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ABSTRACT

Context. The article addresses the problem of image similarity assessment based on the Fréchet distance metric and its modifica-
tions. In this context, images are approximated by polygonal curves. The problem arises from the need to quantitatively evaluate
image similarity for tasks such as image generation, clustering, and recognition. Quantitative assessment of the proximity of bio-
medical images supports decision-making in automated diagnostic systems. The object of the study is the process of image similarity
evaluation. The subject of the study is the Fréchet distance metric and its modifications.

Objective. To develop a method for determining the fuzzy discrete Fréchet distance, to evaluate the computational complexity of
the proposed method, to implement the algorithm for determining the fuzzy discrete Fréchet distance in software, and to conduct
computational experiments to evaluate the fuzzy discrete Fréchet distance between polygons.

Method. The article presents a method for determining the fuzzy discrete Fréchet distance based on the fuzzy Fréchet metric be-
tween polygonal curves. The fuzzy Fréchet metric is grounded in the classical Fréchet distance defined on the space of parameterized
curves. The required approximation for practical applications is achieved through the discretization of the fuzzy Fréchet metric. The
developed method estimates the fuzzy discrete Fréchet distance between polygonal curves by adapting the algorithm for computing
the classical discrete Fréchet distance.

Results. The computer experiments were conducted on a set of predefined regions approximated by polygonal curves. Based on
the proposed method, an algorithm was developed to evaluate the discrete fuzzy Fréchet distance. The developed algorithm exhibits
low computational complexity, equal to the product of the discretized segments of the polygonal curves: O(Cm-n). This enables the
estimation of the discrete Fréchet distance with a specified similarity threshold. The software implementation of the method is in-
tended to be integrated into an automatic medical diagnostic system.

Conclusions. The results obtained in the study allow recommending the developed method for evaluating image similarity based
on the fuzzy discrete Fréchet distance for broad application in computer vision systems, including image generation, clustering, and
recognition.

KEYWORDS: metric, fuzzy Fréchet metric, fuzzy discrete Fréchet metric, image, polygonal curves.

ABBREVIATIONS o(y,) is a polygonal approximations of yi;

MRI is a Magnetic Resonance Imaging;

RAM is a Random Access Memory;

GB is a gigabyte;

Java is a programming language;

OpenCV is an Open Source Computer Vision Library;
HDD is a Hard Disk Drive;

Windows is a Microsoft’s operating system;

Linux is a family of open-source operating systems;
MacOS is an Apple’s operating system;

OpenCV 3.0 is a version 3 of the OpenCV library;
Java8+ is a Java version 8 or higher;

intellijIDEA is an Integrated Development Environ-

ment.

NOMENCLATURE
X is a topological space;
(X, d) is a metric space;
C(X) is a set of parametric curves in X;
d (x, y) is a distance between points X and y;
| is a segment [0, 1];
H(1) is a group of homeomorphisms of the segment I;
Y1 1s a parametric curve;
Y2 is a parametric curve;
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o(y,) is a polygonal approximations of y,;
o, is an arbitrary continuous non-decreasing function

on the interval [0,1], such that a(0) =0 and a(1) = 1;

S is a parameter defined on the interval [0, 1];
de is a discrete Fréchet distance;
My is a fuzzy metric in the sense of George and

Veeramani;

ME is a fuzzy Fréchet metric;

MdE is a discrete fuzzy Fréchet metric;

t € (0; ) is a threshold parameter for fuzzy distance;

n is a number of segments of curve y;;

m is a number of segments of curve y,;

X is an independent variable;

Yy is an independent variable;

Z is an independent variable;

dC(X) is a set of discrete curves in X.

g is a number of segments of parameter t;

p is an index of curve pairs y; and y»;

L is a set of node-like (nodal) pairs of curves y; and v»;
k is a number of curve pairs y; and y,;

i, j are indices of the sequences of points of the pair of
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0,,0, < R* are convex regions;

00, 00, are boundaries of regions O},05;

O(dF) is a computational complexity of discrete Fré-
chet distance;

N is a fuzzy norm.

