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METHODS FOR DIAGNOSIS OF MELANOMA
BASED ON DIGITAL IMAGE PROCESSING
AND EXPERT SYSTEMS

This article proposes a solution to a pressing scientific and
applied problem: the development of a method for diagnosing melanoma
based on a fuzzy expert system and digital image processing. The method
for calculating melanoma features based on digital image processing
proposed in the article includes: conversion of a color image into a
grayscale image; conversion of a grayscale image into a binary image
based on single-level global thresholding using the Otsu threshold; removal
of small objects from the binary image using morphological transformation;
formation of a binary matrix of image point membership to the object and
a grayscale image of the object; determination of the object boundary in
the binary image after morphological transformation based on the Kanna
method; calculation of the irregularity of the object boundary in the binary
image after morphological transformation,; determination of the number of
colors based on clustering of the gray-scale image object; rotation of the
gray-scale image object; calculation of the diameter of the rotated gray-
scale image object; verification of asymmetry based on the rotated gray-
scale image object. For the diagnosis of melanoma, this work improved a
fuzzy expert system for melanoma diagnosis that uses Sugeno’s fuzzy
inference algorithm. An experimental study confirmed that the proposed
fuzzy expert system achieves a probability of incorrect decisions regarding
melanoma diagnosis of 0.02 and a root mean square error of 0.05. The
scientific novelty of the study lies in the fact that the proposed fuzzy expert
system represents knowledge about melanoma in the form of fuzzy rules
that are understandable to humans; it reduces computational complexity,
the probability of making an incorrect decision, and the root mean square
error. The proposed solution is scalable and suitable for use in intelligent
decision-making systems.

Keywords: fuzzy expert system for melanoma diagnosis, image
binarization, geometric image transformations, image clustering, object
boundary detection, morphological image transformations.

Introduction

In the 21st century, skin melanoma remains one of the
most dangerous malignant tumors, and its incidence is steadily
rising, despite declining rates for many other types of cancer. This
negative trend has been particularly pronounced over the past
40 years among the Caucasian population. A striking example is
provided by statistics from the United States, where melanoma
ranks fifth and sixth among all cancers in men and women,
respectively, and the incidence rate increased by 270% between
1973 and 2002. According to current data, the lifetime risk of
developing melanoma in developed countries reaches 2% [1, 2].

According to data from the IARC (GLOBOCAN) 2022
data (Fig. 1[3]), melanoma ranks 17th in the global cancer
incidence pattern: more than 331,000 new cases and
approximately 58,000 deaths are reported annually [4, 5].

An analysis of the interactive map on skin melanoma
(Fig. 1 [3]) able to reveals three key patterns [4-6]:

1. Phenotype and Sun Exposure (The Oceania
Paradox). Australia and New Zealand are colored the darkest
(index 37.0). A combination of high levels of ultraviolet (UV)
radiation and a population with fair skin (phototypes I-11) that is
genetically unprotected from such sunlight. This is the absolute
global maximum.

2. The “North—South” gradient in Europe. In
Europe, the opposite relationship is observed: the further north a
country is, the higher the incidence. In Scandinavia (Denmark,
Norway, Sweden) rates are among the highest in the world
(around 30.0). In Mediterranean (ltaly, Greece) rates are
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significantly lower (around 10.0-12.0), despite abundant sunshine. The light sensitivity of northerners’ skin plays a
greater role than simply the number of sunny days.

3. Economic Factors and Reporting. The map shows low incidence rates in Africa and Asia (less than
1.0). This is due to biological protection, since high melanin content in the skin provides effective protection against
melanoma. Another factor is statistical barrier, since in a number of developing countries, low figures may be due to
underdiagnosis and the lack of high-quality cancer registries.

4, The global age-standardized incidence rate is 3.20 per 100,000 population; however, the
epidemiological picture is highly heterogeneous and varies significantly depending on the region and the populations
phototype. The highest incidence rates (as measured by the age-standardized rate per 100,000 population) are observed
in Oceania, North America, and Europe (Fig. 2).

ASR (World) per 100 000

I 57-37.0 I Not applicable
1557 No data
06-15
03-06
00-03

Fig. 1 The incidence of skin melanoma (age-standardized rate per 100,000 population) worldwide

The etiopathogenesis of melanoma is multifactorial and determined by the complex interaction of exogenous
and endogenous factors. Exposure to ultraviolet (UV) radiation remains a key modifiable risk factor. Studies confirm
that periodic sun exposure and a history of sunburn more than double the relative risk of developing the tumor.

Significant internal predictors include:

1. Phenotypic characteristics: fair skin phototypes (Fitzpatrick I-11), presence of more than 100 common
or multiple atypical nevi.

2. Genetic predisposition: germline mutations in tumor suppressor genes, such as CDKN2A and CDK4,
as well as polymorphisms in the MC1R gene, which is responsible for pigmentation.

3. Family history: family cases of melanoma (identified in 5-14% of cases) and immunosuppressive
conditions significantly increase the lifetime risk of developing the disease.

4. The high level of somatic mutations caused by cumulative UV exposure explains the marked genetic
heterogeneity of melanoma, which requires in-depth study of its molecular profile to improve strategies for early
diagnosis and targeted therapy.

The high rate of somatic mutations caused by prolonged exposure to ultraviolet radiation explains the marked
genetic heterogeneity of melanoma, underscoring the need for in-depth study of its molecular profile to improve
strategies for early diagnosis and targeted therapy.

Age-Standartdized Rate (per 100.000)

09 04
F A
Oceania North Europe Africa Asia

America  Region

Fig. 2 Incidence of skin melanoma among the white population (age-standardized rate per 100,000 population)

A key factor determining the need to improve existing methods for diagnosing melanoma is the stage-
dependent nature of the prognosis [7].

