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ABSTRACT

The study shows the need for express systems, in which it is necessary to perform the analysis of texture images in various
areas of diagnosis, for example, in medical express diagnostics of dermatologic disorders. Since the reliability of decision-making in
such systems depends on the quality of image segmentation, which, as a rule, have the nature of spectral-statistical textures, it is
advisable to develop methods for segmentation of such images and models for their presentation. A model of spectral-statistical
texture is proposed, which takes into account the random nature of changes in the field variations and quasi-harmonics. On its basis, a
vector-difference method of texture segmentation has been developed, which is based on the vector transformation of images of
spectral and statistical textures based on vector algebra. The stages of the vector-difference method are the following: an evaluation
of the spectral texture feature; an evaluation of the statistical texture feature; vector-difference transformation of texture images; a
boundary detection of the homogeneous regions. For each pixel of the image in the processing aperture, the features of the spectral
and statistical texture are evaluated. Statistical texture evaluation was performed by the quadratic-amplitude transformation. At the
stage of vector-difference transformation of texture images, a vector of features of each pixel of an image is constructed, the elements
of which are estimates of features of a spectral and statistical texture, and the modulus of the difference of two vectors is calculated.
At the stage of boundary detection of homogeneous regions, Canny method was applied. The developed vector-difference texture
segmentation method was applied both to model images of spectral-statistical texture and to texture images obtained in technical and
medical diagnostics systems, namely, for images of psoriasis disease and wear zones of cutting tools. To compare the segmentation
results, frequency-detector and amplitude-detector methods of texture segmentation were applied to these images. The quality of
segmentation of homogeneous textured regions was evaluated by the Pratt's criterion and by constructing a confusion matrix. The
research results showed that the developed vector-difference texture segmentation method has increased noise tolerance at a
sufficient processing speed.
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characterized by high efficiency and low resource
INTRODUCTION consumption alongside with high reliability of
diagnostic solutions. However, despite the need to
apply these systems in practice, their implementation
is very slow, insofar as the existing express
A ! diagnostic systems do not provide the efficiency for
some can be distinguished as ones making a practical needs, which is determined by the
diagnostic decision by analyzing the texture regions  refianjlity of diagnostic solutions and/or efficiency.
of images. It should be noted that there is a great Systems of computer visual patterns recognition
need for express systems using image understanding  for express diagnostic contain a number of
for the analysis of texture images in various areas of  traditional procedures such as image acquisition,
diagnostics, for example, in medical express preprocessing,  segmentation, identification,
diagnostics of dermatological disorders (psoriasis, classification [7]. It is noteworthy that the
eczema, atopic dermatitis) [1-4] and in technical segmentation procedure is one of the most important
express diagnostics of the quality of cutting tools [5- in SCVPR and affects the efficiency and
6]. Such systems are characterized by the necessity  responsiveness of the process. The purpose of
of peripheral computing, i.e. calculations must be texture segmentation when detecting texture-

performed  without using server processing homogeneous regions of images is to reduce the
amount of processed data. The matter of this

© Krylov V. N., Volkova N. P., 2020 procedure is to combine similar group of pixels into

Today, systems of computer visual patterns
recognition (SCVPR) are extensively used in a wide
class of intelligent diagnostic systems, among which
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segments based on one or more segmentation
features. The choice of a particular segmentation
method depends on the texture model. In this paper,
we consider two main types of textures - statistical
and spectral. The statistical texture is modeled as a
random field, at the boundaries of which its
numerical characteristics change. The spectral
texture is a linear combination of quasi-harmonic
oscillations. However, in practice, some images have
features that are inherent in statistical, spectral and
combined spectral-statistical models of textures.
These include, for example, images of
dermatological disorders (psoriasis), which are
analyzed in medical diagnostic systems, and images
of wear zones of cutting tools (CT), which are
analyzed in technical diagnostic systems. Textural
features of combined spectral-statistical textures
have both statistical and spectral character. In this
case, the methods of texture segmentation of spectral
and statistical textures do not provide the
segmentation quality necessary in practice, which
reduces effectiveness and efficiency of SCVPR in

general.
The literature analysis has shown that,
depending on the texture model, the main

approaches to texture segmentation are the
classification and detector ones. With the detector
approach, a certain feature of the texture image is
converted into intensity, which, in the future, is
taken into account when identifying the boundaries
of homogeneous texture regions using the methods
of contour segmentation. The classification approach
uses pattern recognition techniques which include
identification and supervised or unsupervised
classification when assigning an image to a specific
type of texture. Analysis of the existing methods of
texture segmentation suggests that the detector
methods are not noise-tolerant, but they provide
high-speed  image  processing,  whilst  the
classification methods are characterized by low
efficiency, but provide high noise tolerance and
allow segmentation in a wider class of images and
textures. It should be noted that account of the
features of both statistical and spectral textures leads
to a decrease in the quality of segmentation and/or
an increase in processing time during texture image
segmentation with known methods.

Thus, an important and urgent task is to develop
a model and a method for segmentation of spectral-
statistical textures to improve their quality in

SCVPR for medical and technical express

diagnostics

ANALYSIS OF TEXTURE SEGMENTATION
METHODS

The authors analyzed typical images that are
processed in medical and technical diagnostics
systems (Table 1): dermatologic disorders (psoriasis)
analyzed in medical diagnostics systems and images

of wear zones of cutting tools, which are analyzed in
technical diagnostics systems. Images analyzed by
the authors (Table 1, columns 4-5): (were obtained
from  https://www.dermentnz.org  (images  of
psoriasis disease) and from the stand of DSc.
O. Derevianchenko (Odessa National Polytechnic
University) (for images of wear zones of cutting
tools were obtained).

