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Abstract

Breast cancer has an important role in mortality among women. Early and accurate
diagnosis is essential for effective treatment. The Computer-Aided Detection (CAD) system
can assist healthcare professionals in the diagnostic process. This research introduces a
practical approach to enhance the CAD system’s performance in breast cancer diagnosis by
analyzing thermal images. The research methodology in the suggested CAD system involves
the integration of efficient algorithms during the feature extraction and classification stages,
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along with a novel feature selection algorithm. The SFTA technique is employed for feature
extraction. Then, the EO algorithm is applied to the extracted features. The SVM and DTree
classification techniques are then implemented to assess the discriminative efficacy of
the selected features, aiming for successful group classification. The suggested method is
evaluated using the DMR database. The results demonstrate an accuracy of 98.5%, specificity
of 99%, and sensitivity of 98%. The breast cancer diagnostic method that was developed
exhibits advantages over other approaches that utilize thermography.

Subject Classification: 68U10, 54H30, 92C55.

Keywords: Breast cancer, Equilibrium-optimizer algorithm, Feature selection, Thermography,
Computer-aided detection system, Feature extraction.

1. Introduction

Breast Cancer (BC) has a vital role in mortality among women, which
underscores the critical importance of accurate and early diagnosis for
effective treatment. Early detection not only aids in averting unnecessary
surgeries but also enhances the likelihood of a patient’s survival. Cancerous
tissues exhibit heightened metabolic activity, increasing blood flow and
elevated temperatures. In this context, infrared breast thermography
serves as a screening tool, capturing temperature distribution in breast
tissue. It proves pivotal in mammography screening for early BC detection
[1,2].

The use of a Computer-Aided Detection (CAD) system for analyzing
breast thermal images has proven to be a valuable asset, supporting
radiologists in cancer diagnosis [3]. The CAD system comprises various
stages such as Feature Extraction (FE), classification, and Feature Selection
(FS) [4]. Among these, the FS emerges as a crucial step, as it not only
reduces processing time but also enhances diagnostic accuracy by selecting
optimal features [2].

Artificial Intelligence (Al) algorithms represent a significant category
within metaheuristics, drawing inspiration from natural processes. In the
natural world, collective behaviors observed in animals like hawks, bats,
whales, and bees surpass the intelligence of individual members [5-7].
Researchers have harnessed these AI behaviors to address complex
problems with incomplete information [8]. One notable instance of Al
algorithms is the Equilibrium Optimizer (EO), explicitly employed for
optimization applications [9-11].

In recent years, there have been multiple endeavors to introduce CAD
systems for BC diagnosis, incorporating Al algorithms and thermography
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[1,9,12-19]. While these CAD systems exhibit commendable performance,
there remains room for improvement in the BC detection [2, 13, 20, 21].

This study proposes a practical approach for enhancing the efficiency of
the CAD systems dedicated to BC diagnosis through the thermography
technique. The primary contributions of this paper include the following:

e FE utilizing the Segmentation Fractal Texture Analysis (SFTA)
technique.

e FSemploying the EO algorithm on the extracted features.

e Application of Support Vector Machine (SVM) and Decision Tree
(DTree) classification algorithms to categorize the selected feature
groups.

e Comparative analysis indicates that the proposed method exhibits
advantages over other BC diagnosis approaches.

This essay’s organization is as follows: Section 2 introduces the
previous works. Section 3 offers the developed method. Section 4
introduces the utilized algorithms. Section 5 presents the results. Section 6
represents the findings. Finally, section 7 describes the essay’s conclusion.

2. Related Works

A BC CAD system has been proposed by Zarei, Rezai, and Hamidpour
[1]. They use a novel Gaussian Mean Shift (GMS) algorithm-based
segmentation technique for thermal images. The resulting accuracy,
specificity, and sensitivity are 87.4%, 84.86%, and 91.81%, respectively.

FS algorithms have been utilized by Darabi, Rezai, and Hamidpour
[12] to diagnose BC in thermal imaging. Their suggested CAD system uses
a hybrid approach for FS that combines the Random Subset Feature
Selection (RSFS) method with the Genetic Algorithm (GA) and mRMR
algorithm. Additionally, the SVM and kNN classifiers are used. The
achieved specificity, accuracy, and sensitivity are 75%, 79.31%, and 85.36%,
respectively.

Essential features in thermal imaging for diagnosing BC have been
the focus of Salimian et al. [9]. They examined several features: mean,
correlation, energy, entropy, and contrast.

Using supervised and unsupervised methodologies, Resmini et al.
[13] have created a computational approach for cancer diagnosis that
combines dynamic and static infrared thermography. The GA has been
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made available for the FS. They tested their approach using the DMR
database. They also employed SVM for the classification. The achieved
specificity is 95%, accuracy is 95%, and sensitivity is 95%.

