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Chapter 1

Introduction

1.1 Breast Cancer and its Impact

Breast cancer is a major global health concern and one of the most common malignan-
cies affecting women worldwide. According to the World Health Organization (WHO),
cancer is the leading cause of non-accidental deaths globally, with breast cancer ranking
as the third most fatal cancer after lung and liver cancers. In 2020, an estimated 2.3
million women were diagnosed with breast cancer globally, resulting in approximately
685,000 deaths [1]. The burden is disproportionately higher in low- and middle-income
countries, where limited access to early detection and treatment contributes to elevated
mortality rates. In the United States alone, 2022 saw around 287,850 cases of invasive
breast cancer and 51,400 cases of non-invasive breast cancer, with 43,250 related deaths
reported [2]. In India, the scenario is equally alarming. Data from the National Insti-
tute of Cancer Prevention and Research (NICPR) indicate that for every two women
diagnosed with breast cancer, one succumbs to the disease [1]. As per GLOBOCAN
2020 data, breast cancer accounted for 13.5% (178,361) of all cancer cases and 10.6%
(90,408) of all cancer-related deaths in India [3].

Breast cancer begins when cells in the breast grow uncontrollably due to mutations in
the DNA. It typically originates in the milk-producing glands (lobules) or the ducts that
carry milk to the nipple. The breast is composed of various connective tissues, blood
vessels, lymph nodes, and lymph vessels. When cell division becomes unregulated, tu-
mors may form. These tumors can be classified as benign (non-cancerous, do not invade
nearby tissues) or malignant (cancerous, capable of spreading to other parts of the body
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via the lymphatic system) [4].

The impact of breast cancer extends far beyond physical health, influencing emotional
well-being, family dynamics, and socioeconomic status. For patients, a diagnosis often
brings anxiety, fear, and uncertainty about the future. Families and caregivers also
bear emotional and financial burdens, as treatment can be long, costly, and physically
taxing. On a broader scale, breast cancer places a substantial burden on healthcare sys-
tems worldwide, particularly in low- and middle-income countries where access to early
detection and advanced treatment is limited. Despite advances in diagnostic imaging,
targeted therapies, and awareness campaigns, disparities in survival rates still exist due
to factors such as late detection, lack of screening programs, and variations in healthcare
access. As a result, breast cancer continues to be not only a medical challenge but also a
social and economic one, underscoring the urgent need for improved detection methods,

equitable healthcare, and continued research.

1.2 Breast Cancer Imaging Techniques

In breast cancer diagnosis, different imaging techniques play specific roles, each with its
own significance. Techniques such as mammography, ultrasonography, histopathology,
and thermography are commonly used, offering diverse approaches that enhance the
understanding and diagnosis of breast cancer. This section begins by outlining these
imaging modalities, followed by a discussion of the advantages and limitations of each

technique.

1.2.1 Digital Mammography

Digital mammography is the most widely used and primary imaging modality for early-
stage breast cancer screening, as recommended by the American Cancer Society [5, 6].
It is typically performed on asymptomatic women to detect early and clinically unde-
tectable breast abnormalities, and remains the gold standard for breast imaging and
diagnosis [7]. In this technique, X-ray imaging captures two standard views of each
breast—cranio-caudal (top-down) and mediolateral oblique (angled side view)—by com-
pressing the breast in a near-vertical plane. These images help examine masses and

calcifications, which are key indicators of breast cancer. However, the contrast between



these features is often minimal, and their morphology can be highly irregular, mak-
ing clinical diagnosis challenging, particularly in dense breast tissue. Digital detectors

convert X-ray data into high-resolution mammographic images, as illustrated in Fig. 1.1.

FI1GURE 1.1: Sample breast mammography images.

1.2.2 Breast Ultrasound (or Sonography)

Ultrasound is the second most commonly used imaging modality for medical diagnosis
after mammography [8]. Although it is operator-dependent, ultrasound has proven effec-
tive in the detection and differentiation of breast lesions, offering fast visualization and
diagnosis of breast tissue. It is a noninvasive, safe, cost-effective, and widely accessible
technique—particularly valuable for women under 35 years of age, as it is more sensitive
than mammography for detecting abnormalities in dense breasts. In fact, the diagnostic
accuracy for identifying simple cysts with ultrasound can reach 96-100% [9].

This technique works by transmitting high-frequency sound waves through the breast
tissue, with returning echoes converted into real-time images on a monitor. A handheld
transducer is used to scan the breast, allowing for visualization of the internal structures,

including their shape and movement. Fig. 1.2 presents sample ultrasound images.

However, ultrasound images often suffer from reduced visual clarity due to noise and
speckling artifacts. Malignant lesions frequently appear with indistinct margins, ir-

regular shapes, and blurred edges, making it difficult to delineate them clearly from



Benign Ultrasound Malignant Ultrasound Normal Ultrasound

FIGURE 1.2: Sample breast ultrasound images belonging to Benign, Malignant and
Normal classes.

surrounding tissues. These vague boundaries increase diagnostic uncertainty, yet they
also reflect the complex interactions between tumors and adjacent structures. Despite its
limitations in image resolution and contrast compared to other modalities, ultrasound is
particularly adept at distinguishing between cystic and solid masses—something mam-
mography often struggles with. A key advantage of ultrasound (or sonography) is that
it does not involve ionizing radiation, making it a safer choice, especially for pregnant

women and those with dense breast tissue [10].