Once distant metastases are detected, the survival rate drops sharply to 27-30% [3, 4].

In the early stages, the high variability of morphological features often leads to errors in subjective
assessment, creating a critical need for automated systems for the preventive diagnosis of melanoma capable of
detecting minimal atypical changes that are invisible to the human eye.
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In the late stages, the cost of melanoma treatment (immunotherapy, targeted therapy) is tens of times higher
than the cost of early surgical intervention, making mass screening a priority for healthcare systems.

According to data from the World Health Organization (WHO) and the IARC (GLOBOCAN), melanoma
accounts for only about 1% of all skin cancers, yet it is responsible for more than 70% of deaths related to
dermatological oncology [3, 4].

Thus, given the aggressive biological nature of melanoma and the rising incidence of the disease [6, 7], the
development and refinement of objective diagnostic methods for melanoma represent a pressing priority. The
introduction of such methods into modern clinical oncodermatology will help mitigate the influence of the human
factor and facilitate a shift from a strategy of treating complications caused by melanoma to a strategy of its preventive,
high-precision diagnosis.

Literature review
Currently, the verification of pigmented skin lesions for the purpose of melanoma screening relies on the use
of the following analytical methods and objective assessments (Table 1):
1. The ABCDE criteria [8] (if the total score is < 3, the lesion is benign; if the total score is> 3, it is
melanoma):

1.1.  Asymmetry — benign lesions are symmetrical in shape and color; malignant lesions are
asymmetrical in shape and color. One point is assigned for one or more asymmetries in shape and color along the
horizontal and vertical axes.

1.2. Border - benign lesions have smooth and well-defined borders; malignant lesions have
irregular (notched) borders (assessed across 8 segments). One point is assigned for an irregular border in one or more
segments.

1.3.  Color — benign lesions have uniform coloring (brown or pink), while malignant lesions have
irregular coloring (various shades of brown, black, red, white, or blue). One point is assigned for the presence of one
or more colors corresponding to those of a malignant lesion.

1.4.  Diameter — benign lesions have a diameter of 6 mm or less, while malignant lesions have a
diameter greater than 6 mm. One point is assigned for a diameter greater than 6 mm.

1.5.  Evolution — benign lesions show no changes; malignant lesions exhibit changes in size, shape, or
color. One point is assigned for one or more changes.

Table 1
Distinguishing a mole from melanoma according to ABCDE
Sign Nevi Melanoma
Asymmetry o
Symmetrical Asymmetrical
Border . '
Regular edges Irregular edges
‘f:
Color A ‘
Single color Multiple colors
.y
Diameter ‘
Up to 6 mm Over 6 mm
.
Evolution ‘
Does not change over time Changes in size, shape, or color
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1. ABCD criteria [9] (TDS (Total Dermatoscopy Score) = (A x 1.3) + (B x 0.1) + (C x 0.5) + (D x 0.5);
if TDS < 4.75, the lesion is benign; if 4.8 > TDS <5.45, the lesion is suspicious; if TDS >5.45, the lesion is
melanoma).

1.1.  Asymmetry — benign lesions are symmetrical in shape and color; malignant lesions are
asymmetrical in shape and color. 0.5 points are assigned for asymmetry in shape along the horizontal (or vertical) axis
and 0.5 points for asymmetry in color along the horizontal (or vertical) axis. Thus, the total A score ranges from 0 to 2.

1.2.  Border — benign lesions have a smooth border, while malignant lesions have an irregular (jagged)
border (assessed across 8 segments). One point is assigned for an irregular border in a single segment. Thus, the total
score B ranges from 0 to 8.

1.3.  Color — benign lesions have a single color (brown or pink), while malignant lesions have up to
6 colors (light brown, dark brown, black, red, white, and blue-gray). One point is assigned for each color
corresponding to the color of a malignant lesion. Thus, the total C score ranges from 0 to 6.

1.4. Diameter — benign lesions have a diameter of 6 mm or less, while malignant lesions have a
diameter greater than 6 mm. One point is assigned for a diameter greater than 6 mm. Thus, the total D score is 0 or 1.

2. The ABCD rule [9] (TDS (Total Dermatoscopy Score) = (A x 1.3) + (B x 0.1) + (C x 0.5) + (D x 0.5);
if TDS < 4.75, the lesion is benign; if TDS is between 4.8 and 5.45, the lesion is suspicious; if TDS > 5.45, the lesion
is melanoma).

2.1.  Asymmetry — benign lesions are symmetrical in shape and color; malignant lesions are
asymmetrical in shape and color. 0.5 points are assigned for asymmetry in shape along the horizontal (or vertical) axis
and 0.5 points for asymmetry in color along the horizontal (or vertical) axis. Thus, the total A score ranges from 0 to 2.

2.2. Border — benign lesions have a well-defined border, while malignant lesions have an irregular
border (assessed across 8 segments). One point is assigned for an irregular border in a single segment. Thus, the total
score for B ranges from 0 to 8.

2.3.  Color — benign lesions have a single color (brown or pink), while malignant lesions have up to
6 colors (light brown, dark brown, black, red, white, and blue-gray). One point is assigned for each color
corresponding to the color of a malignant lesion. Thus, the total C score ranges from 0 to 6.

2.4. Dermoscopic — dermoscopic features. One point is assigned for an atypical pigment network, one
point for atypical pigmentation, one point for branching, one point for atypical dots, and one point for atypical
globules. Thus, the total B score ranges from 0 to 5.

3. Seven-item checklist [10] (if the total score is <3, the lesion is benign; if the total score is>3, it is
melanoma).

3.1. 2 points are assigned for an atypical pigment network.

3.2. 2 points are assigned for an atypical vascular pattern.

