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ABSTRACT

Breast Cancer (BC) is a common illness that has received considerable attention in the last few years. Early
recognition of this disease is crucial to improving the chances of survival. Thermography is an effective
screening tool that can assist in detecting BC by identifying body parts with abnormal temperature
variations. For effective BC detection using thermography, it is crucial to identify the Region Of Interest
(ROI) in the thermograms before diagnosis. Deep Learning (DL) models currently enable the development
of systems for detecting abnormalities from thermogram images. In this study, a Leveraging Antlion
Optimization and Fusion Feature for an Enhanced Segmentation Method to Improve Breast Cancer
Analysis (LALOFF-SMIBCA) is proposed. This study aims to develop an automatic segmentation model
for BC detection using thermogram images, thereby enhancing diagnostic accuracy and efficiency.
Initially, the image pre-processing utilizes the Adaptive Bilateral Filtering (ABF) model to remove
unwanted noise and enhance image quality. Furthermore, the improved DeepLabv3+ model is employed
for segmentation. Moreover, a fusion of the ResNetl01l, ContextNet, and MobileNetV2 models is
implemented for feature extraction. Additionally, a Variational Autoencoder (VAE) is utilized for BC
classification. Finally, the parameter tuning process is performed using the utilization optimization
method. Experiments with the LALOFF-SMIBCA approach are conducted on the BC diagnosis dataset.
The comparison analysis of the LALOFF-SMIBCA approach demonstrated a superior accuracy of 98.54 %
compared to existing models.

Keywords-breast cancer analysis; segmentation method; antlion optimisation; thermogram imagery; fusion

feature extraction

I.  INTRODUCTION

BC remains a prevalent type of invasive cancer among
women globally. Based on a survey, around 627,000 women
have died due to BC, and these numbers are rising worldwide
[1]. Initial detection is vital to improve patient outcomes since
it enables appropriate intervention and treatment strategies [2].
Currently, numerous imaging modalities exist to diagnose such
diseases [3]. Thermography employs a heat-sensing camera to
detect temperature differences on the breast surface, as
malignant tumors often appear warmer due to increased blood
flow and cell activity [4]. Unlike mammography, it is non-
invasive and does not require breast compression [5].

During the segmentation process, breast regions are
extracted and separated from other body parts in a thermogram
[6]. Therefore, segmentation identifies the ROI in the output
image. For ROI extraction, automated and manual methods are
employed [7]. Manual segmentation is often employed to
mitigate segmentation errors that may arise from automated
methods [8]. Feature extraction is performed after the breast
region is segmented. Currently, Computer-Aided Detection
(CAD) shows some development in this domain [9], whereas
advanced ML and DL models have confirmed the possibility
for the detection and segmentation task [10].
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Authors in [11] utilized a multi-resolution ViT-enabled
structure with ensemble decision-making. Authors in [12]
proposed an automatic CAD scheme. They also employed
Otsu’s multilevel thresholding paradigm for detection and
segmentation. Authors in [13] presented BreastCNet, a CNN
with an optimizer and a multi-task learning approach. Authors
in [14] proposed a method for transforming ultrasound images
into a 3D model using the Point-E system. Moreover, a feature
pattern study was used to define the features. Authors in [15]
introduced a new CNN-based multi-class tissue segmentation.
Authors in [16] presented a UNet-like DL model named DRD-
UNet that includes a new processing block termed a Dilation,
Residual, and Dense (DRD) block within the UNet
architecture. DRD-UNet is used for the semantic segmentation
of histological images. Authors in [17] presented an ROI
identification model for WSI and applied it to Human
Epidermal growth factor Receptor 2 (HER2) grading in BC
patients. Authors in [18] developed a framework to identify and
delineate cancer regions in mammographic and Breast
Ultrasound (BUS) images. Authors in [19] proposed a method
incorporating fuzzy fusion-based segmentation (including
Rényi Entropy, Level Set, and DeepLabv3+), Enhanced Snake
Optimization (ESO) for feature selection, and ensemble
AdaBoost for classification. Authors in [20] presented a model
by integrating radiomic features with DL features using
Recursive Feature Elimination (RFE) and an ensemble of ML
classifiers for classification. Authors in [21] proposed a method
using a custom CNN integrated with Histogram of Oriented
Gradients (HOG) features. Authors in [22] introduced a novel
Stack Visual Representation Deep Network (StackVRDNet)
technique. The model also utilized VGG16, ResNet, and
DenseNet, with Rock Hyraxes' Dandelion Algorithm
Optimization (RHDAO) for optimization. Several models
depend on single-modality data or lack extensive validation on

diverse datasets. The research gap is in integrating multi-modal
features with robust optimization techniques to enhance
generalizability and accuracy.

