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ABSTRACT

Breast Cancer (BC) is one of the most common cancers among women. Routine mammography is
substantial because asymptomatic BC does not show early signs, making early detection difficult.
Automated methods, including Deep Learning (DL) models, have gained significant attention for analyzing
mammographic images and enhancing diagnostic accuracy. Successful Al training for these medical tasks
depends on large datasets with accurately annotated lesion locations. This study proposes an Advanced
Ensemble Deep Learning Model for Breast Cancer Segmentation and Classification with a Two-Tier
Optimization (AEDL-BCSCT20) approach to segment and classify BC using advanced DL and
optimization techniques. The model initially applies Adaptive Bilateral Filtering (ABF) for noise removal
and CLAHE for contrast enhancement to improve image quality. The DeepLabV3+ segmentation method
is enhanced through parameter optimization using the Lemur Optimizer (LO). The NASNetMobile model
is utilized for feature extraction. An ensemble of Deep Belief Network (DBN), Graph Convolutional
Network (GCN), and Sparse Stacked Autoencoder (SSAE) models is used for improved classification.
Finally, the Osprey Optimization Algorithm (OOA) approach is utilized for tuning. The validation results
show that the AEDL-BCSCT20 method achieves 99.76 % accuracy, outperforming existing models.

Keywords-ensemble deep learning; breast cancer; two-tier optimization; feature extraction; image

preprocessing

I.  INTRODUCTION

Among women, BC is a prevalent cancer, with lung cancer
second [1]. BC can develop from any breast tissue, cell, or
gland, most commonly originating in the milk-producing ducts
or lobules [2]. If left undetected, cancer cells can spread to
other parts of the body. BC is classified primarily into benign
(non-cancerous) and malignant (cancerous) [3, 4]. Malignant
cells proliferate at a higher rate by rapidly initiating division, as
both benign and malignant cells exhibit abnormal structures
and appearances, presenting a complex challenge for physical
examination of microscopic images [5]. The precise diagnosis
and early detection of BC are the main factors in improving the
analysis and the survival rate of patients with BC [6]. The
composite nature of BC, with its varied treatment responses
and subdivisions, underscores the need for individualized

treatment approaches [7]. Advances in imaging techniques,
such as digital radiography, mammography, MRI, and CT,
have greatly improved cancer diagnosis and treatment [8]. This
technology requires crucial medical image acquisition,
examined by radiologists, to play a vital role in diagnostics [9].
Mammography is the key for early detection of BC, and digital
advances reduce risks. DL improves biomedical results by
effectively modeling features [10].

This study presents an Advanced Ensemble Deep Learning
Model for Breast Cancer Segmentation and Classification with
a Two-Tier Optimization (AEDL-BCSCT20) approach. The
aim is to segment and classify BC using advanced DL and
optimization techniques. The model initially applies Adaptive
Bilateral Filtering (ABF) for noise removal and CLAHE for
contrast enhancement to improve image quality. The
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DeepLabV3+ segmentation method is enhanced through
parameter optimization using the Lemur Optimizer (LO). Then,
the NASNetMobile model is utilized for feature extraction.
Then, an ensemble of Deep Belief Network (DBN), Graph
Convolutional Network (GCN), and Sparse Stacked
Autoencoder (SSAE) models is wused for improved
classification. Finally, the Osprey Optimization Algorithm
(OOA) approach is utilized for tuning. Simulations were
performed on a benchmark dataset. The contributions of this
approach are as follows.

e The model applies ABF and CLAHE to remove noise and
enhance contrast, improve input image quality, enhance
analysis and classification, and improve model accuracy
and reliability.

e DeepLabV3+ segmentation is enhanced by optimizing
parameters with LO, resulting in improved segmentation
accuracy and performance.

e The NASNetMobile model is utilized for effective feature
extraction, and ensemble models are tuned with OOA to
improve classification accuracy. This integration improves
the overall performance and robustness of the model.

e The integration of advanced preprocessing, optimized
segmentation, deep feature extraction, and ensemble
classification, tuned by OOA, presents a robust framework
for accurate image-based diagnosis. This incorporation
improves both precision and reliability, addressing key
challenges by enhancing feature representation and
optimizing performance.