INTRODUCTION

At the low level, the input is an image. After applying
spatial and frequency filtering algorithms [1], as well as
edge enhancement algorithms, the output is an enhanced
image.

At the middle level, the input is the enhanced image,
and the output consists of segmented regions. Edge and
texture extraction procedures are applied to these seg-
ments. Upon describing the contours and textures, feature
vectors are obtained.

At the high level, the input data comprise contour and
texture feature vectors. The output of this level is a set of
class labels assigned to the input images.

Thus, for each level of computer vision processing, it
is necessary to quantitatively evaluate the quality of im-
age transformation algorithms.

Fuzzy metrics are commonly employed for these
tasks.

At the low level of image processing, a primary appli-
cation of fuzzy metrics is noise reduction. Nebojsa M.
Ralevi¢, Marija Paunovi¢, and Bratislav Iri¢anin intro-
duced the notions of fuzzy T-metrics and fuzzy S-metrics,
and demonstrated their application for image denoising
[2].

In another study [3], the authors presented examples
of fuzzy metrics in the sense of George and Veeramani,
and provided applications of such metrics in color image
processing.

In [4], fuzzy wavelets are introduced, which are em-
ployed in neural network training.

In [5], the notions of fuzzy T-metric and fuzzy S-
metric are connected with image quality indicators, and
the proposed approach is used for image filtering.

At the middle level, fuzzy metrics are typically ap-
plied for color image comparison, segmentation, and
skeletonization of images.

In [6], the notion of fuzzy colors and fuzzy color spac-
es is introduced and applied to color image comparison.
Authors S. Vinurajkumar and S. Anandhavelu applied
fuzzy metrics to the segmentation of MRI images [7]. In
[8], the notion of a fuzzy skeleton is introduced and ap-
plied for image comparison.

The high level of computer vision is concerned with
clustering and classification of images based on fuzzy
metrics.

In [9], fuzzy clustering procedures are described. In
[10], researchers utilize fuzzy metrics to estimate distance
measures when aligning a 3D skull model with facial pho-
tographs. The authors of [11] propose a novel fuzzy clus-
tering method, Fuzzy C-Ordered-Means, which performs
well on noisy data. In [12], an integrated clustering ap-
proach called Rough Fuzzy K-Modes is introduced. For
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fuzzy cluster optimization, simulated annealing and ran-
dom forest algorithms are applied. In [13], a fuzzy granu-
lation-degranulation criterion is proposed to evaluate the
quality of data separation. The authors of [14] used fuzzy
models to construct cascade classifiers that were applied
to biomedical image classification.

As the analysis of computer vision levels demon-
strates, the problem of image assessment using fuzzy met-
rics remains highly relevant.

The subject of the research is the process of deter-
mining the fuzzy discrete Fréchet distance between im-
ages.

The object of the research is fuzzy metrics.

The purpose of the research is to develop a method
for computing the fuzzy discrete Fréchet distance.

1 PROBLEM STATEMENT
Let (X,d) be a given metric space. Additionally, sup-
pose that two continuous parametric curves y; and vy, are
defined.
Then, the Fréchet distance between these curves is de-
fined as follows:

dr(Y1,72) =infsul;*{d(“/l(al(f))ﬁz(az(f)))},
te

where the infimum is taken over all reparameterizations
ay, op: [0,1] — [0,1].

Let the two continuous parametric curves y; and y, be
approximated by piecewise linear curves. Then we obtain
polygonal curves defined as:

G(Yl) = {Yl (1)’ Y1 (2)a Y1 (I’l)},
o(y2) = {v2(1), 12(2), ..., Y2 (m)}.

In [15], an analogue of the Fréchet distance in fuzzy
metric spaces was introduced. That paper considers both
monotonic and non-monotonic cases of the fuzzy Fréchet
distance Md(x, y, t). In [16], an algorithm was developed
for computing the discrete Fréchet distance dr. In [17],
the notion of the discrete fuzzy Fréchet metric Mdr was
introduced. That study proved that the Fréchet distance
between piecewise linear curves in fuzzy normed spaces
is equal to the discrete Fréchet distance between discrete
curves formed by their vertices.

