analysis method based on
clustering with the existing DBSCAN method

Accuracy Computational complexity
proposed existing proposed existing
0.98 0.80 N? (N, xN,)’
6 DISCUSSION artifacts and noise that arise when the operator forms the

One of the most well-known density-based clustering
methods, DBSCAN, is widely used to identify connected
regions in images. However, its use in analyzing color
images is accompanied by a number of limitations,
namely:

— the algorithm is characterized by high computational
complexity due to the need for sequential neighborhood
search for all image points;

— it does not guarantee accurate clustering based on
color characteristics, which reduces the selectivity of re-
gion extraction;

— with significant color diversity, the image may form
an excessive number of clusters, which complicates sub-
sequent interpretation;

—requires the specification of a neighborhood radius,
the incorrect selection of which significantly affects the
accuracy of clustering.

In view of these shortcomings, this paper proposes a
new method for analyzing color images that implements a
different principle of cluster formation. Unlike the tradi-
tional approach, where clustering is performed directly in
the color space of the original image, the developed
method uses clustering of the binary representation of the
image. At this stage, only white points are taken into ac-
count, which allows limiting the search for neighborhoods
to only significant elements and thus significantly reduc-
ing the computational complexity.

The proposed method includes preliminary quantiza-
tion of color components, followed by binarization of
quantized colors based on a training template containing
the most probable colors. This reduces the number of
unique color values and, accordingly, reduces the number
of clusters formed.

A feature of the developed method is the replacement
of the neighborhood radius with a logical check of the
pixel’s belonging to the white color, which increases the
accuracy of clustering and resistance to variations in the
color palette.

Additionally, an approach is proposed to use the train-
ing template not in its entirety, but only through the selec-
tion of quantized colors with the highest probability of
occurrence. This technique reduces the influence of minor
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template.

The use of normalized threshold values makes it pos-
sible to use probabilistic estimates of the occurrence of
quantized colors and clusters, which further improves the
accuracy of selecting informative image elements.

Thus, the developed method eliminates the key limita-
tions inherent in the traditional DBSCAN algorithm, pro-
viding increased accuracy and speed of image element
extraction.

The results of a comparative analysis (Table 1) con-
firm that the proposed method demonstrates high accu-
racy and performance compared to DBSCAN. According
to experimental data (Figs. 9-10, 17-18), the use of the
Moore neighborhood D =4.5 allows for more accurate
extraction of binary image elements with fewer clusters
formed, which further confirms the effectiveness of the
proposed approach.

CONCLUSIONS

The urgent task of improving the efficiency of color
image analysis methods has been successfully solved
through the development of a comprehensive approach
based on the use of digital signal processing algorithms
and machine learning methods.

The scientific novelty.

1. The method for analyzing color images has been
proposed, which is based on the integration of digital sig-
nal processing methods and machine learning algorithms,
thereby improving the accuracy and speed of extracting
informative elements from images. It is based on the se-
quential application of several interrelated techniques,
each of which is aimed at optimizing individual stages of
analysis and preliminary data processing.

2. The technique for quantizing the three-color com-
ponents of a training template to reduce the number of
colors represented and, accordingly, reduce the computa-
tional complexity of subsequent operations. By reducing
the number of color combinations analyzed, the speed of
binary image formation is increased without a significant
loss of information.

3. The technique for selecting the most priority colors
of the training template based on a probabilistic assess-
ment of their occurrence, which is aimed at increasing the
reliability of color feature extraction. The use of a normal-

OPEN a ACCESS




p-ISSN 1607-3274 Pagioenexrponika, inpopmaTuka, ynpasiainss. 2026. Ne 2
e-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2026. Ne 2

ized threshold value allows for the adaptive selection of
colors with the highest probability of occurrence, which
increases the accuracy of the training template formation
and reduces the influence of insignificant color variations.

4. The technique for quantizing the three-color com-
ponents of the original color image by reducing the num-
ber of color clusters, which optimizes the process of im-
age element selection, prevents the appearance of redun-
dant segments, and contributes to more accurate segmen-
tation and subsequent classification of objects.

5. The technique for creating a binary image based on
a set of quantized colors from a training template. As a
result of its application, the image contains only the most
probable colors, which improves the accuracy of subse-
quent clustering. This limitation of the color space en-
sures the extraction of elements belonging exclusively to
the specified color areas and prevents the formation of
false clusters associated with unspecified colors.