II. LITERATURE WORKS

In [11], an Ensemble of Deep Convolutional Neural
Networks (EDCNN) method was presented, which
incorporated the strengths of the Xception and MobileNet
methods. In [12], an automated method was introduced,
employing two DL structures, UNet and SegNet, and the three-
time-point (3TP) approach for segmentation. In [13], a novel
DL-based approach, named Deep WSI-Stroma, was introduced.
In [14], a BC Detection method was presented, which is a
unified CAD method that uses DL-based YOLO to detect
abnormalities, U-Net to segment masses, and a deep CNN to
perform classification. In [15], an optimized CNN ensemble
integrated EfficientNet, AlexNet, ResNet, and DenseNet to
improve the accuracy of early BC diagnosis. In [16], DL
methods were integrated using stacking ensemble techniques,
with CNN as meta-predictor. In [17], a DeepLabV3Plus model
used a ResNet50 encoder and improved Atrous separable
convolutions. In [18], improved BC classification was achieved
by integrating a CNN and a Long Short-Term Memory
(LSTM) model. In [19], BC classification was improved by
incorporating pre-trained DenseNet-121 and EfficientNet-B5
models with Support Vector Machine (SVM) classification,
optimized using a metaheuristic algorithm.

Despite advances in EDCNN, DL segmentation, and
ensemble methods, many models encounter limitations with
limited generalization across diverse datasets and often require
high computational resources. Some models lack integration of
temporal dependencies or fail to optimize hyperparameters

effectively. A research gap also exists in the development of
lightweight and scalable models that maintain high accuracy
while efficiently handling diverse BC image types and
optimizing feature extraction and classification processes.

III. PROPOSED METHOD

This paper presents a novel AEDL-BCSCT20 method,
comprising various processes, such as image preprocessing,
segmentation, feature extraction, classification, and tuning.
Figure 1 shows its working flow.

A. Dataset Description

The utilized dataset is sourced from Kaggle [20] and
comprises 3,758 samples classified into two classes: benign
and malignant. Table I shows the class distribution of the
dataset.

TABLE L. DATASET DESCRIPTION

Class Number of Samples
Benign 2043
Malignant 1715
Overall samples 3758

B. Image Preprocessing

Initially, the AEDL-BCSCT20 approach employs a dual-
phase preprocessing, noise elimination using ABF and contrast
enhancement using CLAHE, to ensure improved input image
quality [21-22]. This dual-phase effectively removes noise
while preserving crucial image details, unlike conventional
filters that may blur edges. ABF mitigates noise without
compromising texture, and CLAHE enhances local contrast,
improving the visibility of features. This integration ensures
higher image quality, which is significant for accurate
downstream analysis and classification compared to simpler or
single-step methods. ABF enhances image quality by reducing
noise through spatial-intensity averaging while preserving
tumor edges, aiding precise segmentation and classification.
For contrast enhancement, CLAHE divides images into tiles,
applies histogram equalization with clipping, and merges tiles
using bilinear interpolation to improve mass visibility.

C. Segmentation Using DeepLabV3+ Architecture

The AEDL-BCSCT20 model utilizes the DeepLabV3+
architecture for the segmentation process and is further
enhanced with parameter optimization using LO [23]. This
model is chosen for its advanced capability to capture
multiscale contextual data through Atrous Spatial Pyramid
Pooling (ASPP), enabling precise segmentation of complex
image structures. These methods present enhanced accuracy
and boundary delineation, and their encoder-decoder design
balances detailed feature extraction and spatial resolution,
making it more effective than simpler segmentation models.
This is a progressive semantical segmentation approach that
works above an encoding-decoding architecture. The model's
encoder utilizes the original ASPP with five parallel branches
to extract spectral, textural, and spatial features, capturing key
contextual information for accurate segmentation. A global
average pooling layer further enhances the technique's ability to
comprehend the overall image content.
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Fig. 1.

In the decoding stage, features are up-sampled four times
and merged with lower-level features to produce high-
resolution maps for accurate erosion detection [24]. The
DeepLabV3+ model is optimized using the LO algorithm,
inspired by lemurs' leaping and hopping behaviors. To initialize
the method, the population of the lemur is randomly positioned
inside the variable boundaries, as stated by:

L} = rand x (ub; — lb;) + lb;,

=
Vie(12,..,n),Y € (L2, ..,d) (1)

where rand denotes a randomly generated number in the
interval of (0-1), and ub and b depict the lower and upper
boundaries. Then, the fitness of all lemurs is evaluated using an
objective function, establishing the present global best (gbest)
and the best of its adjacent neighbours (nbest). Throughout
this exploration stage, mirroring the behaviour of leaping, it
performs longer jumps based on:

L},, = L} + abs(L} — gbest)) x (rand — 0.5) x 2,
if rand > FRR 2

During this exploitation stage resembling dance-hopping, it
interacts with neighbouring lemurs as per:

Workflow of the AEDL-BCSCT20 model.