Analysis of the images given in the table
showed that both medical images and images of
wear zones of cutting tools have features of
statistical, spectral and combined texture models.

Thus, the CT wear zones, which appear due to
processes of different, speed when cutting materials,
can be described by the spectral model of the texture
(the fragile destruction) (line 1) [8]. If, as a result of
the operation of the tool, roughness and raveling
appear on its surface, then such cases can be
reflected in the image by the statistical model of the
texture (line 2). In the case of both factors conjoined
a combined spectral-statistical model of the texture
is observed (line 3).

Similar features are inherent in medical images
of psoriasis. The identification of the textures of
these images by the method, based on multifractal
indicators [9], showed that they contain regions of
statistical (line 2), spectral (line 1) and combined
spectral-statistical texture (line No. 3).

As noted above, at the stage of texture
segmentation, the image definition region Q is
represented as a union of non-intersecting regions

(segments) Q, (i = 1k ), in each of which the vector
of texture features slowly changes, that is

k
Q=[JQ;[10]. The result of the image

i=1
segmentation procedure is a set of segments of
homogeneous regions or a set of contours of
homogeneous textured regions.

There are various approaches to the
classification of texture image segmentation
methods [11-16]. But within this work, the subject
of interest is the classification of methods which are
based on determining the features of segmentation.
As such ones, the statistical and spectral texture
features can be used. Statistical features are
calculated using statistical central moments of
various orders. The second-order statistical features
take into account interactions between pixels.
Calculations of such characteristics are performed
using the Co-occurrence Matrices [17] and the Local
Binary Pattern [18]. The first-order statistical
features do not take into account the interaction
between image pixels, but estimate one of the
statistical parameters (mean, standard deviation,
smoothness, homogeneity, entropy) and consider the
value of this parameter as a new value of the
intensity (amplitude) of the image [19].
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Table 1. Classification of texture models

No. Texture Texture Methods Examples of texture images
model estimation
characteristics Of wear zones of Of psoriasis
cutting tools disease
1 2 3
1 Spectral Changes in Spectral methods;
spatial frequency | Wavelet transform;
[21] Fourier transform;
Detector methods;
Classification methods
2 Statistical | Changes of field | Histogram analysis;
variations (eg, Correlation analysis;
variance of pixel | Statistical methods;
intensity) [24] Detector methods;
Classification methods
3 Combined | Random variati- | Spectral and/or
spectral- on in spatial statistical methods
statistical | frequency and
field variation

Source: compiled by the author

The spectral characteristics of a texture are
characteristics of a texture in terms of spatial
frequency. To determine the spectral characteristics
of the texture, Fourier spectrum are used, the
amplitude spectrum of which is different for textures
with different frequency characteristics. Also, to
determine the characteristics of the spectral texture,
an autocorrelation function is used, which is
calculated in the processing aperture of each pixel of
the image. The size of texture primitives is
proportional to the width of the autocorrelation
function [20].

In the case of determining statistical features,
we speak of statistical methods of texture
segmentation, in the case of spectral — of spectral
ones (Table 1).

In addition, segmentation can be carried out
according to one or several features. In the first case,
the segmentation methods are related to the detector
ones, in the second — to the classification [21] ones.
The methods of the first group provide the transition
from the values of the segmentation feature to the
values of the image intensity and include procedures
for evaluating the segmentation feature; emphasizing
the boundary between homogeneous image regions
by thresholding and morphological processing of
potential boundaries of homogeneous texture
regions. According to the second group of methods

of texture image segmentation [10], the
segmentation features are evaluated, the feature
vector is classified, the boundary pixels of
homogeneous regions are identified and the
boundaries are processed [22]. Analysis of literature
sources showed that detector methods are used for
the segmentation of textures that differ in the
amplitudes of spectral components (amplitude-
detector methods) or frequency characteristics
(frequency-detector methods).

The procedures that make up the content of the
methods of the first group of texture image
segmentation (detector one) allow achieving high
performance and are easy to implement. However,
they are not noise-tolerant and give a high
inaccuracy in determining the coordinates of the
pixels of the boundaries of texture regions. The
texture segmentation methods that wuse the
classification [23] of the feature vector are complex
and do not have high performance. But these
methods are noise-tolerant and allow you to obtain a
low inaccuracy in determining the coordinates of the
pixels of the texture regions boundaries.

Therefore, the analysis of texture segmentation
methods showed the peculiarities of existing
methods: for detector methods - low-quality
segmentation at high speed; for classification
methods — high noise-tolerance at low speed.
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Since in the tasks of medical and technical
diagnostics, images related to combine spectral and
statistical textures are analyzed, the use of detector
and classification methods for their segmentation
does not provide the segmentation quality necessary
for practice with sufficient efficiency. Therefore, it
is necessary to develop segmentation methods for
combined spectral-statistical types of textures that
would provide high-quality segmentation while
maintaining efficiency for practical needs. The
authors propose to carry out a parallel estimation of
the texture in the neighborhood of each pixel by both
types of texture features: statistical and spectral and
to perform vector transformation of texture images
based on vector algebra for improving the quality of
segmentation of spectral-statistical types of textures.

THE AIM AND OBJECTIVES OF THE
RESEARCH

The aim of this work is to improve the quality
of segmentation of combined spectral-statistical
textures for practical efficiency.

To achieve this, the following tasks have been
set:

— developing a model of spectral-statistical
texture;

— developing a vector-difference segmentation
method for combined spectral-statistical textures,
which is based on vector transformation of texture
images using the vector algebra;

— conducting an experimental research of the
vector-difference segmentation method on model
images of combined spectral-statistical textures;

— conducting an experimental research of the
vector-difference segmentation method on images of
psoriasis disease and wear zones of cutting tools.