6. The technique of extracting binary image elements
based on clustering is aimed at improving the accuracy of
selecting objects of various shapes and sizes. A distinctive
feature of this approach is an improved mechanism for
forming point neighborhoods: inclusion in the neighbor-
hood is carried out by checking only the nearest white
points, which eliminates the need for empirical specifica-
tion of the neighborhood radius. This also ensures the
elimination of random noise emissions (clusters of mini-
mum power) and automatic determination of the number
of elements to be extracted, which increases the overall
efficiency of the analysis.

7. The technique for selecting the most important ele-
ments of a binary image is based on a probabilistic as-
sessment of the frequency of cluster occurrence. The use
of a normalized threshold allows for the objective selec-
tion of the most informative elements of a binary image,
thereby increasing the accuracy of the final analysis.

The comprehensive application of the above
techniques provide a highly effective method for analyz-
ing color images, capable of adaptively processing com-
plex visual scenes, minimizing computational costs, and
increasing the reliability of structural element extraction
through the coordinated use of digital signal processing
and machine learning tools.

The practical significance. The developed approach
expands the capabilities of color image analysis through
the comprehensive application of quantization, training
template-based binarization, clustering, and selection of
the most significant clusters. The proposed method im-
proves the efficiency of computer systems for image
analysis and synthesis, ensuring more accurate, faster, and
more stable extraction of informative elements from a
visual scene.

Prospects for further research. A promising direc-
tion is the application of the developed method to a
broader class of statistical analysis and machine learning
tasks, including automatic classification, segmentation,
and recognition of complex visual structures, as well as
integration with modern neural network architectures for
intelligent computer vision systems.

© Fedorov E. E., Khramova-Baranova O. L, Utkina T. Yu., Galytska H. V., Nesen 1. O., 2026

DOI 10.15588/1607-3274-2026-2-14

ACKNOWLEDGEMENTS

The studies were carried out in accordance with the
priority direction of the development of science and tech-
nology in Ukraine “Information and Communication
Technologies” and contain some results of the state scien-
tific research project “Development of Models and Meth-
ods of Biometric Human Identification” (state registration
number 0119U002860).

DECLARATIONS

Conflict of interest: The authors declare that they
have no conflict of interest in relation to this research,
whether financial, personal, authorship, or otherwise, that
could affect the research and its results presented in this
paper.

Authors’ contributions: Fedorov Eugene: technique
for quantizing the three-color components of the training
template and technique for quantizing the three-color
components of the original color image; Khramova-
Baranova Olena: technique for selecting the most impor-
tant colors in the training template and technique for se-
lecting the most important elements of a binary image;
Utkina Tetyana: technique for extracting binary image
elements; Galytska Helen: technique for generating a bi-
nary image; Nesen Ivan: numerical study of the effective-
ness of the proposed method and perform a comparative
analysis with traditional approaches.

Data availability: The manuscript has associated
data in a data repository https://github.com/fedorovee75/
ArticleAnalysingColorlmages/.

Software availability: The manuscript has no associ-
ated software.

Use of artificial intelligence tools: The authors con-
firm that they did not use artificial intelligence technolo-
gies in creating the submitted work.

REFERENCES

1. Song X. The Application of Computer Post-Processing
Technique in the Abstract Photography Art Expression.
2015 International Conference on Education Technology,
Management and Humanities Science (ETMHS 2015),
Shaanxi, China, 21-22 March 2015. Paris, France, 2015,
pp. 1340-1343. DOI: 10.2991/etmhs-15.2015.296

2. Xu T. B., Kalantari S. Visual Flow-Based Programming
Plugin for Brain-Computer Interface in Computer-Aided
Design. Automation in Construction, 2024, Vol. 166,
P. 105610. DOI: 10.1016/j.autcon.2024.105610

3. Khramova-Baranova O. L., Kudrevich V. V., Baranov H.,
Zvonkova H. Emergence and Evolution of Computer Design
in Ukraine and the World. 2023 I[EEE International Confer-
ence on Information and Telecommunication Technologies
and Radio Electronics (UkrMiCo). Kyiv, Ukraine, 13-18
November 2023, pp- 364-368. DOLI:
10.1109/UkrMiCo061577.2023.10380346

4. LiS.Z. ed. By, Jain A. K. Handbook of Face Recognition.
London, Springer, 2011, 699 p. DOI: 10.1007/978-0-85729-
932-1

5. Karapetyan A., Fedorov E., Miroshkina I., Palahina O.,
Nesterenko A. Human Age Recognition Method Based on
Facial Images Using an Ensemble of Neural Network Clas-
sifiers. Lecture Notes on Data Engineering and Communica-

OPEN a ACCESS




p-ISSN 1607-3274 PagioenexrpoHika, iHpopmaTuka, ynpasainss. 2026. Ne 2
e-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2026. Ne 2

10.