3.3. 2 points are assigned for a white-blue or gray-blue area.

3.4. 1 pointis assigned for branching.

3.5. 1 pointis assigned for atypical pigmentation.

3.6. 1 pointis assigned for atypical dots or globules.

4.  Three-criteria checklist (if the total score is < 2, the lesion is benign; if the total score is > 2, the lesion
is malignant).

4.1. 1 point is awarded for asymmetry in shape and color.

4.2. 1 pointis awarded for an atypical pigment network.

4.3. 1 pointis assigned for a white-blue or gray-blue area.

The pigment network is a typical structural feature of pigmented skin lesions (Fig. 3). Two types of pigment
networks are distinguished: typical and atypical. A typical pigment network has a regular, honeycomb-like structure,
which is associated with the uniform distribution of melanin on the dermal ridges and is characteristic of benign
lesions. An atypical pigment network has an irregular structure and is more characteristic of malignant lesions. The
identification of a negative pigment network is also used in the diagnosis of melanoma.

An atypical vascular pattern consists of irregularly distributed vessels of varying sizes and shapes, which are
found in malignant lesions.

Branching refers to radiating (radial) growths extending from the pigmented lesion in various directions,
which are found in malignant lesions.

A white-blue or gray-blue area with an irregular structure may be observed in malignant lesions.

Typical pigmentation: benign lesions exhibit uniform coloring in a single shade (brown or pink). Atypical
pigmentation — in malignant lesions, an irregular distribution of different colors within a single lesion (light brown,
dark brown, black, red, white, or blue-gray).

Isolated dots are found in benign lesions. Atypical dots (an irregularly distributed cluster of dots) are found
in malignant lesions. Globules are round or oval structures located in the center or at the periphery of the lesion.
Globules of uniform size and color with a regular distribution are found in benign lesions. Atypical globules (of
varying size and color and with an irregular distribution) are found in malignant lesions.

Areas of regression are white scar-like depigmentation or blue-gray pepper-like areas that are irregularly
distributed within the tumor.
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Fig. 3 Dermatoscopic image of melanoma (asymmetry of the pigmented lesion, atypical pigment network, white-blue areas)

The following statistical indicators of diagnostic algorithms are most commonly used:

1. Sensitivity is the ratio of the number of patients identified by the diagnostic algorithm to the true number
of patients.

2. Specificity is the ratio of the number of healthy individuals identified by the diagnostic algorithm to the
true number of healthy individuals.

The sensitivity of melanoma diagnosis using dermoscopy varies significantly; according to an analysis by an
experienced dermoscopist, it has a sensitivity of 39% and a specificity of 82% [11], while other studies report higher
sensitivity values of 68% [12, 13] and specificity values of 58% [14].

Table 2 presents statistical indicators for melanoma diagnostic methods.

Table 2
Statistical indicators for melanoma diagnostic methods
Diagnostic algorithm Sensitivity Specificity
ABCDE 92-97% 13-63%
Seven-sign 79-100% 30-37%

Conventional clinical diagnosis of skin lesions is characterized by a high degree of subjectivity in assessments
and significant inter-expert variability, which stems from the limited accuracy of traditional diagnostic methods,
particularly dermatoscopy and histopathology. The implementation of deep neural networks allows these limitations
to be overcome, providing reliable and efficient classification of skin lesions, while transforming dermatological
diagnosis into highly accurate automated systems for differentiating pathologies.

Currently, artificial neural networks are the most widely used machine learning methods for the intelligent
diagnosis of melanoma [15-17]. They enable large-scale filtering of vast volumes of dermatoscopic images, gradually
identifying diagnostically significant features: geometric characteristics of edges, textural anomalies, and chromatic
variations. Their ability to automatically generate a high-dimensional feature space makes them a leading tool in the
classification of skin pathologies.

Advantages of neural networks [15-17]:

—  the ability to use a “black box” model, i.e., the structure and operating mechanism of the system are
unknown, and only the input and output data are known;

—  the ability to train and adapt them;

—  parallel data processing (for non-recurrent neural networks).

Disadvantages of neural networks [15-17]:

— difficulty in generating training data;

—  lack of a procedure for automatically determining the number of layers and neurons in each layer for
specific tasks;

—  high probability of the training method getting stuck in a local optimum;

— the knowledge generated by the neural network is incomprehensible to humans, as it is represented in
the form of associative connections between neurons.

Currently, fuzzy expert systems are the most widely used among expert systems for the intelligent diagnosis
of melanoma [18-22].

Advantages of fuzzy expert systems [18-22]:

—  knowledge is represented as fuzzy rules that are understandable to humans;

— qualitative assessments of input and output data replace quantitative assessments;

—  the procedure for obtaining knowledge from an expert is simplified.

Disadvantages of fuzzy expert systems [18-22]:
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—  inability to process information in parallel;

—  the structure and parameters of membership functions used to describe input and output data cannot be
automatically identified.

Recent studies indicate that modern methods of intelligent analysis demonstrate diagnostic accuracy
comparable to that of experienced dermatologists in terms of the sensitivity and specificity of melanoma
detection [23, 24].

Purpose, objectives and methods of research

Thus, the development of an intelligent melanoma diagnostic system that will eliminate these shortcomings
is a pressing need, representing a new contribution to research on this issue.

The purpose of the study is to improve the effectiveness of melanoma diagnosis through digital image
processing and a neuro-fuzzy expert system.