Therefore, having the definition of the discrete fuzzy
Fréchet distance Mdf, it is necessary to develop a method
for computing this distance between polygonal curves.

2 REVIEW OF THE LITERATURE

The authors of present paper have developed metrics
for evaluating image quality at the middle level of com-
puter vision.

In [18], the application of classical metrics such as the
Hausdorff distance, the Fréchet distance, and their modi-
fications — Gromov-Fréchet [19] and Gromov-Hausdorff
distances — was analyzed in the context of image process-
ing tasks. The papers [20, 21] demonstrate applications of
the Fréchet distance between trees to image segmentation

problems.
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A number of studies are dedicated to theoretical as-
pects of fuzzy metrics. For example, [22] presents an al-
ternative approach to the notion of fuzzy metric spaces.
Dusan Repovs, Aleksandr Savchenko, and Mykhailo
Zarichnyi introduced a fuzzy metric on the space of prob-
ability measures, known as the fuzzy Prokhorov metric
[23]. In [24], the authors describe a Hausdorff-type fuzzy
metric space defined over the set of non-empty closed
subsets. This approach has found applications in computer
science.

Several publications are focused on improving algo-
rithms for computing the discrete Fréchet distance. In
[25], Omrit Filtse proposed a universal approximate sim-
plification for polygonal curves. Bringmann and Mulzer
[26] introduced an o-approximation algorithm for each
o €[1,n] with time complexity O(nlogn+n*/0). In [27], a
more efficient a-approximation algorithm was developed
with lower computational complexity. Tim Wylie and
Binhai Zhu [28] studied the subset chain matching prob-
lem for polygonal curves based on the discrete Fréchet
distance and proved that three variants of this problem are
NP-complete. In [29], the notion of a mean curve was
introduced, consisting of the vertices of input curves. The
authors aimed to minimize the maximum discrete Fréchet
distance to all input curves. In [30], an improved algo-
rithm was proposed for computing the Fréchet distance
between closed curves. In [31], the authors developed a
subquadratic algorithm for computing the discrete Fréchet
distance between two sequences of points in the plane.

The analysis of the literature confirms that the discrete
Fréchet distance is widely used in computer vision to
measure the distance between images. However, a signifi-
cant research gap remains in the development of a fuzzy
variant of the discrete Fréchet distance.

3 MATERIALS AND METHODS

Let X be an arbitrary set. A function d: X X X — R is
called a metric on X if, for all x, y, z € X, the following
conditions are satisfied [32]:

1) d (x, y) > 0 (non-negativity);

2) d(x,y)=0 if and only if x =y (identity of indis-

cernibles);

3)d (x,y) =d (y, x) (symmetry);

4)d (x,y) <d (x, z) + d (z, y) (triangle inequality).

If only conditions (2), (3), and (4) are satisfied, the
function is called a pseudometric. If only conditions (1),
(2), and (4) are satisfied, the function is called a quasimet-
ric.

Let (X, d) be a metric space. Let C(X) denote the set of
parametric curves y: [0, 1] — X in the space X.

Define H (1) as the set of non-decreasing continuous
self-maps of | that preserve the endpoints.

For two given continuous parametric curves
vi: | > X, i=1, 2, the Fréchet distance is defined as:

dp(1,7,) = inf sup {d (v1(0q (), 72(02 (1))} -
te

where the infimum is taken over all reparameterizations
oy, o € H ().
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It is known that the function dy is a metric on the set
C ).

n [17], the notion of a fuzzy Fréchet metric was in-
troduced.

The notion of a fuzzy metric uses the notion of a #-
norm, i.e. an associative, commutative, monotone, con-
tinuous operation *:[0,1]%[0,1]— [0,1], for which 1 is a
neutral element [33].