11.

12.

13.

14.

15.

16.

17.

18.

© Fedorov E. E., Khramova-Baranova O. L, Utkina T. Yu., Galytska H. V., Nesen I. O., 2026

tions Technologies. Cham, 2024, pp. 143-155. DOL
10.1007/978-3-031-71804-5 10

Alves V., Santos J. M. dos, Pinto E., Ferreira I. M. P. L. V.
O., Lima V. A., Felsner M. L. Digital Image Processing
Combined with Machine Learning: A New Strategy for
Brown Sugar Classification. Microchemical Journal, 2023,
P. 109604. DOI: 10.1016/j.microc.2023.109604

Simdo C., Nascimento J. E. de Melo, Arnaut de Toledo V.
de Alencar , Lima V. A. de, Felsner M. L. Digital Image
Processing Combined with Machine Learning: A Novel Ap-
proach for Bee Pollen Classification. Food Research Inter-
national, 2025, P. 116399. DOLI:
10.1016/j.foodres.2025.116399

Bow S. T. (eds) Pattern Recognition and Image Preprocess-
ing 2nd ed. CRC Press, 2002, 720 p.
DOI: 10.1201/9780203903896

Gonzalez R., Woods R. Digital Image Processing ; 4th ed.
Pearson International, 2017, 1024 p- URL:
https://elibrary.pearson.de/book/99.150005/9781292223070
Geman S., Geman D. Stochastic Relaxation, Gibbs Distribu-
tions and Bayesian Restoration of Images. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 1984,
Vol. 6, Issue 6, pp- 721-741.URL:
http://image.diku.dk/imagecanon/material/GemanPAMI84.p
df

Ballard D. H., Brown C. M. Computer Vision, Prentice-
Hall, 1982, 523 p- URL:
http://homepages.inf.ed.ac.uk/rbf/ BOOKS/BANDB/Ballard
_ D. and Brown_C. M. 1982 Computer Vision.pdf
Martin D. R., Fowlkes C. C., Malik J. Learning to Detect
Natural Image Boundaries using Local Brightness, Color,
and Texture Cues. |IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2004, Vol. 26, no. 5, pp. 530-
549. DOI: 10.1109/TPAMI.2004.1273918

Dorin C., Meer P. Mean Shift: A Robust Approach toward
Feature Space Analysis. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2002,
Vol. 24, Issue 5, pp. 603-619. URL: https://courses.
csail.mit.edu/6.869/handouts/PAMIMeanshift.pdf

Kass M., Witkin A., Terzopoulos D. Snakes: Active Contour
Models. International Journal of Computer Vision, 1988,
Vol. 1, Issue 4, pp- 321-331.URL:
http://www.cs.ait.ac.th/~mdailey/cvreadings/Kass-
Snakes.pdf

Shapiro L. G., Stockman G. C. Computer Vision. New Jer-
sey, Prentice-Hall, 2001, pp. 279-325. URL:
https://cdn.preterhuman.net/texts/science_and technology/ar
tificial_intelligence/Computer%20Vision%20-
%20Linda%?20Shapiro.pdf

Wu Z., Leahy R. An Optimal Graph Theoretic Approach to
Data Clustering: Theory and its Application to Image Seg-
mentation. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 1993, Vol. 15, Issue 11, pp. 1101-1113.
URL:
https://cse.sc.edu/~songwang/csce790/Suppl/WuLeahy.pdf
Chan T. F., Vese L. Active Contours without Edges. IEEE
Transactions on Image Processing, 2001, Vol. 10, Issue 2,
pp. 266-277. URL:
https://www.math.ucla.edu/~lvese/PAPERS/IEEEIP2001.pdf
Fu Z., Wang L. Color Image Segmentation Using Gaussian
Mixture Model and EM Algorithm. Multimedia and Signal