To achieve this goal, the following tasks must be addressed:

1. Calculation of melanoma features based on digital image processing.

2. Creation of a fuzzy expert system for melanoma diagnosis.

3. Selection of evaluation criteria for the effectiveness of the fuzzy expert system for melanoma diagnosis.

4.  Conducting a numerical study.

1. Detection of melanoma features based on digital image processing
1.1. Conversion of a color image to a grayscale image

A color image (with components R(n,,n,), G(n;,n,), B(n,,n,)) is converted to a grayscale image
(luminance) g(n,,n,) as follows:
GS(n,,n,) =[R(n;,n,)-0.2125+G(n,,n,)-0.7154 + B(n,,n,)-0.0721],
where [] denotes the floor function.
A Gaussian filter [22] can be applied to the resulting grayscale image to remove noise.

1.2.  Conversion of a grayscale image to a binary image based on single-level global thresholding
with the Otsu threshold

Single-level global thresholding (global image binarization), which converts a grayscale image GS (nl, nz)

to a binary image b(n;,n,), is expressed as
1, GS(n,n,)>T

b(n,n,) = :

(m.n.) {o, GS(n,n,)<T

The threshold T is determined based on the Otsu method as follows [25].

Let L is the number of brightness levels in the gray-scale image GS(nl, nz) , and N, is the number of

pixels with brightness k , k € 0,L—1.
1.  Calculation of histogram components

po=—%  keOL-1.

1"%2

2. Calculating first-order probability P, (k)

k —
R(kK)=>p keOL-1.
i=0
3. Calculating second-order probability P, (k)

P,(k)=1-P(k), ke0,L-1.
4.  Calculating average brightness u

L
H= Zipi :
i~0

5. Calculation of the first-class expected value £ (K)
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k

2.ip,
k)=2— keO,L-1.
(k) P.(K) €
6.  Calculation of the second-class expected value £, (K)
1, (K) =M, keO, L—1.
P (k)
7. Calculation of the interclass variance o* (k)
2
Gz(k) — (ILL.I.(k)_IUZ(k)) , k e 0’ L-1.
R(K)PR, (k)

8.  Calculation of the Otsu threshold
T=arg mkaXO‘Z(k) ,keO,L-1.

1.3.  Removal of small objects from a binary image using morphological transformation
The opening morphological operation is used to remove small objects from a binary image b(nl, nz) , Which

sequentially performs erosion and dilation operations [25].
Erosion can be defined as

B(nl,nz):( min  {b(m,m,)}, n,eM,N,-M+1,n,eM,N,-M +1,

My, M2 )€U (o)
where U(m,nz) is the (square) Moore neighborhood of point (n;,n,).
Dilation can be defined as

B(nl,n2)=( max {b(m,m,)} neM,N,—M+1 n,eM,N,—M +1,

My My )€U (1 )

where U, . is the (square) Moore neighborhood of point (N, ;).

(ny,n

1.4. Generation of the binary membership matrix for image points and the grayscale image of
the object

The binary membership matrix for image points I§:[5nl’n2] is defined as the inverted binary image
following morphological transformation b(n,,n,), i.e., Bnl’nz =1-b(n,n,).

The grayscale image GS(nl, nz) is multiplied by the binary matrix of image point membership to the
object B = [Bnl,nz]' resulting in the image O(n;,n,), n e O,N—l—l, n,eO0,N, -1,
n,€0,N,-1,n,e0,N,-1.

i.e, O(n,n,)=GS(n,n,)b

n.n, ?

1.5. Determining the boundary of an object in a binary image after morphological
transformation using the canny method
The Canny method is the best method for detecting brightness changes (or object boundaries) [25].

Let b(n,n,), n,€0,N, -1, n, €0,N, —1 is the binary image after morphological transformation

1. Noise removal using a Gaussian filter with normalization
2 2

6(nynz): Z Z h(mllmz)B(m_ml’nz_mz)!

m=—2 m,=—2

1 Lmiam,
N2ro 2 o
h(m,,m,) = v

2 2 '
133 1exp(_;ml+zmzj

Km I—m N 27T o

2. Gradient search
2.1.  Calculation of the gradient magnitude
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2 | 1 1 ) "
g(nvnz)zz z Z h(l)(nhimz)b(nl_ml’nz_mz) or
i=1 |m=-1m,=-1
2 101 ) 5 2
g(nl'n2)= z z z h(l)(mlvmz)b(nl_m1'n2_mz) .
i=1 \ m=-1m,=-1
2.2.  Calculation of the gradient angle

1 1 .
z Z h(Z)(ml’ mZ)b(nl —-m,

0 = arctan| B=tme—

n, _mz)
l .

180

1 1

Z Z h(l)(mp mZ)B(nl —m;,n, - mz)

m=—1m,=-1

1 1

It > > h®(my,m,)b(n, —m;,n,—m,) =0, then 6 =90.

m=-1m,=-1

It is recommended to use the following transfer functions for h® .

—  Sobel filter
-1
ho =1 o
4
-1
—  Prewitt (Pruitt) filter
-1
o= g
3
-1
—  Frey-Chen filter
-1
1
hO — _ﬁ
2+2 1

3. Suppression of non-maxima
e(nl' nz) = g(nl' nz) '

01 -1 =2 -1
0 2,h<2>=%0 0 0
01 1 2 1
1 -1 -1 -1
1,h(2)=%0 0 0
1 1 1 1
01 -1 2
0 V2|, h®=—=——|0 o0 0
2+\/§
01 1 42

T

if (-225<60<0)v(0<6<225) and g(n,n,)<g(n,n,+1),then e(n,n,)=0,
if (-180< 6 <-157.5)v (157.5< 6 <180) and g(n,,n,) <g(n,n,—1), then e(n,n,)=0,

if (67.5<6<112.5) and g(n;,n,) <

g(n,-L,n,), then e(n;,n,) =0,

if (-112.5<6 <—67.5) and g(n,,n,) <g(n,+1n,),then e(n,n,) =0,
if (22.5<6<67.5) and g(n,,n,) <g(n,—1,n, +1), then e(n;,n,) =0,

if (-157.5<6 <-112.5) and g(n,,n,) <g(n, +1,n, -1), then e(n,,n,) =0,

if 112.5<6<157.5 and g(n,,n,) <g(n, —1,n, -1), then e(n,,n,) =0,

if =22.5<0<-67.5 and g(n;,n,) <
4. Thresholding

g(n, +1Ln, +1), then e(n,n,)=0.