A function M: X x X x (0; o) —[0,1] is called a fuzzy
metric in the sense of George and Veeramani if the fol-
lowing conditions hold:

1) M(x, y, 1) > 0;

2) M(x, y, t) =1 for all > 0 if and only if x = y;

I Mx, y, £) = My, x, 1);

HMx, p, t) * M(y, z, £) <M(x, z, t +5);

5) the function M(x, y, —): [0,0) — [0, 1] is continu-
ous.

Given a metric d on the set X, define the function
My X x X x(0; 0) —[0,1]:

¢
M ;(x,y,t) =m-

This function is a fuzzy metric [32].
Let X be a (finite-dimensional) linear space R". A
fuzzy norm on X is a function

N: X x [0, 00) — [0, 1]

satisfying the following conditions [34]:

1) N (x,0)=0;

2) N (x, f) =1 if and only if x = 0;

3)N(x, £)=N(x, t/|]\]) forall £ >0, x e Xand A # 0;

4) N (x+y, t+5) > min{N (x, £), N (y, s) for all x,
veX,t,s>0;

5) lim N(x,t)=1.

t—

Each fuzzy norm N induces a fuzzy metric M on X
(under the min #-norm) via:

M(xsy: t)ZM(X—y, t);x3y€)(at€[0’ OO]

Moreover, any (classical) norm |||| on X induces a

fuzzy norm N, on X defined by the formula:

t
M0 =g M9 =9
i+

This fuzzy norm is called the standard fuzzy norm
[35].

In addition to the standard fuzzy norm, article [36]
considers a class of fuzzy norms generated by quasicon-
cave functions.

In the context of image recognition, the case n =2 is
of particular importance.

Let us consider two convex regions Oy, O, R% . TItis
known that the Hausdorff distance between O, and O, is
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equal to the Fréchet distance between their boundaries
004, 00, [37]. One of our results is an extension of this
equality to the case of fuzzy norms on R? and the fuzzy
Fréchet distance.

For functions v; (1), i=1, 2, and for any a € H (I), we

have: infM (y;(cx(s), v2(5).1)) > 0 and M (y1,72.0) > 0.
sel

Then, the following theorem holds:

Theorem. The function My is a fuzzy metric on the set
CX.

Let us now define a discrete curve in a fuzzy metric
space (X, M, f) as a mapping v: {1, 2, ... n} — X, where
n e N [33].

For n, (n € N), define a sequence of index pairs (i1, ),
(i2, J2), .-, (i, ji) of distinct points satisfying the follow-
ing conditions:

1) (i1, jn) = (1, 1;

2) (ixs i) = (n, n);

3) ipﬂ € {ips ipﬂ};

4) iq+1 € {iq, iq+1}.

Let the set of all such sequences be denoted by
C (n, m).

For discrete curves y;: {1,2,...n} > X, i=1,2,in a
fuzzy metric space, we consider a pair:

LeC (}’ll, I’lz), L= ((i],j]), (iz,jz), ey (ik,jk)), te (0, ).

Define:

1L, ] = min{M(y1(iy), v2(i,), ) [ p € {1, 2, ... k}}.

Then, the discrete fuzzy Fréchet distance is defined by

the formula: Mdg(y,,v5,t)= max ||L(t)||, which is
LeC(ny,ny)
defined over the set dC(X) of discrete curves in X.

Based on the introduced metrics — namely, the fuzzy
Fréchet metric and the fuzzy discrete Fréchet metric — a
method is developed for computing the fuzzy discrete
Fréchet distance between arbitrary polygonal curves.

The method consists of the following steps:

1) Given two arbitrary polygonal curves v,:[0,n]— X,

v, :[0,m]— X.

For each polygonal curve, define the corresponding
sequences:

0'(’Y|) = {Yl (1)7 Y1 (2)9 - Y1 (H)},
o(Y2) = {12(1), ¥2(2), ..., Y2 (m)}.