L., = L + abs(L} — nbest/) x (rand — 0.5) x 2,

L

if rand < FRR 3)

The dynamical modification of the risk parameter FRR,
utilizing (4), guarantees adaptabilities in the optimizer
procedure:

“

Here, HRR and LRR characterize constant predefined values,
Crnt_Iter signifies the present iteration, and Max_Iter
denotes a maximal number of iterations.

D. Feature Extraction using NASNetMobile Model

Next, the NASNetMobile model is employed to extract
relevant features from images [23]. This method is chosen for
its efficiency and high-quality feature extraction with fewer
parameters. Its optimized architecture delivers robust features
while keeping computational costs low, making it ideal for
resource-limited settings. This NAS-designed model utilizes
reduction and normal cells to capture detailed, complex
features, striking a balance between accuracy and efficiency
through separable convolutions and regularization and making
it effective for detecting subtle shape and texture changes. The
NASNetMobile cell processes input X through a mapping

PRR = HRR — Crity, X (M)

Max_Iter

www.etasr.com

Sreevani & Latha: An Advanced Ensemble of Deep Learning Models for Breast Cancer Segmentation ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 27024-27029 27027

function F(X,W;), which includes key operations such as
separable convolution, batch normalization, ReLU activation,
and pooling. The output Y is attained by adding the original
input X to the mapped features, expressed as:

Y=FXW)+X 5)

where W; represents the learnable parameters, and the addition
is performed element-wise, enabling the model to learn residual
representations efficiently.

E. Classification Using Ensemble Models

An ensemble of three classification processes is employed,
involving a DBN model, a GCN classifier, and an SSAE
approach. The ensemble model is chosen for its ability to
capture diverse aspects of the data. DBN excels at learning
hierarchical features, GCN effectively models relational
information in graph structures, and SSAE provides robust
feature learning through sparse representations. Integrating
these models improves overall classification accuracy and
noise resistance, outperforming single classifiers.

1) DBN Model

DBN is a DL model integrating unsupervised RBM-based
pretraining and supervised fine-tuning [25]. It efficiently learns
hierarchical features and performs well even on smaller
datasets through greedy layer-wise training. The RBM-based
weights are upgraded using greedy layer-wise training. Every
RBM contains a connection among the adjacent n"* and (n +
1)®* layers. The b, and c,, for h, and h,,,, are denoted as bias
parameters:

E(hn! hn+1) = _hn+1Whn - bnhn - Cnhn+1 (6)

e~ E(hnhn+1)

P(hn’ hn+1) = 5 e—E(hnhn+1) (7)

P(hy, hypyq) denotes the joint distribution of RBM, and
E(h,, h,,,) indicates an energy function among the n‘" and
(n+ 1) layers. DBN extracts high-level features using
multiple hidden layers with RBM-based representations.

2) GCN Classifier

GCNs are effective for learning from irregular data
structures using graph-based operations [26]. Given a feature
matrix X, an adjacency matrix A, and a degree matrix D, the
standardized forward propagation for the first GCN layer is:

=g (D_%AD_%L[O]W[O]) (8)

where ¢ is the ReLU activation function, W% is the trainable
1 1

weight matrix, and D 2AD "2 normalizes the graph to stabilize
training. The model learns each node's features from its
neighbourhood, and cross-entropy loss is utilized for training
on labelled samples.

3) SSAE Method

An Autoencoder (AE) consists of an encoding portion and a
decoding portion, which is an ANN trained in unsupervised
learning [27]. An AE is an unsupervised neural network with
input, hidden, and decoding layers that learns efficient data

representations. Its loss function combines MSE, L2

regularization, and a sparsity penalty defined as:

E = MSE + (A X L2Regularization Term) +
(B % SparsityRegularization Term) )

where A and f are coefficients. The sparsity penalty uses
Kullback-Leibler (KL) divergence:

KL(olloy) = (log (£) + (1 = p)log (2] (10)
Stacking multiple sparse AEs forms an SSAE for deeper
feature extraction.

F. Hyperparameter Tuning Using OOA

Finally, the parameters of the three ensemble models are
tuned using the OOA approach [28], chosen for its effective
balance of exploration and exploitation, enabling efficient
global search and faster convergence. This model reduces the
risk of getting trapped in local optima and is less sensitive to
initial parameters, leading to more reliable tuning and
improved performance. The metaheuristic model replicates
osprey hunting behavior to solve global optimization, balancing
exploration for broad search and exploitation for solution
refinement. It starts with random initialization of each osprey's
position within variable bounds:

xi'j = bl,j + Ti,j(bu,j - bl,j) (11)

where x; ; is the position of the it" osprey in the j** dimension,
by j and b, ; are the lower and upper bounds, and 7; ; € [0, 1].