The binary matrix of image point membership to the object boundary E:[sz] is initialized to

zero, €, , = 0,

if e(n;,n,) >t then point (n;,n,) is a boundary point, €, . =1,
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if t., <e(n,n,)<t. and there is a point (M, m,) in the neighborhood of point (n,,Nn,) that is a

boundary point, i.e., (ml, m,)eU then point (n;,n,) is also a boundary point &, =1,

(n.np) ?
(n ny) {(n n, _1)' (nl -1 nz): (nl -1 n, +1)1 (nl’ n, _1)1 (nl’ nz)!

(n,n,+1), (n1 +1, n,-1,(n,+14n,),(n,+1,n, +1)}.

1.6. Calculating the irregularity of an object’s boundary in a binary image after morphological
transformation
In the simplest case, the irregularity of an object’s boundary in a binary image after morphological
transformation is calculated as [26]

N1 N,-1 N, L N,—1
| = g(n,n,), A= ZZb ,
47[A n =0 n,=0 m=0n,=0 e

where P is the perimeter (number of pixels on the object’s boundary), and A is the area of the object (number of
pixels inside the object).

If 1 >1.8, then this is a boundary irregularity.
A more complex variant involves calculating boundary irregularity based on fractal dimension [26].

1.7. Determining the number of colors based on clustering of a gray-scale image object
In this work, DBSCAN was chosen as the clustering method, as it is robust to noise and different cluster
shapes.

1. Set the size of the Moore neighborhood of point D . Set the maximum distance & . Set the matrix of
point labels M (n;,n,)=0, n, €0,N,-1,n,€0,N,—-1. Set the counter for the number of clusters
(colors) ¢ =0.

2. Set the row number of the image n, =0.

Set the column number of the image n, =0.
Determine the number of the current image point 1 =N, +n,.

If the i -th point is already labeled, i.e., M (n;,n,) # 0, then proceed to step 20.
Determine the neighborhood of the i -th point
={e| |O(n1, n,)—-O(, +n,l, + n2)| <ep,e=(+n)N,+1,+n,, 1,1, e{-10,1}.

7. Ifnot all neighbors of the i -th point fall within its neighborhood, i.e., ‘Ui'g‘ < D, then mark the i -th

o o A~ W
e L

i

point as a random outlier or noise, i.e., M (n,,n,) =—1, and proceed to step 20.

8.  Increment the counter of the number of connected regions, i.e., C=C+1.
9. Markthe i-th pointas the c-th cluster,ie., M(n,n,)=c.

10. Create theset 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 =S \{v}.

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

m, =vmodN,, m =[(v—m,)/N,],
where mod denotes modulo division, and [] denotes the integer part of a number.

13. If the v -th point was marked as an outlier or noise, i.e., M (m;, m,) =—1, then mark it as the C -th
cluster, i.e., M(m;, m,)=c.

14. If the V -th point is already marked, i.e., M (ml, m2) # 0, then proceed to step 19.

15. Mark the v -th point, i.e., M (m;, m,)=c.

16. Define the neighborhood of the v -th point

U,. ={el[0(m,m,)-O(, +m, I, +m,)| <}, e=(, +m)N, +I,+m,, I,1, e{-1,0,1}.
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17. If not all neighbors of the Vv -th point fall within its neighborhood, i.e., ‘vag

step 19.
18. Merge the set S with the neighborhood of the v -th point,ie., S=SUU, , .

19. Iftheset S is non-empty, i.e., |S| > 0, then proceed to step 11.

20. Ifitis not the end of the current row of the image, i.e., N, < N, —1, then increment the column number
of the current row, i.e.,, N, =N, +1, and proceed to step 4.

21. Ifitis not the last row of the image, i.e., N, <N, —1, then increase the row number, i.e., N, =n, +1,

and proceed to step 3.
The result is the number of clusters (colors) C.

1.8. Rotation of the object in the gray-scale image
To calculate the diameter and check for asymmetry of the object, it is necessary to first rotate the object [27].

To rotate the object in the gray-scale image Q(nl, nz) , it is necessary to know the point about which the rotation is

performed and the angle of rotation. To do this, we first calculate the following quantities.
The area of the image object is calculated as
N;-1N,-1

S= Zanln :

n =0 n,=0
where B = [Bnl,nz] is the binary matrix indicating which image points belong to the object.

The point with coordinates (X, Y. ), about which the rotation is performed, is calculated as the center of
mass of the image object as

1 N1, 1 Nl
ZZ 1700, Yo = ZZ 2%n,ny °
nl =0 n,=0 n1 =0 n,=

The second-order moments M, ,my, my, for the image object are calculated as

1 N2l 1 N2 _
:_Z Z(n C “1”2 ! Zz(n yC)anvnz '
n1 =0 ny= nl =0 n,=
1 NN _
== Z z (n,—x.)(n,—y)b, , .
”1 =0 n,=

The rotation angle £ (in radians) is calculated as the direction of the principal axis for the gray-scale image
object based on the following equation

2m
tan2f=—7"—.
m, —m,

In the discrete case, the rotation of the gray-scale image object O(n;, n,) , which maps each point (n;,n,)
to point (M,, M, ), and the resulting rotated gray-scale image object O™ (m,,m,) is given by [27]
ml :[Xc + (nl - XC)-COSﬂ$(n2 - yc)'Sinﬂ]l m2 :[yc i(nl - Xc) 'Sinﬂ+ (n2 - yc) ‘COSﬂ].

where [] denotes floor division.