These sequences satisfy the conditions (1-4) defined

previously.
2) Define the parameter ¢ via a sequence:

O'(t) = {ll, b, ... tq}.
3) Construct the set L:

L=((i1, 1), (25 72)s +- > (it Ji))-

4) Compute the value:

||L: tH = mln{M(Yl(lp)v YZ(iP)’ tt{ |p € {13 2’ k}}
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5) Determine the fuzzy discrete Fréchet distance using
the formula:
Mdg(y1,v,,0)= max  ||L@0)|.
LeC(

ny,ny)

4 EXPERIMENTS

To conduct computational experiments, a method for
computing the fuzzy discrete Fréchet distance was im-
plemented in software.

For this purpose, a software module was developed in
Java using the OpenCV library. The minimum system
requirements are as follows: RAM — 1 GB; HDD — 100
GB; operating system — Windows, Linux, or macOS; pro-
gramming language — Java 8§ or higher; OpenCV library
version — 3.0; development environment — IntelliJ IDEA.

The dataset of polygonal curves consists of a set of
grayscale images with a resolution of 174x120 pixels.
During preprocessing, threshold segmentation is applied
to separate the background from the object. In the subse-
quent step, contours are extracted and approximated using
piecewise linear representations.

The threshold ¢ is implemented as a separate variable
and, depending on the computed Fréchet distance, the
result is displayed in the console in the appropriate for-
mat. The threshold ¢ is a dynamic variable and is entered
manually upon request by the program.

The pseudocode for computing the fuzzy discrete Fré-
chet distance Mdy is presented below:

Function Mdg(y,, y,, ©): real;

input polygonal sequence

o(yD={ri(1), 712, ... 11 (M)};

o(v2) = {2 (1), 2(2), ..., 2 (m)};

O(f) = {l], t, ... tq};

function dr (computation of the discrete Fréchet dis-
tance)

begin

if fdr < t;, then Mdp = dr
else Mdp =

end.

Pseudocode for computing the function dr is provided
in [16].

As stated in [16], the computational complexity of
calculating the discrete Fréchet distance is:

O(dr) = O(m - n).

When computing the fuzzy discrete Fréchet distance,
the parameter ¢ is evaluated, which defines the boundary
of the Fréchet distance.

Thus, the computational complexity of calculating the
fuzzy discrete Fréchet distance is:

O(Mdrp) = O(Cm - n),
where C is a constant.

5 RESULTS
Based on the developed software module for comput-
ing the fuzzy discrete Fréchet distance, computational
experiments were conducted between polygonal curves.
Table 1 presents the results of calculating the discrete
Fréchet distance between the given polygons.
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Table 1 — Polygons and the discrete Fréchet distance between them

Image 1 Image 2 Fréchet Distance
71.84
r B
130.86
» ¢
55.54
¢ O
36.06
> ¢
69.23
'

Table 2 presents the results of calculating the fuzzy discrete Fréchet distance for three specified threshold values: #,
t and 1.

Table 2 — Fuzzy discrete Fréchet distance for the specified threshold values #,, t,, 3
Experiment No Fuzzy Fréchet Distance Parameter ¢
=40 =70 =100
71.84 — —
117.27 - - —
130.86 —
55.54 —
36.06 +
67.18 —
69.23 —
46.52 —
46.04 -
50.21 -
69.23 -
46.40 -

+11
|

Y 1= ==l =S BN o AV BN DO Y

||+ ]
|
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Continuation of Table 1

13 35.22 + — —
14 48.79 - + -
15 80.95 — — +
16 70.57 - - +
17 64.14 + —
18 54.0 - + —
19 34.18 + - -
20 83.59 — — +
6 DISCUSSION The scientific novelty of the study lies in the devel-

The fuzzy Fréchet metric was developed in [15]. In
[16], a method and an efficient algorithm for computing
the discrete Fréchet distance with low computational
complexity were proposed. In the present work, a method
for computing the fuzzy discrete Fréchet distance is de-
veloped. Based on this method, an algorithm is con-
structed for calculating the fuzzy discrete Fréchet dis-
tance, which builds upon the classical discrete Fréchet
algorithm and also maintains low computational complex-
ity.