This study proposes the LALOFF-SMIBCA method, and
the major contributions of the method are listed below.

e The ABF model is used during pre-processing to improve
thermal images by effectively eliminating noise while
preserving critical edge details, thereby preserving
diagnostic  features and  enhancing  downstream
segmentation and accuracy.

e The improved DeepLabv3+ model is employed to build a
robust segmentation process that accurately delineates
breast regions from thermal imagery, enabling precise
localization of potential abnormalities and improving the
overall diagnostic framework.

e A fusion-based feature extraction approach is used to
capture multi-scale, contextual, and deep semantic features
from images, incorporated with a VAE model for BC
classification and an ALO method for parameter tuning to
improve accuracy and generalization.

e The novelty is in the integration of ABF for image
enhancement, multi-network feature fusion, DeepLabv3+
for precise segmentation, VAE for classification, and ALO
for tuning, creating a comprehensive and accurate
framework for BC detection using thermal images.

II. METHODOLOGICAL FRAMEWORK

In this manuscript, the LALOFF-SMIBCA technique is
proposed. It comprises pre-processing, segmentation, BC
classification, and optimization. Figure 1 illustrates the
complete procedure of the LALOFF-SMIBCA model.
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Fig. 1. Entire procedure of the LALOFF-SMIBCA model.
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A. ABF-Based Pre-Processing Technique

ABF is an effective image processing method, which is
employed to improve thermogram images for automated
segmentation in BC diagnosis [23]. This method is chosen for
its capability to mitigate noise while preserving critical edge
details, a feature essential for precise detection. This model
also adapts its parameters locally, ensuring sharper boundary
preservation around anomalies. This makes it more effective
than conventional smoothing models in highlighting subtle
thermal discrepancies for diagnosis. It maintains edge details
while efficiently reducing noise, which is vital in thermal
images where subtle temperature variations indicate potential
anomalies. Unlike typical smoothing filters, the ABF alters its
parameters depending on local image features, which ensures
sharper boundary preservation around cancerous regions. This
filtering stage enhances the precision of thermal patterns,
which makes it simpler to isolate precisely. In BC recognition,
these methods aim to better contrast between abnormal and
normal tissues.

B. Segmentation Using the DeepLabv3+ Method

Next, the improved DeepLabv3+ method is used for
segmentation [24]. This method is chosen for its efficiency in
capturing multi-scale contextual data using Atrous Spatial
Pyramid Pooling (ASPP). The accuracy of segmentation on
intrinsic thermal images is improved, and the encoder-decoder
architecture effectively refines object boundaries, making it
appropriate for precise breast region delineation. The technique
also offers superior performance with efficient computation. Its
effectiveness relies on the ASPP component. A DeepLab-v3-
based decoder framework that improves segmentation edge
precision by integrating original and high-level features is
utilized. It employs dilated convolutions to expand the
receptive field without losing spatial resolution, enabling better
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contextual comprehension and improved segmentation
accuracy:

K=k+k-1)0r-1) (€))

where k represents the original Conv kernel size, and r
signifies the dilation rate.

C. Fusion of Feature Extraction Process

Moreover, a fusion of ResNetl01, ContextNet, and
MobileNetV2 models is utilized for feature extraction. This
ensemble is chosen for its complementary strengths in
extracting deep features, capturing context, and efficient
(lightweight) processing, respectively. This integration
improves multi-scale and contextual feature representation,
thereby enhancing accuracy and robustness compared to
utilizing a single model.

1) ResNetl01 Technique

ResNet-101 is a deep residual network comprised of 101
layers with an identity shortcut connection that effectively
mitigates the degradation problem in deep networks [25]. Its
framework ensures stable training and captures valuable multi-
scale semantic features from complex images. ResNet101
serves as the backbone, extracting deep features via a 7x7
Conv, downsampling, and bottleneck residual blocks. Global
average pooling reduces features before classification, with
batch normalization enhancing training stability and speed.

2) ContextNet Model

The basic framework of ContextNet is a sequential stack of
context blocks [26]. Conv layers with varied receptive fields
are combined using dual parallel kernels: 1x1 point-wise Conv
for channel-wise integration and 3x3 Conv for local spatial
features. Given input feature map F € XW*H*C WxH is the
spatial size, and C is the channel count

Y, = iZLOZ%:o(Zé:lX i +u,2j +v,d) - Wy(d, k) + b(k))
Yy =Fhe i Tho X6 X(i+u ,j+v ,d) Wald,u+1,v+1,k)+ b(k) 2)
Ys=Yhio Tio X6 x(i+2u ,j+2v ,d) Ws(du+1,v+1k)+b(k)

Y1, Y2, and Y3 depict the feature maps from point-wise
Conv, 3x3 dilated Conv, and 3x3 Conv, respectively. A point-
wise convolution refines channels for compact, context-rich
features:

Y = Conv,x,(Concat(¥; + Y, +Y3)) 3)

4 Ay, =L 3 Yl Z(+u,j+v,d) Wo(d,u+ 1, v+ 1,k)+ b(k)
143 = Y= 1 Xp=_1 2g=1 Z (L + 4, j + 40", d) - Wi(d,u + L,v + 1,k) + b(k)

3) MobileNetV2 Method

MobileNet-V2 forms a parallel path using stacked Inverted
Residual Blocks (IRB) and depth-wise separable convolutions
to efficiently capture multi-scale features in a lightweight
structure [27]. The output feature map from MobileNetV2 is
then input to the ASPP component. Assuming its input feature
map is € ZW*H*C the output feature map from the ASPP unit
is A:

“)

Ay =2t (XL 35 Z(i+8u,j+8v,d) W/(du+1v+1k) +b(k)
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Then, ASPP utilizes a feature concatenation approach for
integrating the output in the dimension of the channel, while
maintaining the richer contextual and multi-scale feature data:

A = Convyyq(Concat(A, + A, + A3 + AL)) 5)

D. VAE-Based BC Classification Procedure

VAE is a generative method that comprises an encoder and
decoder, equivalent to AE [28]. This method is chosen for its
capability in learning robust latent representations by
modelling data distributions, which improves accuracy. The
model also effectively handles intrinsic feature spaces and
mitigates overfitting through regularization, making it
appropriate for BC classification from fused deep features. The
encoder is represented by q4(c|b), mapping data y to the
hidden space, and the decoder pg(b|c) endeavours to rebuild
the data y from these hidden variables. The objective function
of VAE is typically formulated as maximizing the Evidence
Lower Bound (ELBO):

ar%?in{mq¢(c|b)[logps(bIC)] — D1 (4 (c1D)Ip(€))} (6)

The CVAE extends VAEs into a conditional generative
model comprising hidden, input, and output variables: c, a, and
b. Either encoding or decoding of CVAE methodologies is
conditioned on the input variable a, depicted as g4 (c|b, a) and
pe(b|c, @), correspondingly:

arg HJ)%X{]Eqd,(qb) [log pa(blc)] — Dy, (g4 (clb)|IP())} (N
E. Parameter Tuning Using the ALO Approach

Finally, parameter tuning is performed using the ALO
approach [29]. This approach is chosen for its effective global
search capability and fast convergence. It also effectively
balances exploration and exploitation, resulting in an enhanced
model performance and reducing the risk of becoming trapped
in local minima during parameter tuning. Antlions show a
complex hunting tactic that acts as the inspiration for the ALO,
a novel metaheuristic algorithm based on the intelligence of
swarms. The initial populations for both antlions and ants are
initialized at random, as delineated in (8):

x =rand X (UPB — LOB) + LOB 8)

Equation (8) depicts the upper and lower limits as UPB and
LOB, respectively. The random walking procedure for all ants
in the iterations is shown in (9):

X(t) = [0, Csum(2r(ty) — 1), ..., Csum(2r(ty) — 1)] )

To ensure the ant stays within the search boundaries, the
procedure is normalized using predefined lower and upper
limits:

£ _ Kimap*(bi=e)) |

X, = @ -a) +¢ (10)
where b; and a; depict the random walk’s maximal and
minimal values for the ith variable; and, dit and cit specify the
maximal and minimal values of the ith variable at the tth
iteration:

¢; = antlion + ¢;

d; = antlion + d; an

The initial antlion, selected using RWS, is considered the
winner, whereas the best-performing antlion (elite antlion) is
identified based on fitness evaluation:

A ¢ t t
ntt = 2a*le (12)

Ant} represents the location of the ith and tth iterations.
R}, characterizes the random walks near the particular antlion in
the tth iteration; however, Ri- signifies the random walks near
the best antlion from these iterations:

ct =ct/I
dt =dt/1
The ALO model initiates an FF to achieve improved

classification performance. The classification rate of error
reduction was designated as FF:

13)

fitness(x;) = ClassifierErrorRate(x;)

__no.of misclassified samples

X 100 (14)

Total no.of samples

III. PERFORMANCE ASSESSMENT

The performance of the LALOFF-SMIBCA is evaluated on
the BC diagnosis dataset [30]. The method runs on Python
3.6.5 with an i5-8600k CPU, 4GB GPU, 16GB RAM, 250GB
SSD, and 1TB HDD, using a 0.01 learning rate, ReL.U, 50
epochs, 0.5 dropout, and batch size 5. The dataset has 1280
images and has two kinds of tumors, namely benign and
malignant tumors, each containing 640 images. Figure 2
represents the sample image. Table I depicts the BC detection
of the LALOFF-SMIBCA model at 80:20 of TRPHE/TSPHE.