The specific signs in rotation formulas depend on whether the coordinate system is right-handed or left-
handed, and whether the rotation is clockwise or counterclockwise. The upper sign corresponds to a right-handed
coordinate system and a positive counterclockwise rotation direction (or a left-handed coordinate system and a positive
clockwise rotation direction), while the lower sign corresponds to the remaining two combinations.

A binary matrix is determined that indicates which image points belong to the rotated object BU™ = =[b

e |5 turn — 1' Oturn (nl’ n2) > 0
ny,Ny O, oturn (nl’ n2) — 0

|5 turn ]
NNy
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1.9. Calculating the diameter of the rotated object in the grayscale image
The radius of the object is calculated as the distance from the center of the object to its farthest point
_ 2 “turn |5 turn
R= max (0, =x.) by’ +(n, - y.) b, ne0,N,~1n,e0N,-1.

The diameter of the object is calculated

D=2R.

1.10. Asymmetry check based on a rotated object in a gray-scale image
To check for asymmetry, the rotated object must first be split [27].
The rotated object in the grayscale image is split  horizontally in  half

to obtain two images: one containing the upper half of the object, i.e., O“’p(nl,nz),

o"“"(n,n,), n,<N,/2

o' (nl, n2) = ( ! 2) 2 27 ‘and the other containing the lower half of the object, followed by a
0, n,>N,/2

mirror reflection of the lower half of the object with respect to the horizontal axis, i.e., Ob°“°m(n1,n2),

Obottom( ) Oturn( n2)1 n2 < NZ /2
“ o, n,>N,/2

Next, a binary matrix of points belonging to the upper half of the rotated object in the gray-scale
D to| I tO I tO br;u:\n’ n2 < N /2

image B = =[b,’ 22] bnl EZ = , and a binary matrix of points belonging to the mirror-
0, n,>N,/2

reflected  lower half of the rotated object in the gray-scale image B™"" =[b, b‘m"m],

bnllnort]tzom — {b”iu,;\l—nz’ n2 < NZ /2

0, n,>N,/2

The rotated object in the gray-scale image is split vertically in half to obtain two images containing the left
o“"(n,n,), n <N,/2

half of the object, i.e., O""(n,,n,), O*"(n,n,) = , and the right half of the object,
0, n>N,/2

, are computed.

followed by a vertical mirroring of the right half of the object, i.e, O"ght(nl,nz),

t
Oright(n n )_ Oum(Nl_nvnz): n < N1/2
10127 — '
0, n=N,/2
Then, a binary matrix of points belonging to the left half of the rotated object in the gray-scale
b n <N,/2
image B"™" —[bn'lefrfz] bn'ff,t]z =4 ™®’ T and a binary matrix of points belonging to the mirror-
0, n=N,/2

Np—ny,n, !

reflected right half of the rotated object in the gray-scale image B"™ =[b""], b p riot —
0, n=>N,/2

M,y M,N,

{am 0 <N,/2

, are computed.
The area of the rotated image object is calculated as

N;-1N,-1
turn __ I~ turn
s¥ =2, 2. b
n =0 n,=0

where B"" = [Bntl”;:] is a binary matrix indicating which image points belong to the rotated object.

The brightness asymmetry of the object with respect to the horizontal axis is calculated as [27]
N;-1N,-1

Z Z ‘Otop (n11 n ) Obottom (n11 n )‘

n =0 n,=0

S turn

The brightness of the object relative to the horizontal axis is asymmetric if a”" > 0.03.
The brightness asymmetry of the object relative to the vertical axis is calculated as [27]
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N;-1N,-1

z z‘olefr (nl,n ) O”gh‘(nl,n )‘

owmn
S n =0 n,=0

The brightness of the object relative to the vertical axis is asymmetric if a” > 0.03.

The shape asymmetry of the object relative to the horizontal axis is calculated as [27]
N;-1N,-1

sh top I~ bottom
Sturn z Z ‘brh n, b”u”z ’

,nz

The shape of the object for the horizontal axis is asymmetric if a™" > 0.02 .

The asymmetry of the object’s shape for the vertical axis is calculated as [27]
N;—1N,-1

Stum Z Z‘bleﬂ _ rlght .

n =0 n,=0

The shape of the object for the vertical axis is asymmetric if a* > 0.02 .

2. Development of a fuzzy expert system for melanoma diagnosis

For the diagnosis of melanoma, this study further refined a fuzzy expert system that utilizes Sugeno’s fuzzy
inference algorithm and involves the following steps:

—  formulation of linguistic variables;

—  formulation of a fuzzy rule base;

—  fuzzification;

— aggregation of subconditions;

—  activation of conclusions;

—  defuzzification.