DEVELOPMENT OF A MODEL OF
SPECTRAL-STATISTICAL TEXTURE

Generally, the selection of the appropriate
segmentation methods occurs at the modeling stage,
considering the model of the texture type. If the type
of texture is determined correctly, the use of
appropriate methods of texture segmentation gives
high indicators of the segmentation quality. For
texture modeling, there are models of statistical [21]
and spectral texture [10], but there are no models of
combined spectral-statistical one, which are in
demand in express systems of technical and medical
diagnostics. Therefore, it becomes necessary to
develop a model of a combined spectral-statistical
texture and a segmentation method that could

provide a segmentation quality sufficient for the
needs of practice.

Since the spectral models of textures are
characterized by the value of the background
component and a change in the spatial frequency, the
value of the intensity of the m-th raw of the spectral
texture image (Table 2, line 1, column 3) is
represented as a union of non-intersecting segments:

k
I(X1 ym):U{Ci(vam) +

DA (X Yn)sin(op )} xela,,. 0,1, (1)

j=1
where: A (x,y,,) is the amplitude of the modulated

j-th oscillation of the m-th image raw; o) is the

frequency of the j-th oscillation on the i-th segment
of the m-th image raw; c;(x,y,,) is the notation of
the background in the i-th segment of the m-th image
raw;q=(d,,...,q,,,) i the vector of boundaries

texture regions of the m-th image raw, where qo=1,
gk+1=N+1, N is the number of pixels in the image
raw.

An example of a model image of a spectral
texture (1) (Table 2, line 1, column 2), a raw of a
model image of a spectral texture with noise (Table
2, line 1, column 4), and a raw of an image of a
psoriasis disease, which is described by a spectral
texture model (Table 2, line 1, column 5), are
presented in Table 2, line 1. The model image has a
dimension of 512 x512 , the intensity of the image
pixels varies from 0 to 256, the texture image is
represented by two regions with different
frequencies w, = 25 per/m, w, = 50 per/m.

Statistical models of textures, in turn, are
characterized by the value of the background
component and the change in field variations, and
then the value of the intensity of the m-th raw of the
image of the statistical texture (Table 2, line 2,
column 3) is represented as a union of non-
intersecting segments:

I(X’ ym):U{Ci (X! ym) +

>A; (% Yn)sin(wh )} xeld .01, (2)
i=1

where A; (x, y,, ) is the amplitude of the modulated j-
oscillation of the m-th image raw on the i-th segment

of the m-th image raw; o] is the frequency of the j-
oscillation of the m-th image raw.
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Table 2. Model texture images

No. | Texture | Model texture Raw of model texture Raw of model texture Raw of psoriasis
type image image image with noise disease image
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1 | Spectral F TTTTTTT I L L
I Il m T WH‘W ul' . ‘l

m \"ml 1.4

2
8

| ll “‘ .M 'H ‘1

ol
[

2 @
g 8

l' ”M |

m A ‘J \n

\' t’l "H | 'H l‘

V(\ 50 100 150 200 250 300 350 400 450 500

“ u“ | ““ (i - ,‘w pJ H( \ | \‘ ].
m L ‘ i fm 2l
2 | Statistical ML—ﬁ——WW mf \ s L
TV ‘WL ‘HL 3:: \WH‘I‘\W“’ :: ' - [
- It 1= ﬂ'”h. u" W It Zi”‘“J’"“F“LM"W“”“L'ﬂ\r'ﬁ| Wrﬂﬂ'\
““‘\”"“‘W““‘”"“ \- : 1‘ | A,uw'\ﬁ" J |
3 [Comined ;ﬁ%‘;liwi;giglﬁﬁ T ;{' — T
spectal hf!‘mi * { ‘ T
=== 1)
;!-;;!!§;E|i;lii;’§; iM“ i i k i il )I\ T
g - VR

0 5% 100 150 200 250 X0 30 400 450 500

Source: compiled by the author

An example of a model image of a statistical
texture (2) (Table 2, line 2, column 2), a raw of a
model image of a statistical texture with noise
(Table 2, line 2, column 4) and a raw of an image of
a psoriasis disease, which is described by a statistical
texture model (Table 2, line 2, column 5), are
presented in Table 2, line 2. The image has a
dimension of 512 x512, the intensity of the image
pixels varies from 0 to 256, the texture image is
represented by two regions with different amplitudes
A =1, A, =3.

The combined spectral-statistical model of the
texture is characterized by the value of the
background component and a random changes in the
spatial frequency and field variations.

Then the value of the intensity of the m-th raw
of the image of the spectral-statistical model of the
texture in Table 2, raw No. 3, column No. 3 is

represented as follows:
k

I(x, ym) ZU{Ci(Xv ym)+

i=1

Z gij Aij (%, ym)Sin(ﬂing )b xelg;4, 91, (3)
-1

where &, a;;n’ are, respectively, a random change in

the amplitude of the modulated j-oscillation of the
m-th raw of the image and a random change in the
frequency of the j-oscillation on the i-th segment of
the m-th raw of the image.

An example of a model image of a spectral-
statistical texture (3) (Table 2, line 3, column 2), a
raw of an image of a psoriasis disease, which is
described by a spectral-statistical model of textures
(Table 2, line 3, column 5), is presented in Table 2,
line 3. The image has a dimension of 512 x512 , the
intensity of the image pixels varies from 0 to 256,
the texture image is represented by two regions with
different frequencies w, = 25 per/m, , =50 per/m

and amplitude A =1, a random change in amplitude
and frequency occurs due to the superposition of a
Gaussian noise with zero mean and different
variance of the Gaussian noise for different
segments of the image.