DOI 10.15588/1607-3274-2026-2-14

170

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Processing. Berlin, Heidelberg, 2012, pp. 61-66. DOIL:
10.1007/978-3-642-35286-7 9

Brusco M. J., Shireman E., Steinley D. A Comparison of
Latent Class, K-means, and K-median Methods for Cluster-
ing Dichotomous Data. Psychological Methods, 2017,
Vol. 22, Issue 3, pp. 563-580. DOI: 10.1037/met0000095
Ball G. H., Hall D. J. ISODATA, a Novel Method of Data
Analysis and Pattern Classification. Menlo Park, CA, Stan-
ford Research Institute, 1965, 79 p. URL:
https://apps.dtic.mil/sti/tr/pdf/AD0699616.pdf

Bezdek J. C. Pattern Recognition with Fuzzy Objective
Function Algorithms. Boston, MA, Springer US, 1981,
256 p. DOI: 10.1007/978-1-4757-0450-1

Aggarwal C. C., Reddy C. K..Data Clustering: Algorithms
and Applications. Boca Raton, FL, CRC Press, 2014, 620 p.
URL: https://people.cs.vt.edu/~reddy/papers/DCBOOK.pdf
Mirkin B. G. Clustering for Data Mining: A Data Recovery
Approach. Boca Raton, FL, CRC Press, 2005, 277 p. URL:
http://www.dcs.bbk.ac.uk/~mirkin/papers/n.pdf

Ester M., Kriegel H.-P., Sander J., Xu X. A Density-based
Algorithm for Discovering Clusters in Large Spatial Data-
bases with Noise. Proceedings of the International Confer-
ence on Knowledge Discovery and Data Mining
(KDD’1996), 1996, pp- 226-231. URL:
https://www.aaai.org/Papers/KDD/1996/KDD96-037.pdf
Ankerst M., Breunig M. M., Kriegel H.-P., Sander J.
OPTICS: Ordering Points to Identify the Clustering Struc-
ture. Proceedings of ACM SIGMOD’99 Int. Conf. on Man-
agement of Data. Philadelphia PA, 1999, pp. 49-60.URL:
https://www.dbs.ifi.lmu.de/Publikationen/Papers/OPTICS.p
df

Fedorov E., Utkina T., Neskorodieva T. Intellectual Identifi-
cation Method of the Egg Development State Based on
Deep Neural Nets. Proceedings of International Conference
on Data Science and Applications. Singapore, 2023,
pp. 159-174. DOLI: 10.1007/978-981-19-6634-7 12
Shamshiri S., Liu H., Sohn I. Adversarial Robust Image
Processing in Medical Digital Twin. Information Fusion,
2024, P. 102728. DOI: 10.1016/j.inffus.2024.102728
Bannore V. Iterative-Interpolation Super-Resolution Image
Reconstruction. A Computationally Efficient Technique.
Berlin, Heidelberg, Springer Berlin Heidelberg, 2009, 113 p.
DOI: 10.1007/978-3-642-00385-1

Hidayat E. Y., Hastuti Kh., Muda A. K. Artificial Intelli-
gence in Digital Image Processing: A Bibliometric Analysis.
Intelligent Systems with Applications, 2024, P. 200466.
DOI: 10.1016/j.iswa.2024.200466

Chauhan S., Saini P., Sofat S. Brain Tissue Segmentation
from MRI Scans using Digital Image Processing. Procedia
Computer Science, 2025, Vol. 260, pp. 32-39. DOI:
10.1016/j.procs.2025.03.174

Fedorov E. E., Khramova-Baranova O. L., Utkina T. Y.,
Kozhushko R. Y., Nesen I. O. The Intellectual Analysis
Method of Color Images. Radio Electronics, Computer Sci-
ence, Control, 2025, no. 2, pp. 45-55. DOI: 10.15588/1607-
3274-2025-2-4

Received 08.12.2025.
Accepted 13.04.2026.
Published 26.06.2026.