Moayedi, Rezai, and Hamidpour [14] have provided a way to enhance
the CAD system’s performance using thermal images. The suggested
method extracts features using thermal images and the LBP and GLCM.
The Firefly FS algorithm is then used to select the best features. They
employed the DTree, SVM, and kNN classifiers to identify BC. When
employing SVM as a classifier, they obtained a sensitivity of 99%, accuracy
of 98.8%, and specificity of 98.2%.

To diagnose, Khafaga et al. [15] employed thermal images and
extracted features using the algorithms VGG16Net, VGG19Net, ResNet-50,
GoogLeNet, and AlexNet. The obtained results are 98.36% sensitivity,
62.51% specificity, and 96.15% accuracy.

A thorough examination of the impact of FS approaches on detecting
and diagnosing anomalies in thermographic images is carried out by
Mishra and Rath [16]. The study selects features using principal component
analysis and autoencoder techniques. The DMR database is used for the
assessment, and the kNN method is used for classification. The results
show a 95.45% accuracy rate.

Pramanik, Pramanik, and Sarkar [17] proposed a CAD system to
diagnose BC. They utilized GA and Grey Wolf Optimizer (GWO)
algorithms for feature selection. The accuracy rates achieved using GA
and GWO algorithms are 100%.

Kaladevi et al. [18] employed the Orca Predation Optimization (OPO)
algorithm for detecting BC from thermal images. They evaluated the
proposed CAD system using datasets from the curated breast imaging
subset of DDSM. The achieved accuracy, specificity, and sensitivity are
99.04%, 98.56%, and 97.78%, respectively.

Chatterjee et al. [22] used the algorithm Grunwald-Letnikov-aided
Dragonfly for BC detection and achieved an accuracy of 97% with SVM
classification.

Kalaiyarasi et al. [23] utilized the Ant Colony Optimization (ACO)
and FS algorithm, as well as the SVM algorithm for BC detection, achieving
an accuracy of 97.4%.

Hamim et al. [24] utilized the ACO Algorithm for BC detection in the
field of gene selection and achieved an accuracy of 95%.

Punitha, Al-Turjman, and Stephan, [25] applied the Artificial Bee
Colony (ABC) and Integrated Artificial Immune System (IAIS) algorithms
for FS in BC detection from the Wisconsin database, achieving an accuracy
of 99.11%.
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3. Methodology

Figure 1 illustrates the research approach outlined in this paper.

Phase 1

Orginal DMR Dataset

RGB To Gray Scale
and
Convert to uint8

Phase 4 Phase 3 Phase 5

Classification evaluation
Classification evaluation Feature extraction using feature selection
without feature selection BRI (Equilibrium-Optimizer
algorithm algorithm)

Phase 6

Comparison between model build without
feature ion and model build with feature
selection

Figure 1
Research Methodology

Our research methodology comprises six phases. The initial phase
involves data acquisition, where the necessary data for the study is
collected. The second stage focuses on data preprocessing, encompassing
tasks such as integration, cleaning, and transformation to render the
collected data suitable for classification prediction. The third phase
involves feature extraction, and the obtained results transition to phase
four, where classification prediction is performed without feature
selection. In phase five, we introduce the EO algorithm, which is used for
FS, and the obtained results are subsequently employed for classification.
Then, the suggested models, with and without FS, are compared in the
final stage.

3.1 Phase 1 — Dataset

A set of 200 images from both healthy and malignant patients is
obtained using the DMR database [26].
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3.2 Phase 2 — Data Preprocessing

An essential preprocessing step in this phase is changing the format
from RGB to black and white. Finally, the format is changed to unit8. The
brightness level of the images is changed to between 0 and 255.

3.3 Phase 3 — Feature Extraction

FE is performed using the SFTA algorithm, yielding 576 features per
image. As a result, 115,200 features are extracted.

3.4 Phase 4 — Classification Evaluation Without FS

The classification is executed without FS in this step. The SVM and
DTree algorithms are employed for this purpose. While all extracted
features are utilized to detect cancer.

3.5 Phase 5 — Classification Evaluation Using FS

Recognizing that the accuracy may be decreased by utilizing all
features due to high processing. The FS is introduced in this phase to
reduce processing time and enhance accuracy. The EO algorithm is used
for FS and applied to the extracted features.

4. Applied Algorithms
4.1 FE Algorithm

We employ the SFTA for FE. This algorithm comprises two stages. In
the first stage, a grayscale image undergoes decomposition to a binary
image set using Two Threshold Binary Decomposition (TTBD).
Subsequently, the pixel count and mean gray level are calculated for each
image. Furthermore, the boundaries of the regions are leveraged to
compute the fractal dimensions.