Concerning the graphs in Table 2, the abscissa
represents the value of the spatial coordinate X,
which corresponds to the image pixel index, and the
ordinate represents the pixel intensity values of the
m-th raw of the texture image.
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For the segmentation of statistical textures, the
amplitude-detector method [8; 21] is used, for the
segmentation of spectral textures, the frequency-
detector method [25]. For the spectral-statistical
texture, taking into account changes in the frequency
components of the texture and variations in the
spatial field, a vector-difference method is proposed.

VECTOR-DIFFERENCE METHOD for
SPECTRAL-STATISTICAL TEXTURE
SEGMENTATION

The proposed scheme for the implementation of
the vector-difference spectral-statistical texture
segmentation method contains the following stages:

1) evaluation of the numerical dispersion
characteristics c,and spectral texturec, for i-th
pixel of the image in the processing aperture;

2) formation of a vector c : (cy;,¢,;) in the space
of features;

3) evaluation of the feature vector for the (i +1) -
th pixel of the image in the processing aperture;

-

Ci1 (CrivarCoina)s

4) calculation of the difference of vectors
Eiﬂ (CisgCoisa) iEi (CTHZNE

5) calculation of the modulus of the difference
of two vectorsEi+l (clym,cz,iﬂ)igi (cyi.Cri) (4
using the methods of vector algebra (Fig. 1):

- -

C=1Ci, (Cpin1Coisa) —Ci(CpinCyy)

=(Cpiss —C1i+Cosa —Cy) (4)
6) detection of the boundaries of a
homogeneous textured region.

Thus, the vector ccan be considered as the
result of spatial differentiation in the feature space. It
can be used to define the contours of objects, for
example, using a threshold transformation (Table 3,
No.1). Based on the foregoing, the proposed vector-
difference method combines the advantages of
detector — and classification methods. The authors
considered the development of the method for 3 or
more feature vectors for the case of
multidimensional vector transformation of images
based on vector algebra.

o A
C,, . c
1
|
_____ e - —_—— e —————
Crint Ci ! |
' 1
1 1
1
[ !
|
:Ci+1 !
1 1
1 1
| ! »
( Cy,i Clin €

Fig. 1. For illustration of the vector-difference

method in the feature space
Source: compiled by the author

The following functional diagram of the
implementation of the vector-difference spectral-
statistical texture segmentation method (Fig. 2) is
proposed, which contains the following blocks:
evaluation of the spectral texture feature; evaluation
of the statistical texture feature; vector-difference
block; block of boundary detection of the
homogeneous regions.

Initial image

________________________

\ | Evaluation of the :_> Vector-difference
i | statistical texture | ! block
— feature -y
L, i v
: Evaluation of the | BOL_mdary
[ ! detection of the
'» spectral texture [
| ! homogeneous
! feature : .
| : regions

Fig. 2. Functional diagram of the vector-
difference spectral-statistical texture method

segmentation
Source: compiled by the author

Within the block of evaluation of the statistical
texture feature, a vector of statistical texture features
is formed, each element of which is defined as
follows:

1) the processing aperture is formed for each
pixel of an image of size M. The size of the
processing aperture is selected depending on the
purpose of processing;
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M

21

i=1

2) the average intensity of pixels| = in
each row of the image matrix in the processing

aperture of each pixel is calculated,;

3) the statistical evaluation of the variance o in
each processing aperture of each pixel is calculated.
It should be noted that the calculation of the

statistical estimate of the variance o, depending on
the purpose of processing, can be carried out by the
following means (Table 3): a square-amplitude
transformation (expression 5, line 1, column 2), a
full-wave amplitude transformation (expression 6,
line 2, column 2) or a half-wave amplitude
transformation (expression 7, line 3, column 2). The
analysis of the results of detection the boundaries of
homogeneous regions of model images (2) for
various types of statistical evaluation of variance (5)
- (7) is carried out by the authors. The table shows
an example of such processing (Table 3, lines 1-3,
column 3). Detection the boundaries of
homogeneous regions was carried out by the Canny
edge detector [19] (Table 3, lines 1-3, column 4).
Evaluation of the quality of detection of the
boundaries of homogeneous regions, which was

carried out using the Pratt's criterion [26], showed
that the value of the Pratt's criterion in the case of
applying the square-amplitude transformation is 1.1
— 1.5 times higher than in the case of using the full-
wave amplitude transformation and 1.5-2.5 times
higher in the case of a half-wave amplitude
transformation with a signal-to-noise ratio of 2 or
more in power. Thus, in this work, to calculate the
statistical evaluation of the variance, it was
advisable  to use the  square-amplitude
transformation.