OPEN a ACCESS




p-ISSN 1607-3274 Pagioenexrponika, inpopmaTuka, ynpasiainss. 2026. Ne 2
e-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2026. Ne 2

YK 004.93

METOA AHAJI3Y KOJbOPOBUX 30BPA’KEHb HA OCHOBI
IAD®POBOI OBPOBKHU CUTHAJIY TA MAIIIMHHOT O HABYAHHSI

®enopos €. €. — 1-p TexH. Hayk, npodecop, npodecop Kadeapy CTATUCTHKH Ta MPUKIAJHOT MaTeMaTHKH YepKachbKoro Jepika-
BHOTO TEXHOJIOTIYHOTO yHiBepcutery, Uepkacu, Ykpaina. ROR: https://ror.org/01m54ds80. ORCID: https://orcid.org/0000-0003-
3841-7373.

XpamoBa-bapanoBa O. JI. — 1-p ict. Hayk, npogecop, 3aBigyBauka kadenpu rpadigHoro 1u3aifHy, MoIu Ta CTIIO YepKacbKo-
r0 JAep’KaBHOTO TEXHOJIOTIYHOTO yHiBepcuteTy, Uepkacu, Ykpaina. ROR: https://ror.org/01m54ds80. ORCID: https://orcid.org/0000-
0002-3811-7701.

Vrkina T. FO. — xaHz. TexH. HayK, JOLEHT, JOLUCHT Kadeapr poOOTOTEXHIKH Ta Crieliali3oBaHuX KOMII'FOTEpHUX cucteM Yep-
KacbKOro  JEp)KaBHOTO  TEXHOJIOTiYHOro  yHiBepcutery,  Uepkacu,  Ykpaima. = ROR:  https://ror.org/01m54ds80.
ORCID: https://orcid.org/0000-0002-6614-4133.

lannueka O. B. — crapumii Bukiagau kadeapu rpadivyHoro nusaiiHy, MOAM Ta CTUII0 YepKachbKOro Jep>KaBHOIO TEXHOJIOTiY-
Horo yHiBepcutery, Uepkacu, Ykpaina. ROR: https:/ror.org/01m54ds80. ORCID: https://orcid.org/0009-0009-5451-9178.

Hecen L. O. — kana. TexH. HayK, JOIECHT KadeapH imKeHepii Ta aBapiifHO-pATyBaIbHOTO 001agHaHHsS HaByanpHO-HAYKOBOTO iH-
CTUTYTy OTEPAaTHBHO-PIATYBAJbHUAX CHI UepKachKOro iHCTUTYTY MOXKEKHOI Oe3nexu imeHi ['epois HopHoOuns HamioHansHOTO yHi-
BEPCHUTETY IUBUIBHOTO 3aXHUCTy YKpaiHH, Maiop CIIyk0M IIUBLIBHOTO 3axHCcTy, Yepkacu, Ykpaina. ROR: https://ror.org/039wqxn34.
ORCID: https://orcid.org/0000-0001-5847-4805.

AHOTAIIIA

AKTyaJIbHiCTB. B ocTaHHI IeCATUIIITTS CIOCTEPIraeThCst CTPIMKHUI PO3BUTOK TEXHOJIOTIH 1IM(poBoi 00pOOKH CHTHAIIIB 1 METO/IIB
LITYYHOTO 1HTENEKTY, 10 3HAYHO PO3LIMPUIIO MOXKJIMBOCTI aHawi3y Ta iHTeprperaii BidyansHol iHpopmaii. Konsopose 300paxen-
HS, SIK CKJIQJHUH 0araTOBUMIPHHI CHTHAJ, MICTHTh JaHi PO FE€OMETPHYHI, CIIEKTPalbHI Ta TEKCTYPHI XapaKTEePHCTHKU 00 €KTIB.
EdextuBHA 00p0o0OKa TaKMX JAaHWX BHMarae iHTErpallii MeToliB (iapTpalii, CEerMEeHTAalii Ta MEPEeTBOPEHHS CUTHATIB 3 aJrOPUTMaMU
MAIIMHHOTO HAaBYaHHS ISl BIJIy4YEHHS [IPHXOBAHNX 3aKOHOMIPHOCTEH 1 BUCOKOPIBHEBHX O3HAK.

MeTo10 poOOTH € CTBOPEHHS METOIy aHaNi3y KOJILOPOBOTO 300pa’keHHs Ha OCHOBI KBaHTYBaHH, OiHapu3alii, kiacrepusanii Ta
BHOOPY NPIOPUTETHHX KIACTEPIB.