2.1. Formation of linguistic variables
The following were selected as crisp input variables:

—  the degree of border irregularity X, ;

- the number of colors X, ;

- the diameter X, ;

—  the brightness asymmetry value for the horizontal axis X, ;
—  the brightness asymmetry value for the vertical axis X ;

—  the shape asymmetry value for the horizontal axis X ;

—  the shape asymmetry value for the vertical axis X, .
The following were selected as linguistic input variables:
—  boundary irregularity X, with its values ¢, = low, &, = medium, &,, = high, where the value

ranges are uzzy sets Ay =0 | 1, ()}, A =0 |11, ()}, Ay =06 1115 ()}

—  number of colors X, with its values &,, = low, &,, = medium, &,, = high , where the value
ranges are fuzzy sets A21 ={x, |/JA21(X2)}1 Azz ={X, |,UA22 (%)} A23 ={X, |,u/;23 (%)}

—  diameter X, with its values &, = low, &,, = medium, &, = high , where the value ranges are
fuzzy sets A, ={X |/JA31 (%)} Ap ={X% I/JA32 (%)} Ay ={X |,uA33 (%)}

—  brightness asymmetry for the horizontal axis X, with its

values &,, = low, @,, = medium, @, = high, where the domains are fuzzy sets A, ={X, | 1z, (X))}

A =% | a5, ()} Ag =1, L1 (X))
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—  brightness asymmetry X for the vertical axis with its

values &, = low, &, = medium, &, = high, where the domains are fuzzy sets A, ={X; | 1 (%)}

A, ={X |/le52 (%)} Ay ={X |,u,353 (%)}
—  shape asymmetry X, for the horizontal axis with its values &g, = low, &, = medium, &, = high

, where the value ranges are fuzzy sets Ay, ={X |,u/3\31 (%)} A, ={X |,u/362 (%)} A, ={x |,u/363 (%)}

—  shape asymmetry X, for the vertical axis with its values &, = low, &, = medium, &,, = high,

where the value ranges are fuzzy sets A,; ={X, |,u/3‘71 x)} A, ={X |qu72 (X))} As={x, |,uA73 (x,)}.
The state number of the formation y (1 is benign, 2 is suspicious, 3 is malignant) was chosen as the crisp
output variable.

2.2.  Formulation of the fuzzy rule base
The proposed fuzzy rules account for all possible combinations of values for the input linguistic variables
and the corresponding values of the output linguistic variable:

For example, the fuzzy rule R with weight F! corresponds to the following knowledge: if the boundary
irregularity is small and the diameter is small and the number of colors is small and the brightness asymmetry is small
and the shape asymmetry is small, then the formation

is benign (y =1).
RY:IF X, thereis &, AND X, thereis &, AND X, thereis &y, AND X, there is &,; AND Xy there

7
is &, AND K, there is g, AND X, thereis &y, THEN Y =&, + D&% (FY),
i=1

where & is given weight coefficients.

2.3.  Fuzzification
Let us define the degree of truth of each subcondition of each fuzzy rule using the membership

function M, (x;).

The membership functions of the subcondition X, is ¢, are defined as
B 1
a l+exp (@, x;—b,)) ’
The membership functions of the subcondition %, is &, are defined as

> 0.

H; (x;) ay

Ci2

x—b,

My (X)) =exp| — ,a,>0,c,>0.

=)

The membership functions of the subcondition X is &, are defined as
_ 1
l+exp ta, x;,—by))

My (x5) , a,>0.

b,

where a, o

s and c,; are parameters.

2.4.  Aggregation of subconditions
Let us define the truth value of each condition of each fuzzy rule as

7 —_— —
a2 =[u; ), 3 €13 kelr,
=1 e

2.5.  Activation of conclusions
First, the truth values of the conditions of the fuzzy rules are multiplied by their weights

a3 =a2 F*, kel,r
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In this work, the weight coefficients of the fuzzy rules F" are defined as

F'=1.

Next, the conclusions are calculated, which involves determining the values of the output crisp variables for
each fuzzy production using the weighted sum method

7 —
k .k k
Z =&, +Zgixi, kel,r.

=1

2.6. Defuzzification
To obtain the state number of the formation, the weighted sum method is used

y= Zr:aBk .
k=1

3. Selection of evaluation criteria for the performance of a fuzzy expert system for melanoma
diagnosis

In this study, the following criteria were selected to evaluate the performance of a fuzzy expert system for
melanoma diagnosis:

- the accuracy criterion, which involves selecting parameter
values @ = (@b, 13, Dy, 1Cry 133 s 1 ooy 0o 1850 D5 1Cop 1305 4055 ) that minimize the mean squared error (the

difference between the fuzzy expert system’s output and the test output)

ZZ Ve = —)mm (D)

p 1z=1
where d_, isthe testoutput, d,, € {0,1}, vy, is the output of the fuzzy expert system, and P is the number of test

runs.

— the reliability criterion, which involves selecting parameter
values 8 = (@, b, @, D, 1C5 135 Dy3 1 weroy 101 130, D)y 1Cop 1305 ;) that minimize the probability of an
incorrect decision (the difference between the output of the fuzzy expert system and the test output)

l P
F= PZ[argmaxy # argm axd, }—)mgjn, (2)
zel3
p=1
1, amgmaxy, # argmaxd,,
[argm axy, #argmaxd, } e e
z€13 z€13 0, argm axy argm axde

zel,3

—  the speed criterion, which means selecting such values of the

parameters 6 = (@, /0, @, 0y 1Cly 1815 015 1 wew@ay 051 130y 01y 1Ch 1855 4055)  that  minimize  computational
complexity
F=T—> mgjn. 3)

Experiments

A numerical analysis of the proposed fuzzy expert system was conducted using Python.

Table 1 presents the computational complexity, root mean square errors (RMSE), and probabilities of
incorrect decisions in melanoma diagnosis obtained on the Melanoma Detection Dataset [28], which contains RGB
images of size 4288 x 2848, where 1,746 images were randomly selected from 2,364 images for the training set, and
618 images were selected for the validation set (108 images) and the test set (510 images), where P is the number of
test runs, w 1 is the number of parameters of the CNN neural network, and W 2 is the number of parameters of the
fuzzy expert system.

Table 3
Computational complexity, mean squared error, and probability of incorrect decisions in melanoma
diagnosis
Model and parameter identification method RMSE Propablhty of mz?k_mg an Computational complexity
incorrect decision

CNN neural network 0.10 0.05 T=PW 1

Fuzzy expert system 0.05 0.02 T=PW 2
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According to Table 3, the fuzzy expert system yields the best results.