Within the block for evaluation of a spectral
texture feature, a vector of features of a spectral
texture is formed according to the following
algorithm:

1) the processing aperture of size M is formed
for each pixel of the image. The size of the
processing aperture is selected depending on the
purpose of processing;

2) the direct Fourier transform is performed in
each raw of the image matrix in the processing
aperture of each pixel:

M -1 )
|(C()) zl(xiaym)e_JZ”in/M, )

Xj=1

oO,M —-1;

Table 3. Applying different types of amplitude transformation

No. Amplitude The equation for The result of applying the The boundaries of
transformation types | calculating the statistical amplitude transformation homogeneous regions
estimate of variance
1 2 3 4
1 | The square-amplitude M , w L L
transformation _o2i=n e B [
i=1 o /
T O :
_ . ° ‘ ™ |
rae ;> 1, i=1, °" | J
3"u 50 100 150 200 250 300 350 400 450 mox BOD S 0 B0 8 20 30 320 a0 450 mx
2 The full-wave M _ o — ———— wd
amplitude _ Z"i - "
transformation o=12 , 6) | = , ;
M N N
_ - ” JI. 1
roe I;>1,i=1 @ : @
o ‘ |
R R e | e x
3 The half-wave M _ P al :
amplitude o2 =N w [N o . ‘
transformation o =1L o |, / ] '
rme I;>1,i=1, * : * |
» Bl S P
“o @ e e om0 me w0 % e By wm W we m0 2 w0 M0 a0 :sox
Source: compiled by the author
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Table 4. The results of the stages in determining the feature of the spectral texture

No. Model image raw Frequency transformation Square-Amplitude
transformation
1 2 3
l 20 v 1 1 1 .

200
\

o

I |
LN ‘,‘anu Hlm
0 2

08
1A A f 07
I “‘ (W 06
WL 0s
| “\M 0.4
it L[] 03
“‘M I 02
‘

N
‘ﬂ‘\‘y | 0.1

mzsumosa4aososm 0 50

X
20 40 60 80 100 120 140 160

L a X 0
100 150 200 250 0

Source: compiled by the author

3) the linear transformation of frequency is
performed in the processing aperture of each pixel:
z2(w) =k -1 (w), as a result of which the spectral

composition of the texture is converted into spread,;
4) the inverse Fourier transform is performed
M -1
(X, V) = . 2(@)e 2™ x =0,M -1
w=1

5) the statistical evaluation of the numerical
variance characteristics (5) is calculated for each
pixel of the image in the processing aperture.

The results of applying the stages of algorithm
determining spectral texture feature for model image
texture (1) are shown in the table 4 (Table 4, line 1,
columns 1-3).

In the tasks of segmentation of real images of
spectral textures, the signal spectrum is normalized
to equalize the amplitudes of the signal harmonics
which are close in frequency [27]. In this work, the
normalization of the signal spectrum was performed
as pre-processing to the stage of determining the
vector of spectral texture features.

As a result of the execution of the blocks for
evaluation of the features of the statistical and
spectral texture, the authors obtained two feature
vectors: a vector of features of a statistical texture

o, and a vector of features of a spectral textureo, ,

which are sent for processing to a vector-difference
block, where the vector of features of a spectral-

statistical texturecr_r is calculated as the difference of

two vectors (4).

In the block of the boundary detection for
homogeneous regions, contour segmentation is
performed. The work used the noise-tolerant Canny
method of contour segmentation. The Canny method

EXPERIMENTAL RESEARCH OF THE
VECTOR-DIFFERENCE SEGMENTATION
METHOD ON MODEL IMAGES

Testing of the vector-difference method was
carried out on a model image of a spectral-statistical
texture (Table 2, No. 2), (3) at various signal-to-
noise power ratios. To determine the boundaries of
the spectral-statistical texture region, frequency-
detector, amplitude-detector, and the proposed
vector-difference  segmentation methods were
applied. To determine the quality of segment
boundaries identification, a comparative analysis of
ideally and really segmented images was carried out
according to the Pratt's criterion, which is defined as:

A
R=@/DY.1/(1+ad?), (8)
i=1
where: I=max(li, 1,); 1, 1, are the numbers of pixels
on the border of segments of ideally and really
segmented images, respectively; « is scale factor;
di is the distance between the pixels of the border of
the really segmented image and the line consisting
of the pixels of the ideal border of the segment.

The graphs of the dependence of the Pratt's
criterion on the signal-to-noise power ratio had been
obtained (Fig. 3).

The results of the experimental research showed
that the proposed vector-difference texture
segmentation method is better than the frequency-
detector texture segmentation method by 1.5-1.8
times and the amplitude-detector method by 13-50
times with a signal-to-noise ratio of 5 or more in
power.

The quality of segmentation of homogeneous
regions of spectral-statistical texture was assessed
based on the confusion matrix [29] (Table 5) using

identifies two types of contours (strong and weak)  yector-difference, frequency-detector, and
and applies a morphological dilation operation that  amplitude-detector methods.

connects these types of contours [28].

ISSN 2663-0176 (Print) Theoretical aspects of computer science, 233

ISSN 2663-7731 (Online)

programming and data analysis



Herald of Advanced Information Technology 2020; Vol.3 No.4: 226-239

1
R

0.8
0,6

04
.2
0.2

3

0
1 2 5 10 20 50
q on power

Fig. 3. Dependence of the Pratt's criterion on the
signal-to-noise power ratio:
1 — for the vector-difference method;
2 — for frequency-detection method;
3 — for amplitude-detection method of texture

segmentation
Source: compiled by the author

Table 5. General view of the confusion matrix

Ideally Image mapping obtained
mapped as a result of the experiment, %
image, % Region 1 Region 2
Region 1 TP FN
(true positive) | (false negative)
Region 2 FP TN
(false positive) | (true negative)

Source: compiled by the author

The elements of the confusion matrix are used to
calculate the following segmentation quality scores:
TP +TN

Accuracy = , Precision
TP+TN + FP+FN
TP TP g
P=———, Recall R=——, Specificity
TP + FP N
TN
=————— F-measure (also called Fi-score)
(TN + FP)
2-PR
F, = IR [30]. The Accuracy score measures the
+

proportion of all data predicted correctly. The
Precision score is the fraction of pixels that actually
belong to a given class relative to all ones that have
been assigned to this class by the system. The Recall
score is responsible for the accuracy of assigning
pixels to the 1st class if they really belong to it. The
Specificity score measures the reliability of
assigning pixels to the 2nd class if they really belong
to it. The F-measure is the harmonica mean between
Precision and Recall scores.