4.2 FS Algorithm

FS plays a crucial role in data mining, analysis, and Al This essay
introduces an efficient hybrid EO-based [27] FS algorithm. The EO
algorithm is an optimization algorithm based on dynamic systems’
balance and equilibrium behaviors [28]. The EO algorithm is based on a
simple, well-mixed dynamic Mass Balance (MB) that controls volume.
This entails using an MB equation to show how concentrated a nonreactive
material is in a control volume while considering its several sink and
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source mechanisms. The equation for MB represents the fundamental
physics that controls the mass conservation in a control volume, including
mass generated, exiting, and entering. An ordinary differential equation
of first order indicates the generic MB equation shown in Eq. (1) [28].

dz
VE:QZﬂ7 -QZ+G @)

According to this formula, the mass-produced internally, the total
mass entering the system, less the mass exiting the system, represents the
change in mass over time [28]. Parameter Z represents the concentration
inside the control volume (V). The term V% is a representation of the
mass change rate in the V. The parameter Q represents the volumetric
flow rate out of and into the V. The parameter Z, denotes the concentration
at equilibrium when no generation is inside the V. The parameter G
represents the mass generation rate inside the V. More details about the
EO algorithm can be found in [28]. Algorithm 1 illustrates the EO
algorithm.

4.3 Classification Algorithm

In this section, we apply the DTree and SVM algorithms on the
extracted or selected features to analyze the performance of the proposed
models. The following provides a concise overview of each algorithm:

4.3.1 The SVM Algorithm

One significant classification algorithm is the SVM algorithm, which
establishes a connection between inputs and outputs based on labeled
cases. It categorizes inputs, and its operation relies on nonlinear kernel
functions [29].

4.3.2 The DTree Algorithm

The decision tree uses a tree structure to build classification models.
It gradually separates a dataset into smaller subsets while concurrently
creating a DTree. Leaf nodes and decision nodes make up the final tree.
The decision nodes have two or more branches, but the leaf nodes show
categories. In a DTree, the root node represents the best prediction.
Because of their versatility, DTrees can handle both numerical and
categorical data [30].
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Algorithm 1: The EO algorithm

Set the initial populations of the particles, i=1....n.
Give the equilibrium candidates’ fitness a high number.
Set unrestricted parameters GP=0.5; al=2; a2=1;
While Iter < Max_iter
Fori=1:n
compute fitness of ith particle
If fit(—= ) < fit(=
{ Z i) (Z eq 1)
Replace withand -  with (= ) and fit (= ) with fit(—= )
Zegi Zj Zeg1 Zij
Elseif ft( ) > ﬁt(—> ) & fit(= ) = fit(= )
eq 1 Zj Z eq2
Replace w1th and -  with (— ) and fit (- ) with fit(— )
Zeq2 Zj Zeg2 Zj
Elseif fit(— ) > fit(—w ) & fit(= ) > fit(=» ) & fit(= ) < fit(—» )
Zj zt:_-ql Zj zeqz Zj ZEq3
Replace with and — with (= ) and fit (= ) with fit(= )
Zeq3 Zj Zeq3 Zi
Elseif fit(— ) = fit(= & fit(= ) = fit(—= & fit(—= ) < fit(— &
(Zi) (Zeql) (Zi) (zceq2) (Zi] (Ze:ﬁ)

ﬁt[—z>i) < flt{?eq 4}

Replace with and »  with (= ) and fit (= ) with fit(— )
Zj Zeq4a Zj

Zog4
End (If)
End (for)
- _Z.EE[ 1+ _Z.eq2+ _Z.EE[ 3+ Zeq 4
zave +
Canstruct the equilibrium pool — =
Z pg,pool
— — — - -

Zeq(1) Zeq(2) Zeq(3) Zeq(4) Z eqave)
Accomplish memory saving (if Iter > 1)

Iter (azL) Eq(g)

A i t= 1 — Max_lter
SSlgIl ( Maxltel)
Fori=1:n
Select one candidate at random from the vector (equilibrium pool)
Generate random vectors of > 7 from Eq(11)
r

Construct i a,sign (—: - 0.5) [e7% —1]
0.5ry, 1y < GP
0, r, = GP

Construct—& == (— —>—&)
Gy GCP "Ceq A

Construct —v =—3.—
Go F

Construct — = {
GCP

Update concentrations ===+ (—> ——= ).—» +-£(1-=)
Z Zey \Zo Zeg/ F 3V F

End (for)
Tter =Iter+1
End While
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5. Results and Discussion

The proposed CAD system is assessed using MATLAB 2019a,
employing the DMR database. The evaluation considers classification
sensitivity, accuracy, and specificity as effectiveness measures, as given by

Egs. (2)-(4):

_ IN+TP
Accuracy = oo N R (2)
Sensitivity = % (3)
o TN
Specifity = 5 ¢ (4)

Here, TN, FN, FP, and TP denote true negatives, false negatives, false
positives, and true positives, respectively. The subsequent sections present
the obtained experimental results and engage in a detailed discussion of
the outcomes.