In the exploration phase, ospreys update their positions
based on prey (better solutions):

xiy = xy (P = ljxi ) (12

In the exploitation phase, after identifying prey, they refine
their positions using a similar update rule:

— li,j 'xi’j) (13)

These phases enable OOA to avoid local optima and ensure
faster, stable convergence. The WGO method creates a fitness
function based on the reduction of classifier error rate to
improve classification:

2 S
xty =x; +1(PY

fitness(x;) = ClassifierErrorRate(x;) =

Number of misclassified samples
Overall samples

IV.  PERFORMANCE ANALYSIS

This section presents the performance evaluation of the
AEDL-BCSCT20 method, demonstrating its efficiency
through various metrics and comparative analyses. The model
was run on Python 3.6.5 with an Intel i5-8600k CPU, 4GB
GPU, 16GB RAM, 250GB SSD, and 1TB HDD, using a
learning rate of 0.01, ReLU activation, 50 epochs, 0.5 dropout,
and a batch size of 5.

X 100 (14)

Figure 2 shows the classification output of the AEDL-
BCSCT20 model. Figures 2(a, b) show confusion matrices at
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70:30 TRPH/TSPH. Figures 2(c, d) present the PR and ROC
curves, indicating strong performance across classes.

Table II presents a comparative analysis of the AEDL-
BCSCT20 method over existing models [29-32], including
their Computational Time (CT) results. The analysis exhibits
that models such as SVM, Logistic Regression (LR), Naive
Bayes (NB), EfficientNet-B3-ImageNet, AlexNet-SVM,
AlexNet-DBN, DenseNet201-ChexNet, VGG+TL, ResNet50,
and NER SVM attained relatively lower performance metrics.
Specifically, these models exhibited varied accu,, , prec,,
reca;, and Flg.,,, values, accompanied by higher CT values,
ranging from 11.34 to 19.94 s. In contrast, the AEDL-
BCSCT20 approach demonstrated better outputs, achieving the
highest accu,, prec,, reca;, and Flg,., of 99.76%, 99.71%,
99.76%, and 99.73%, respectively, while also recording the
lowest CT of 8.85 s, thereby illustrating both enhanced
performance and efficiency.

Training Phase (70%) - Confusion Matrix Testing Phase (30%) - Confusion Matrix

= 1417 7 g 616 3
-] &
2 2
5 4 1202 5 0
- 2
Beﬁ ign Malignant Benign Maliénanl
Predicted Predicted
(a) (b)
Precision-Recall Curve ROC-Curve
1.0 1.0
0.8 0.8
) Benign Benign
0.0 Malignant 0.0 Malignant
(c) (d)
Fig. 2. Classifier outcomes of confusion matrices (a, b), and PR and ROC
curves (c, d).
TABLEIL COMPARISON OF AEDL-BCSCT20 APPROACH
WITH EXISTING CLASSIFIERS [29-32]
Approaches Accu, Prec, Recq, Flgore CT
SVM 93.81 96.97 94.06 92.15 11.34
LR 96.41 98.05 97.52 98.60 19.94
NB Model 94.73 98.60 96.90 91.99 19.60

EfficientNet-B3- | g5 55 | g 51 9822 | 9286 | 1950
ImageNet

AlexNet-SVM 91.00 95.64 95.65 97.22 19.22
AlexNet-DBN 96.32 97.58 96.20 97.71 15.08

DenseNet201-
ChexNet 98.60 98.36 92.80 98.70 14.62
VGG+TL 92.49 96.47 92.33 94.01 16.25
ResNet50 98.00 94.24 93.09 93.53 15.10

NER SVM Model | 96.73 92.55 97.26 97.73 16.49
AEDL-BCSCT20| 99.76 99.71 99.76 99.73 8.85

V. CONCLUSION

This paper presents a novel AEDL-BCSCT20 method. The
model initially applied ABF for noise removal and CLAHE for
contrast enhancement to improve image quality. The
DeepLabV3+ segmentation method was enhanced by
parameter optimization using LO. Then, the NASNetMobile
model was utilized for feature extraction. In addition, an
ensemble of DBN, GCN, and SSAE models was used for
improved classification. Finally, the OOA model was used for
tuning. The validation results show that the AEDL-BCSCT20
method achieves 99.76% accuracy, outperforming existing
models. The limitations comprise the reliance on limited
dataset diversity and the requirement for improved
generalization across varied populations. Further research may
explore integrating multi-modal data and improving model
interpretability for broader clinical application.
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