0.5 1

0,8 4

0.4

0.2 A

0+ T T 7T T T T T T T T T T T T
0 510 20 50 20 100
g Oon power
Fig. 4. Dependence of the F-measure on the

signal-to-noise ratio by power:
1 —for the vector-difference method;
2 — for the frequency-detector method;
3 — for the amplitude-detector method of

texture segmentation
Source: compiled by the author

Comparative analysis of the quality assessment
of the texture segmentation on the model image
depending on the signal-to-noise power ratio (Fig. 4)
when using vector-difference, frequency-detector
and amplitude-detector methods showed that the
proposed vector-difference method of texture
segmentation is better than the frequency-detector
the method of texture segmentation by 1.2-1.6 times
and the amplitude-detector method by 1.1-8.4 times
with a signal-to-noise ratio of 5 or more in power.

APPROBATION OF THE VECTOR-
DIFFERENCE TEXTURE SEGMENTATION
METHOD IN THE SYSTEMS OF MEDICAL

AND TECHNICAL DIAGNOSTICS

To test the vector-difference method and the
possibility of its operation in diagnostic systems, this
method was tested on test images in two
applications: when determining the wear zone of
cutting tools and psoriasis skin disorders (Table 1,
No. 3). The test sample contained 50 images of
psoriasis skin disorders (https://www.dermentnz.org)
and 30 images of the wear zone of cutting tools
(from the stand of DSc. O. Derevianchenko (Odessa
National Polytechnic University). A comparison was
made of the work of the proposed vector-difference
method (Fig. 5a and Fig. 6a) and the frequency-
detector method (Fig.5b and Fig.6b). Testing the
operation of the amplitude-detector segmentation
method on a model image (3) showed that the
amplitude-detector method does not give a
satisfactory result, so its use is not advisable.
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a b
Fig. 5. Image of the spectral-statistical texture of
the psoriasis disease with the border determined
as a result of segmentation:
a — by vector-difference method;

b — by frequency-detector method
Source: compiled by the author

Fig. 6. Image of the spectral-statistical texture of
the wear zones of cutting tools with the boundary
determined as a result of segmentation:

a — by vector-difference method;

b — by frequency-detector method
Source: compiled by the author

The authors compared the results of image
segmentation of psoriasis disease and wear zones of
cutting tools using vector-difference and frequency-
detector methods with image mapping by an expert
with constructing a confusion matrix. Table 6
presents confusion matrices for vector-difference
and frequency-detector methods when processing
test images of psoriasis disease, Table 7 - test
images of wear zones of cutting tools. The presented
confusion matrices (Table 6 and Table 7) contain the
average comparison results for all test images of
psoriasis disease and cutting tools wear zones,
respectively.

The proposed vector-difference method made it
possible to improve the quality of segmentation of
images of psoriasis disease and images of wear
zones of cutting tools. Assessment of the quality of
texture segmentation was evaluated by Accuracy and
F-measure. The experimental results showed that the
segmentation accuracy by the vector-difference
method is higher than the same parameter obtained
by the frequency-detector method by 10 % for
images of psoriasis disease and by 5 % for images of
wear zones of cutting tools.

Table 6. Confusion matrix for vector-difference
and frequency-detector methods in image
processing of psoriasis disease

Results of | Results of image
mapping | segmentation by vector-
images by | difference method, %
an expert, Psoriasis Healthy skin
% plaque
Psoriasis
plaque 94,87042 5,129578
Healthy
skin 4,506589 90,49341

Results of image segmentation
by frequency-detector method, %

Psoriasis
plaque 88,0474 12,9526

Healthy
skin 9,771256 91,22878

Source: compiled by the author

Table 8 presents the average assessments of the
guality of texture segmentation for images of
psoriasis disease and wear zones of cutting tools
using vector-difference and frequency-detector

methods.

Table 7. Confusion matrix for vector-difference
and frequency methods when processing images
of wear zones for cutting tools

Results of Results of image
mapping segmentation
images by an | by vector-difference method,
expert, % %
Cutting tools | Background
Cutting tools 94,8447 5,4553
Background 8,2072 88,7928

Results of image segmentation
by frequency-detection method, %

Cutting tools | Background
Cutting tools 92,13525 6,86475
Background 16,74653 83,75348

Source: compiled by the author

Table 8.Assessment of the quality of texture
segmentation for images of psoriasis disease and
wear zones of cutting tools

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)

Quality- rate Image
Of psoriasis disease Of wear zones of
cutting tools
Method Vector- | Frequency- | Vector- | Frequen
difference | detector | difference cy-
detector
Accuracy 0,951 0,888 0,931 0,882
F-measure | 0,952 0,886 0,933 0,886
Source: compiled by the author
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CONCLUSIONS

The study solves the applied problem of
improving the quality of segmentation of combined
spectral-statistical textures with sufficient efficiency
for practice.

A model of spectral-statistical texture has been
developed, which takes into account the random
nature of changes in field variations and quasi-
harmonics.

A vector-difference texture segmentation method
of spectral-statistical textures has been developed.
The comparison of the developed vector-difference
method with the frequency-detector and amplitude-
detector segmentation methods is carried out by
calculating the Pratt's criterion to determine the
guality of the detection for the texture segments
boundaries. Comparative analysis showed that the
developed vector-difference method exceeds the
frequency-detector method of texture segmentation
by 1.5-1.8 times and the amplitude-detector method

by 13-50 times at a signal-to-noise ratio of 5 or more
in power.