The evaluation of distance based on the fuzzy discrete
Fréchet metric (FDFM) makes it possible to identify ob-
jects that are within a specified threshold ¢.

Analysis of Table 1 shows that the discrete Fréchet
distance effectively estimates image similarity based on
contours: the smaller the distance value, the more similar
the image contours are, and vice versa.

Table 2 presents the values of the fuzzy discrete Fré-
chet distance for given thresholds ¢, which essentially
represent the fuzzy variant of the discrete Fréchet dis-
tance. Distance evaluation based on the fuzzy discrete
Fréchet distance enables the ranking and selection of im-
ages whose contour distances are less than or equal to a
specified threshold z.

CONCLUSIONS

In computer vision, there exists a fundamental prob-
lem of estimating image similarity. To address this chal-
lenge, various distance metrics are employed. Therefore,
the development of new metrics for measuring image
similarity remains a relevant and important research prob-
lem. Metrics for evaluating image similarity are typically
based on classical distances, such as the Fréchet distance
and the Hausdorff distance. The Fréchet distance is com-
monly used to assess the similarity between image con-
tours, whereas the Hausdorff distance is applied to evalu-
ate the proximity between image regions.

The authors have developed a number of metrics for
image distance estimation [18-20]. The current study
continues the research presented in [18—20] and builds
upon the previously proposed fuzzy Fréchet metrics [17,
19].

The developed method and algorithm for computing
the fuzzy discrete Fréchet distance allow the estimation of
discrete contour distances under a specified threshold.
This can be applied to image clustering and classification
tasks.
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opment of a method for evaluating the fuzzy discrete Fré-
chet distance.

The practical significance consists in the algorithmic
formulation and software implementation of the proposed
method, as well as in the performance of computer ex-
periments on a dataset of polygonal curves.

Directions for future research include the applica-
tion of the fuzzy discrete Fréchet distance for image clus-
tering problems, based on the proposed fuzzy discrete
metric.
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METO/] BUSHAUYEHHS HEYITKOI TUCKPETHOI BIIICTAHI ®PEIIE

Bepe3pknii O. M. — n-p TexH. Hayk, npodecop, npodecop kadeapu KOMII'IOTEpHOI iHkeHepii 3aXiZHOYKPaiHCHKOTO
HAIIOHAJILHOTO yHiBepcuTeTy, TepHomiib, YKpaina.

Bepe3bkuii M. O. — acmipanT Kadenpu KOMIT'IOTEpHOI iHkeHepil 3axXigHOYKpaiHCBKOTO HAaIiOHAJbHOTO YHIBEPCHUTETY,
Tepuomine, Ykpaina.

3apiunmii M. M. — 1-p ¢i3.-mar. Hayk, npodecop, npodecop kadeapu anreOpH, TOMOIOTII Ta OCHOB MaTeMaTHKU JIEBIBCHKOTO
HalliOHaJIBHOTO yHiBepcuTeTy imMeHi IBana dpanka, JIbBiB, Ykpaina.

AHOTAIIA

AKTyaJIbHiCTB. Y CTaTTi PO3MIISIHYTO NPOOJIeMy OLiHKK MOAIOHOCTI 300paskeHb Ha ocHOBI MeTpuku @Dpeie Ta ii Moaudikamiii.
IIpu oMy 300paxkeHHs alPOKCHMOBAHI MOJIrOHAIBHAMHI KpUBHMU. [Ipobnema oOymMoBiIeHa HEOOXiJHICTIO KUTBKICHO OLIHIOBATH
MoIiOHICTh 300pakeHb Ul 3aa4 TeHEPYBaHHs, KJacTepu3allii Ta po3mi3HaBaHHA 300pakeHb. KinpkicHa oLiHKa OMU3BKOCTI Oiome-
JMYHHUX 300paKeHb JONOMArae MmiITpuMyBaTH NPHUAHATTS PIlICHHS B CHCTEMax aBTOMATHYHOrO JiarHoctyBaHHs. O0’€KTOM 10Cii-
JDKSHHSI € IIPOoLieC OLIHKM MoAi0HOCTI 300paxeHs. [IpeameroM nocmimkenns € merpuka @perre ta i Mmoxudikarii.