5.1 Classification Evaluation Without FS-phase

In this section, we apply the DTree and SVM to the DMR dataset to
classify without using FS. Figure 2 shows the experimental outcomes
regarding sensitivity, accuracy, and specificity.

The results without FS demonstrate that the DTree classification
provides better performance regarding sensitivity, accuracy, and
specificity.
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Accuracy Sensitivity Specificity
W DTree 77.5 76.1 78.9
HSVM 52.5 51.6 55.56
Figure 2

The results without FS
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Figure 3
The results using EO-FS

5.2 Classification Evaluation with FS-phase

The classification is done using the EO algorithm as the FS algorithm
in this section. The results are shown in Figure 3.

The results using the EO-FS algorithm indicate that the SVM
classification provides high performance regarding accuracy and
specificity.

6. Comparative Analysis

Figure 4 illustrates the results. According to the results illustrated in
Figure 4, the maximum accuracy rate reached is 98.5%. These findings

100
90
80
70
60
50

Accuracy | Accuracy | Sensitivit | Sensitivit | Specificit | Specificit
without with y without | ywith |y without| vy with
feature | feature | feature | feature | feature | feature

selection | selection | selection | selection | selection | selection

S S S S S S
HDTree 77.5 98.25 76.1 98 78.9 98.5
HSVM 52.5 98.5 516 98 55.56 99
Figure 4

The experimental results of classifications
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signify the comprehensive efficacy of the SVM classification algorithm
employing the EO-based FS algorithm.

Table 1 encapsulates the results, facilitating a more nuanced
comparative analysis. Furthermore, Table 2 summarizes the experimental
results, including the CAD systems’ accuracy, specificity, and sensitivity

metrics.
Table 1
Performance of classifiers
Classifiers
Evaluation DTree SVM
Metrics Without Using EO Without Using EO
Feature Feature Feature Feature
Selection Selection Selection Selection
Accuracy (%) 77.5 98.25 525 98.5
Sensitivity (%) 76.1 98 51.6 98
Specificity (%) 78.9 98.5 55.56 99
Table 2
Comparative table for the CAD systems
Ref Database FS method Classifier |Performance (%)
Specificity = 98.2%
[14] DMR Firefly SVM Accuracy = 98.8%
Sensitivity = 99%
Grunwald-Letnikov- ~omo
[22] DMR aided Dragonfly SVM Accuracy = 97%
Specificity = 88.07%
[16] DMR GLRLM kNN Accuracy = 95.45%
Sensitivity = 99.17%
[24] ELVIRA ACO SVM Accuracy = 95%
[25] Wisconsin IAIS and ABC ANN Accuracy = 99.11%
[23] DMR ACQO and PSO SVM Accuracy = 97.4%
[31] DMR BPSO SVM Accuracy = 96.22%
— 9
[12]  |DMR mRMR, SVM ;mu;ac'y 7jsi/1 '
pecificity = 75%
GA and RSES Sensitivity = 83.36%

Contd...
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Specificity = 95%
DMR GA SVM Accuracy = 95%
Sensitivity = 95%
Specificity = 98.5%
DTree Accuracy = 98.25%

[13]

This DMR EO Sensitivity = 98%
paper Specificity = 99%
SVM Accuracy = 98.5%

Sensitivity = 98%

The outcomes highlight the commendable performance of the
proposed CAD system. Remarkable results were attained, with the system
achieving a peak accuracy, specificity, and sensitivity of 98.5%, 99%, and
98%, respectively. These findings stand out favorably compared to other
investigations targeting BC detection through thermography using the
SVM classifier algorithm.

7. Conclusions

Thermography, recognized for its non-invasiveness, painlessness,
cost-effectiveness, and potential for significant treatment opportunities,
stands out as a preferred technique for BC detection. This paper introduced
an innovative method to enhance the detection of BC accuracy using
infrared thermal images. The EO algorithm proves to be highly effective in
selecting optimal features, contributing to the reduction of diagnostic
process complexity. Evaluation results show the success of the FS
algorithm, achieving an accuracy of 98.5%, specificity of 99%, and
sensitivity of 98%. Comparative analysis underscores the superiority of
the suggested CAD system over other existing CAD systems.
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