An experimental research of the proposed vector-
difference method was carried out on images of
psoriasis disease and wear zones of cutting tools,
which can be described by spectral-statistical texture
models. Comparison of the segmentation results by
the proposed method and the frequency-detector
method showed that the quality of segmentation by
the developed method exceeds the quality of
segmentation by the frequency-detector method by
an average of 5-10 %.

The developed model of spectral-statistical
texture and vector-difference texture segmentation
method can be recommended for use in systems of
computer visual patterns recognition for express
diagnostics requiring high reliability of diagnostic
solutions, for example, in medical express
diagnostics of dermatological disorders (psoriasis)
and in technical express diagnostics of the quality of
cutting tools.
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AHOTANTIA

[Toxazana motpeba B eKcmpec cuCTeMaX, B SKAX HEOOXiTHO BHKOHYBAaTH aHalli3 TEKCTYPHHX 300paXeHb B Pi3HHX 00JacTAX
JIarHOCTHKH, HAIIPUKIAM, TIPH MEAWYHIH eKCIIpec IarHOCTHII IepMaTOJIOT1YHUX 3aXBOPIOoBaHb. OCKIIBKH JOCTOBIPHICT MPUHHATTS
pilleHp B TAaKMX CHCTEMax 3aJeXHTh BiJ SIKOCTI CerMeHTamii 300pakeHb, IO MAlOTh, SK IPABHJIO, XapakKTep CIEKTPaJIbHO-
CTaTHCTHYHUX TEKCTYp, TO JOLUIBHO PO3POOJIITH METOAM CerMEHTalii TaKkux 300pa)keHb Ti MOAENeH Il IX IpeACTaBICHHS.
3anporOHOBAaHO MOJENb CIEKTPAITbHO-CTATHCTHYHOI TEKCTYpH, sKa BPaxoBye BUIIQJKOBHI XapakTep 3MiHM Bapiamiid moist Ta
kBazirapMoHik. Ha i ocHOBiI po3po0ieHO BEKTOPHO-PI3HULIEBII METOA TEKCTYpHOI CErMEHTalii B OCHOBI SIKOTO JISKUTHh BEKTOPHE
MIEPETBOPEHHsI 00pa3iB CIEKTPAIBFHOI 1 CTaTHCTHYHOI TEKCTYp Ha OCHOBI BEKTOpHOI anreOpu. ETamamm BeKTOpHO-PI3HHLIEBOTO
METOJy €: OI[iHKAa O3HAaKM CIIEKTPaJbHOI TEKCTYpH; OIIHKA O3HAKH CTATHCTHYHOI TEKCTYpH; BEKTOPHO-PI3HHUIIEBE NEPETBOPEHHS
06pasiB TEKCTyp; BUIIIEHHs IpaHuIlb oaHOpiaHuX obnactedt. OliHka 03HAK CMEKTPATBLHOT i CTATHCTMYHOI TEKCTYPH BUKOHYEThCS
IUI KOXHOTO TiKcenss 300pakeHHs B amepTypi oOpoOku. Ha erami OLIHKM CTaTHCTUYHOI TEKCTYPH BHKOHYBAJIAcs ILIAXOM
KBaJpaTUYHO-aMILTITYAHOTO TMEepeTBOpeHHsA. Ha erami BEeKTOPHO-PI3HUIIEBOTO IMEPETBOPEHHA 00pa3iB TEKCTYyp OYLyeThCS BEKTOP
03HAK KOXKHOTO MIKCeINs 300paKeHHs, eJIEMEHTaMH SIKOTO € OLIHKM O3HAK CIIEKTPAIbHOI 1 CTATUCTHYHOI TEKCTYPHU, 1 BUKOHYETHCS
PO3paxyHOK MOZYJS PI3HHUII ABOX BEKTOpiB. Ha erami BHOiNEHHS TpaHMIB OXHOPiIHHX oOmacteld 3actocoBaHo meron KawHi.
Po3po06iennii BEKTOPHO-PI3HUIIEBUI METOJT TEKCTYpPHOI CErMEHTAIlil OyJI0 3aCTOCOBAHO SIK JO MOJCITBHUX 300paKeHb CIICKTPATLHO-
CTaTHCTUYHOI TEKCTYPH, TaK i O 300pa’keHb TEKCTYp, SKi OTPHUMaHi B CHCTEMax TEXHIYHOI i MEJWYHOI iarHOCTHKH, a caMe UL
300pakeHb 3aXBOPIOBAHHs IICOpia3 i 30H 3HOCY PDKYYMX IHCTpyMeHTIiB. J[Is NOpIBHSHHS pe3ysbTaTiB CerMeHTamii 10 JaHWX
300pakeHb OyJIM 3aCTOCOBAaHI 4acTOTHO-IETEKTOPHMI 1 aMIUTITyJHO-IETEeKTOPHUI METOOM TeKCTypHOi cermeHTanii. [IpoBeneHo
OIIIHKY SIKOCTI CerMeHTallii OHOPIAHMX TEeKCTypHHX oOjacTeil Ha ocHOBI kpurepito [Ipera i musgxoMm MoOYZOBH MaTpHIIL
HETOYHOCTeH. Pe3ynbrat AOCHiIKEHHS MOKa3ald, IO PO3POOJICHUH BEKTOPHO-PI3HUIEBHH METOI TEKCTYpHOI CerMEHTalil Mae
TiABHIIEHY 3aBaIOCTIMKICTIO IPH TOCTATHIHM MIBUIKOCTI OOPOOKH.
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AHHOTALIUS