Conclusions

1. To address the challenge of improving the accuracy of melanoma diagnosis, relevant artificial
intelligence methods were investigated. These studies have shown that, to date, the most effective approach is the use
of a fuzzy expert system with preliminary digital signal processing.

2. The novelty of this study lies in the fact that the proposed fuzzy expert system represents knowledge
about melanoma in the form of fuzzy rules that are understandable to humans; it reduces computational complexity,
the probability of making an incorrect decision, and the mean squared error.

3. As a result of numerical analysis, it was established that the proposed fuzzy expert system yields a
probability of incorrect decisions in melanoma diagnosis of 0.02 and a root mean square error of 0.05.

4. Future research prospects include the use of the proposed fuzzy expert system in various intelligent

decision support systems.
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YepkacbKuii Aep:kaBHUI TEXHOIOTIYHNI YHIBEpCUTET

METOJIU JIATHOCTUKU MEJAHOMHU HA OCHOBI IIU®POBOI OBPOBKH
30BPAKEHDb TA EKCIIEPTHUX CUCTEM

Y €TarTTi 3arnporoHOBaHO PIllIeHHS aKTYa/IbHOI HayKOBO-IPUKIaAHOI 3adadql Lo[0 CTBOPEHHS METOAY AI8rHOCTUKU MEIaHOMU
HAa OCHOBI HEYITKOI EKCIIEPTHOI CMCTEMM Ta LUNGPOBOI 06POBKM 306PaXKEHD. 3arpPOroHOBaHM y CTaTTi pO3pPaxyHOK O3HaK MEGHOMU
Ha OCHOBI LN@POBOI 06PO6KN 300paKEHHS] BKITIOYAE B CebE: MEPETBOPEHHS KO/IbOPOBOrO 306PAXEHHS Y Cipe 300paKeHHS,;
1EPETBOPEHHS CIPOro 300paxeHHs y biHapHe Ha OCHOBI O4HOPIBHEBOI r/106a/1bHOI' TOporoBoi 06pobky 3 rioporom Oy, BUAATIEHHS
APi6HNX OOEKTIB OIHAPHOrO 300paeHHs1 33 L[OrOMOrol MOP@OJIONiYHOro MEPETBOPEHHS, @QOPMYBaHHsS OIiHapHOI maTpuLli
TIPUHANIEKHOCTI TOYOK 306PaXEHHS 4O 06EKTa Ta CIPOro 300paxeHHs 00 EKTa; BU3HAYEHHS MEXI OO EKTa GIHaPHOIrO 300PaxeHHs
17ic/151 MOPQOSIOriHHOroO NEPETBOPEHHS Ha OCHOBI METOLY KaHHI;, 0OYUC/IEHHSI HEPErY/ISPHOCTI MEXI 00°€KTa BIHaPHOroO 306paXKeHHs
17iC/151 MOP@OJIOriYHOIrO NMEPETBOPEHHS; BUIHAYEHHS Ki/IbKOCTI KOJIbOPIB Ha OCHOBI K/1aCTEpM3aLIT 06 €EKTa CpOoro 306paxkeHHsl; oBopoT
06€KTa Clporo 306paKeHHs; OOYNC/IEHHS AIBMETPA OBEPHYTOrO OOEKTa CIpOro 306PaXKeHHs;, MEPEBIPKY acuMeTpii Ha OCHOBI
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10BEPHYTOr0 O6EKTa CipOro 306PaxeHHs. /15 AIarHOCTUKN MEIGHOM ¥ poboTi 6y/10 BAOCKOHA/IEHO HEYITKY EKCIIEPTHY CUCTEMY
AI8rHOCTUKYM METIGHOMY, 5IKa BUKOPUCTOBYE a/lrOpUTM HEYITKOro BUBEAEHHS CYreHo. EKcriepumenTasibHe AOCTIKEHHS MIATBEPANIIO,
L0 38IPOrIOHOBAHA HEYITKA EKCIEPTHA CUCTEMA 3a6Ee3M1eqye MMOBIDHICTb PMUHSITTS HENpaBuiibHuX PILLIEHSL LOAO [iarHOCTUKU
meniaHomn Ha piBHi 0,02, a CcepefHbOKBagpaTnyHy roxuoky — 0,05. HaykoBa HOBMU3HA AOCIKEHHS [1O/ISra€ B TOMY, LJO
3alPOMOHOBAaHa HEYITKa EKCEPTHA CUCTEMA 3a6E3r1eYyeE MPEACTAB/IEHHS 3HaHb PO MEIGHOMY y BUITISAI HEYITKUX 1PaBwl,
JOCTYITHUX [/ PO3YMIHHS JIIOANHOK, 3MEHILYE OOYNCTIIOBATIbHY CKAGAHICTb, WMOBIPHICTb MPUIHSTTS HEMPaBU/IbHOMO DilieHHS Ta
CEPEAHBOKBAAPATUYHY TOXUOKY. 3aripOrOHOBaHE PILLIEHHS € MAcLUTaO0BaHUM | MPUAATHUM [/15 38CTOCYBAHHS B [HTE/IEKTYaIbHUX
cucTeMax rPMiHATTS PiLLEHs.

Kmo4oBi  C/10Ba. HEYITKa EKCIepTHa CUCTEMA LfiarHOCTUKY  ME/IaHOoMY, OiHapm3alis 300PaxXeHHSs, E€OMETPUYHI
IEPETBOPEHHS 300PAKEHHS], KIACTEPU3ALIS 300PDAKEHHS], BU3HAYEHHS MEX OO EKTIB 300DAXEHHS, MOP@PO/IOrTYHE MEPETBOPEHHS
306pPaXKeEHHS.
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