KILILALEKL)
LIKKCACE
KIACACECE

o [o] 8 o] o
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Fig. 2.

(a) Benign

(b) Malignant

(a) Malignant images and (b) benign images.
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TABLE L. BC DETECTION OF LALOFF-SMIBCA AT 80:20
OF TRPHE/TSPHE
Class Labels | Accu, | Prec, | Reca, | Fyeasure | AUCcore
TRPHE (80%)
Benign 98.05 99.02 98.05 98.53 98.54
Malignant 99.02 98.06 99.02 98.54 98.54
Average 98.54 98.54 98.54 98.54 98.54
TSPHE (20%)
Benign 96.85 100.00 | 96.85 98.40 98.43
Malignant | 100.00 | 96.99 108'0 9847 | 9843
Average 98.43 98.50 98.43 98.44 98.43

Table II presents a comparison of the LALOFF-SMIBCA
method with recent models [31-33]. The output showed that the
ResNet50, VGG16, Swin-B, SVM, Naive Bayes (NB), ANN,
InceptionNetV3, and EfficientNet-BO models demonstrated the
worst performance. Whereas, the LALOFF-SMIBCA model
attains maximum Accu,, , Prec, , Reca; and Fyeqgyre Of
98.54%, 98.54%, 98.54%, and 98.54%, respectively.

TABLE IL COMPARATIVE ANALYSIS OF LALOFF-SMIBCA
MODEL WITH RECENT METHODS [31-33]
Technique Accu,, Prec, Reca, Fyeasure
ResNet50 88.60 85.10 89.25 89.00
VGG16 91.90 81.10 81.40 81.30
Swin-B 88.60 85.30 87.10 86.50
SVM 97.33 91.85 95.73 97.28
CNN Base Model 75.00 74.00 75.00 75.00
MobileNetV3 89.00 90.00 89.00 89.00
InceptionNetV3 95.00 95.00 95.00 95.00
EfficientNet-BO 85.00 86.00 86.00 86.00
LALOFF-SMIBCA 98.54 98.54 98.54 98.54
mEm ResNet50 3 MobileNetV3
B VGG16 [ InceptionNetV3
= Swin-B mm EfficientNet-BO
[ SVM [ LALOFF-SMIBCA
1 CNN Base Model
100
g 95
v
3 901
s
85 -
80 -
75 | M M M
70 - . o . —
Accuracy Precision Recall F-Measure
Fig. 3. Comparative results of the proposed model vs. existing models.

Table III demonstrates the ablation study of the LALOFF-
SMIBCA method. The obtained values demonstrated the
results of the LALOFF-SMIBCA method with single feature
extractor, with fusion process, classifier without parameter
optimization, and classifier with parameter optimization. The
experimental values highlighted that the single feature extractor
models exhibit reduced classification results. At the same time,
the fusion model achieves improved results over other feature

extractors. Besides, the VAE classifier leads to moderately
improved performance and the application of ALO helps in
accomplishing even better performance. However, the
proposed model exhibits improved results over the other
models.

TABLE III. RESULT ANALYSIS OF THE ABLATION STUDY

OF THE LALOFF-SMIBCA METHODOLOGY
Model Accu, | Prec, | Reca; | Fyeqsure

ResNet101 94.88 95.35 94.87 95.30
ContextNet 95.54 95.90 95.65 95.98
MobileNetV2 96.29 96.60 | 96.43 96.50
Fusion model 96.89 96.87 96.78 96.98
VAE 97.09 97.25 97.21 97.12
ALO-VAE 97.86 97.79 97.94 97.87
LALOFF-SMIBCA 98.54 98.54 98.54 98.54

IV. CONCLUSION

The LALOFF-SMIBCA model is proposed. Initially, the
ABF approach was utilized. Furthermore, the improved
DeepLabv3+, fusion-based feature extraction models, VAE,
and ALO are used for segmentation, extraction, classification,
and parameter tuning. Experiments on the BC diagnosis dataset
demonstrated a superior accuracy of 98.54% compared to
existing models. The limitations include the use of a relatively
limited dataset and the lack of real-time testing. Future work
may concentrate on evaluating the model on larger, more
diverse datasets, exploring its feasibility for real-time clinical
use, and integrating multi-modal imaging such as
mammography and ultrasound for improved diagnostic
performance. Moreover, future studies may focus on
integrating adaptive learning methods to dynamically adjust
parameters for improved performance across varying datasets
and conditions.

APPENDIX
The data that support the findings of this study are openly
available in the Kaggle dataset

https://www kaggle.com/datasets/faysalmiah1721758/breast-
cancer-diagnosis [30].
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