[Toka3ana HEOOXOAMMOCTh B IKCIPECC CUCTEMaX, B KOTOPHIX HEOOXOAMMO BBINMOJHATH aHAJIHM3 TEKCTYPHBIX M300pakeHH B
pa3nM4HBIX 00JAcCTSAX IMArHOCTUKY, HANpUMeEp, NMPU METUIHMHCKOW JKCIPEecC AMArHOCTHKE NepMaTOJIOTHYECKHX 3a00JIeBaHUM.
[TocKoJIbKY TOCTOBEPHOCTH IPHHATHS PELICHUH B TAKUX CHCTEMAaX 3aBHCHUT OT KauecTBa CErMEHTAIMN N300pakeHHi, IMEIOIINX, KaK
MIPaBHJIO, XapakKTep CHEKTPAIbHO-CTATHCTHIECKHX TEKCTyp, TO IIEIecoO0pa3HO pa3padaThiBaTh METOMIBI CErMEHTAllMH TaKHX
n300paKeHNH W MoJenell Uil uX mpeacTaBieHns. IIpeioxkeHa MOJenb CHEeKTPATbHO-CTATHCTHIECKOH TEKCTYPHI, YIUTHIBAIOIIAs
CITyJaiiHBIH XapakTep M3MEHEHHs BapHalui Ioisi M KBasurapMoHHK. Ha ee ocHOBe pa3paboTaH BEKTOPHO-PAa3HOCTHBIH METOJ
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TEKCTYpHOH CETrMEHTAIlUH, B OCHOBE KOTOPOTO JIEXHT BEKTOPHOE IpeoOpa3zoBaHHe 00pa3oB CHEKTPAIBHOH M CTaTHCTHUYECKOU
TEKCTYyp Ha OCHOBE BEKTOPHOH anreOpbl. DTamaMu BEKTOPHO-Pa3HOCTHOTO METOAA SIBILIIOTCS: OIEHKA MpPU3HAKa CIEKTPaIbHOM
TEKCTYpbI; OLICHKA NPHU3HAKA CTAaTHCTUYECKOH TEKCTYpbI; BEKTOPHO-PAa3HOCTHOE NpeoOpa3oBaHHE 00pa3oB TEKCTYp; BbIJEICHUE
IpaHMI] OJHOPOJHBIX oOmacTed. g KaxIOro mMuKcess W300paXeHWs B anepType oOpabOTKH BBIMOJHSETCS OLICHKA MPU3HAKOB
CIEKTPaIbHON U CTATHCTHYECKOH TeKCTyphl. OLleHKa CTaTHCTUYECKOH TEKCTYpHI BHIMONHSIACH ITyTeM KBaJIpaTHUHO-aMILIUTYIHOTO
npeobpazoBanus. Ha 3Tane BeKTOPHO-PAa3HOCTHOTO IpeoOpa3oBaHMs 0Opa3oB TEKCTYp CTPOMTCSA BEKTOpP NPU3HAKOB KaXKAOTO
IIUKCENsT M300paKeHHs, 3JIEMEHTaMH KOTOPOT'O SIBISIOTCS OLEHKM IIPH3HAKOB CIIEKTPAJbHONH M CTaTUCTHYECKOH TEKCTYpHI, H
BBITIOJTHSAETCS pacdeT MOJYJSL Pa3HOCTH JBYX BEKTOpoB. Ha oTame BBIAENEHHS I'paHUIl OJHOPOIHBIX 00JacTeil MpHMEHEH METo
Kannu. Pa3paboraH BeKTOPHO-PAa3HOCTHBIH METOJ TEKCTYPHOH CerMeHTaluu OBbUT IPHMEHEH KaK K MOJCIBHBIM H300paKeHHSIM
CIEKTPAIbHO-CTATHCTUIECKOH TEKCTYPHI, TaK U K H300pakKeHMSIM TEKCTYp, IMTOJIYICHHBIX B CHCTEMaX TEXHHYECKOW W MEeIUIIMHCKON
JUAaTHOCTUKH, a MMEHHO Ui H300pakeHHH 3a0ojeBaHMS IICOPHA3 U 30H H3HOCA PEXYHMIUX HHCTPYMEHTOB. [lIsl cpaBHEHUS
pE3yJIbTaTOB CErMEHTAlMM K IaHHBIM HM300paKeHUSAM OBUIM NPUMEHEHBI YacTOTHO-JETEKTOPHBIH M aMIUIMTYIHO-ACTEKTOPHBIH
METOJbI TEKCTYpHOH cermMeHTanuu. IIpoBefeHa OIeHKa KadecTBa CErMEHTAllMH OJHOPOIHBIX TEKCTYpPHBIX 00JacTeil Ha OCHOBE
kputepust [IpaTTa M myTeM HOCTPOEHHUs MAaTpHLBl HETOYHOCTEH. Pe3ynbTaTsl HMCClieiOBaHUS TOKa3alH, YTO pa3paOOTaHHBIN
BEKTOPHO-Pa3HOCTHBIH METOJ] TEKCTYpPHOH CerMeHTaluuu oOiagaeT MOBHILICHHONM MOMEXOYCTOMYMBOCTHIO MpPU JOCTATOUHOU
CKOpOCTH 00pabOTKH.

KiroueBble ¢10Ba: TEKCTypHas CETMEHTAlM; TEKCTYPHbIE NIPU3HAKU; CHEKTPAIbHO-CTATUCTUYECKAs TEKCTYpPa; 1€TEKTOPHBIC
METO/IbI; KJIaCCH(HUKAIMOHHBIE METOIbI; MaTPUIla HETOYHOCTEH; BEKTOPHO-PAa3HOCTHBIH METO
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