MeTon. 3anpornoHOBaHUI METO/ MOEAHYE IM(POBY OOpPOOKY CHUTHANIB i MAllMHHE HABYAHHS JUISA IiJBUINCHHS TOYHOCTI Ta
LIBHKOCTI BIJIy4eHHs iHQOPMATHBHMX €lIEeMEHTIB. BiH BKItouae aeKkinbka B3a€MOIIOB’I3aHUX METOJHK: KBAaHTYBaHHS TPHOX KOJIp-
HUX KOMIIOHEHTIB HaBYAJIBHOIO LIA0JIOHY 3HIDKYE KUIbKICTh MEpeBipeHUX KOJBOPIB 1 mpucKopioe (GopmyBaHHs OiHapHOro 300pa-
JKEHHST; BiOip HAMOLIBII MPIOPUTETHUX KOJBHOPIB HABYAIHHOIO IIA0JIIOHY Ha OCHOBI HMOBIPHOCTI MOSIBU 3 HOPMOBAaHHUM IOPOTOM,
[0 TiJBHUINY€ TOYHICTh BUIUICHHS 3HAYYIIUX O3HAK; KBAHTYBAaHHS TPHOX KOJIPHHX KOMIOHEHTIB BHUXIZHOTO KOJBEOPOBOTO 300pa-
JKeHHSI, 110 ONTHUMI3y€e CETMEHTAIIIIO 1 3am00irae HaUIMIIKOBUM KJIACTEpaM; CTBOPEHHs OiHAPHOTO 300pakeHHsI Ha OCHOBI MHOKHHU
KBAaHTOBAaHHX KOJIbOPIB HABYAILHOTO IIA0IOHY, 0 BUKJIIOYA€ IIOMUIIKOBI KJIACTEPH 1 MiJ[BUINYE TOUHICTD KJIACTEPU3allii; BIITYYCHHS
eJIEMEHTIB OiHapHOTO 300paXKeHHS Ha OCHOBI KJIacTepHU3alil 3 IIepeBipKOI0 OKOJHIb TIIBKH OLINX TOYOK, IO yCyBAaE IIyM, JO3BOJISIE
BUJIUIATH €JIEMEHTH Pi3HOI (OpMHM i aBTOMAaTHYHO BM3HAYATH X KiJIbKIiCTh; BHOOPY HAHOLIBII NPIOPUTETHUX €JIEMEHTIB OiHApHOTO
300pa)keHHs 3 IMOBIPHICHOIO OLIIHKOIO, II0 MiJIBHIYE JOCTOBIPHICTh aHAII3Y.

PesyabTaT. Metos peanizoBanuii B Matlab i nepesipenuit Ha crewianizoBaniii 06a3i qanux. [IopiBHSIHHS 3 TpaAULIHHUMHE TiJ-
XO/IaMH TTOKa3aJI0 Ii/IBUICHHS TOYHOCTI Ta CTIHKOCTI BHJIyYSHHs €IEMEHTIB IPH CKOPOUYCHHI Yacy 0OpoOKH 3a paXyHOK OonTuMizamil
KUTBKOCTI KOJBOPIB 1 BUKIIFOUEHHS HaUTNIIKOBUX KJIACTEPIB.

BucnoBku. KoMruiekcHe 3acTocyBaHHS KBaHTyBaHHS, OiHapu3aiii, Kjactepu3aiii Ta BUOOPY MPiOpUTETHUX €JIEMEHTIB 3a0e3Ie-
4ye TOYHUH, IIBUIKUH 1 aalTHBHUN aHAaJi3 KOJLOPOBHUX 300pakeHb. MeTo po3MHpIoe (QyHKIIOHAIBHI MOXKIMBOCTI CHCTEM 00pO-
Ok Bi3yasbHOI iH(OpMAIIT i MOXKE 3aCTOCOBYBATHCS JUIS 3aBJaHb CTATUCTHYHOIO aHAII3Y, IHTEIEKTYalIbHOI 00pOOKH 300paKeHb,
cerMeHTanii ta knacuikariii CKJIaHuX Bi3yaIbHUX CTPYKTYD.

KJIOYOBI CJIOBA: ananiz 300paxkeHb, HaBYaIbHUN I1a0JIOH, KBAaHTYBaHHs, OiHapu3allis, KiIacTepu3allis, MalIHMHHE
HaBYyaHHs, HU(ppoBa 06poOKa CUTHAIIIB.
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