MeTta podoTH — po3poOUTH METO BU3HAUYEHHS HEUIiTKOI AUCKpEeTHOI BincTani dperre, OLiHUTH 00UNCIIIOBAIBHY CKJIAIHICTD PO-
3p0o0JIEHOr0 METOMY, IPOrpaMHO pealli3yBaTH aJrOpUTM METOAY BH3HAUSHHsS HewiTkoi JuckperHoi Bincrani ®Ppemie Ta mpoBecTH
KOMIT FOTepHI eKCIIEPUMEHTH 3 BU3HAYCHHsI HEUITKOI AUCKPETHOI BifcTani dpelie MixK MOJiroHaMHu.

Meton. V crarTi po3pobieHo MeTO/ BU3HAYEHHs JIMCKPETHOI HewiTkoi Bigctani dpere, 1m0 6a3yeThcsi Ha HEUITKIH METpPHLI
®perre M MOJTIrOHATEHIMA KpHBUMH. B 0CHOBI HewiTkoi MeTpuku Pperre 1exuTs MeTprka Ppeire Ha MPOCTOpi MapaMeTpru3oBa-
HuX KpuBHX. [loTpiOHA 14 3aCTOCYBaHb alIPOKCHMAIIiS 334a€ThCS MPOLEAYPOI0 JHCKpeTU3alii HeuiTkoi MeTpuku Ppeme. Po3pob-
JICHHI METOJI OL[HIOE JUCKPETHY HEUIiTKY BificTanp ®pelie MiX IMOJIrOHAIbHUMH KPUBUMH HAa OCHOBI alrOpUTMY OOYMCIICHHS JHC-
kpetHOI Bifcrani Opemre.

PesyabTaTn. KoM'1oTepHi eKCIIEpUMEHTH TPOBOAMINCH Ha Habopi 3ajaHuX oOJlacTed, alpOKCHMOBAHUX IIOJIITOHAIBHUMHU
KpuBUMHU. Ha OCHOBI 3anpONOHOBaHOIO METOY PO3POOJICHO aITOPUTM OL[IHKU AUCKpEeTHOI HewiTKol Bixctani @pemnte. Po3pobnennit
AITOPUTM Ma€ HU3bKY OOYHCIIIOBAJbHY CKIIAQJHICTh, siKa piBHA JOOYTKY IHUCKPETH30BaHHX BiAPI3KiB IOJIrOHAIBHUX KPUBHX:
O(Cm - n). Lle mamno 3mory ouiHIOBaTH AUCKPETHY Bifctans Pperie i3 3aganuM noporom noaioxocti. [Iporpamua peasnizaiiis METOLy
Oyze iHTerpoBaHa B CHCTEMY aBTOMaTHYHOTO MEIUYHOTO JiarHOCTYBaHHS.

BucHoBku. OTpuMani pe3yibTaTH JOCHTIIKEHHS AO3BOJSIOTh PEKOMEHIYBAaTH PO3POOICHUI METOA OIIHKKA OIM3BKOCTI 300pa-
JKeHb Ha OCHOBI HEWiTKOi qucKpeTHOI Bifcrani dpemre B cucTeMax KOMII'IOTEPHOTO 30py AN MIMPOKOTO 3aCTOCYBAaHHS: TeHEPYBaH-
HSI, KJTacTepu3anii Ta po3Mi3HaBaHH 300pakKeHb.

KJIFOYOBI CJIOBA: merpuka, HeuiTka MeTpuka @perre, muckperHa Heditka Merpuka @perme, 300pakeHHs, IMOJIIrOHaIbHI
KpHBI.
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