1.2.3 Breast Histopathology Imaging

Histopathology refers to biopsy-based imaging used for breast tissue analysis, wherein
a tissue specimen is extracted from a suspicious area for detailed examination by med-
ical experts [11]. Tissue samples are commonly obtained through procedures such as
fine-needle aspiration (FNA), core needle biopsy, vacuum-assisted biopsy, and surgical
biopsy (either excisional or incisional). These samples are then processed, stained with
Hematoxylin and Eosin (H&E), and mounted on glass slides for microscopic analysis [12].

Fig. 1.3 displays sample histopathological images of breast cancer.

A pathologist examines the stained slides under a microscope, and these are subsequently
digitized into high-resolution whole slide images (WSIs). From these WSIs, multiple
region of interest (ROI) images can be extracted for further analysis. These ROI patches
serve as valuable input for training deep learning models aimed at classifying invasive
and non-invasive breast cancer [13].

Histopathological imaging plays a critical role in breast cancer diagnosis due to its ability
to capture intricate phenotypic details. One of its key advantages is the potential to
identify a variety of cancer subtypes—not just malignant versus benign—thanks to the
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FIGURE 1.3: Sample breast histopathology images: (i) original image, (ii) stain nor-
malized image (iii) hematoxylin stain, and (iv) eosin stain.

use of high-resolution, multi-colored images. Additionally, the generation of multiple
ROI patches from a single slide reduces the likelihood of missing early-stage cancer.

However, this method also presents notable challenges. Manual slide analysis is labor-
intensive, time-consuming, and requires a high level of expertise. Variations in staining
techniques and color distribution can introduce inconsistencies, potentially leading to
misdiagnosis. Moreover, the extremely large size of gigapixel WSIs—often exceeding 1
GB per image—poses significant challenges for deep learning models, which struggle to

process these high-resolution images in their entirety [14].

1.2.4 Breast Thermal Imaging

Breast thermography, also known as thermal imaging, is a non-invasive, radiation-free,
and cost-effective technique for the detection and classification of breast cancer. This
method leverages temperature variations on the breast surface as indicators of potential

abnormalities, based on the fact that malignant cells typically exhibit elevated metabolic
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activity and increased blood flow. These physiological changes result in localized heat
emissions, which are captured using infrared cameras to produce thermal maps of the
breast [15].

In thermographic images, different colors represent temperature intensities—cooler re-
gions (typically healthy tissue) appear blue, while warmer regions indicating poten-

tial abnormalities are shown in red, orange, or yellow, depending on the camera’s set-

tings [16]. Fig. 1.4 displays sample thermographic images of the breast.

W

FIGURE 1.4: Sample breast thermal imaging.

One of the key advantages of thermography is its ability to potentially detect cancerous
changes at an early stage. Studies suggest that thermographic methods can identify can-
cerous activity 8-10 years before it becomes visible through mammography [17]. When
used as a standalone technique, thermography achieves a sensitivity of approximately
83%, which increases to 95% when combined with mammography [18].

Despite these benefits, thermography has its limitations. Its primary drawback lies in
its inability to provide detailed information about deep tissue structures, as it only cap-
tures surface-level temperature changes. This restricts its utility as a sole diagnostic tool,

though it remains a valuable adjunct in multi-modal breast cancer screening strategies.



1.3 Impact of Deep Learning in Breast Cancer Detection

1.3.1 Computer-Aided Diagnosis Systems

The rising global incidence of cancer underscores the urgent need for accurate and effi-
cient diagnostic tools. In the context of breast cancer, early detection is vital for effective
treatment planning and improved survival outcomes. Traditional diagnosis methods of-
ten rely heavily on the expertise and interpretation of radiologists, which can introduce
variability and potential error. To address this, Computer-Aided Diagnosis (CAD) sys-
tems have emerged as a powerful second-opinion tool, enhancing diagnostic accuracy
and reducing reliance on manual interpretation. CAD integrates Artificial Intelligence
(AI), Computer Vision, and Medical Image Processing (MIP) to improve diagnostic sen-
sitivity and specificity, particularly during the early stages of breast cancer when timely
intervention is most critical.

CAD systems support healthcare professionals by automating the interpretation of med-
ical images, such as mammograms, ultrasound scans, and histopathological slides. These
systems help minimize false positives (FP) and false negatives (FN), ultimately reduc-
ing unnecessary biopsies and lowering treatment costs. A high FN rate is especially
concerning, as it may result in delayed or missed treatment. By providing consistent,
objective analyses, CAD systems contribute significantly to reducing diagnostic errors
and enhancing early detection rates [19].

A typical CAD model operates through four main phases:

e Pre-processing: Medical imaging data often contains unwanted artifacts such as
noise, blur, and haze. To enhance the quality and consistency of the data, various

image pre-processing techniques are applied in this initial phase.

e Segmentation: In this phase, the relevant regions of interest are segmented from
the pre-processed image. However, this step is not mandatory in every CAD
model—some systems are designed to analyze the entire image without the need

for segmentation.

o Feature Extraction and Selection: After segmentation (if performed), diverse fea-

tures are extracted from the imaging data. Feature Selection (FS) methods are



then applied to identify the most relevant features, improving the model’s perfor-

mance and efficiency.

e Classification: In the final phase, the selected features are used to classify the

imaging data into specific categories, as defined by the clinical or research objec-

tives.

A schematic overview of the automatic cancer detection pipeline for breast cancer med-

ical imaging is illustrated in Fig. 1.5.
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F1cUure 1.5: Flow chart showing basic architecture of CAD system for breast cancer
detection from breast cancer imaging data. Dashed arrow indicates that segmentation
can be bypassed.

1.3.2 Evolution of DL-based Systems

Within the AI paradigm, both Machine Learning (ML) and Deep Learning (DL) have
demonstrated notable success in breast cancer diagnosis. ML algorithms enable predic-
tive analysis by learning from structured, pre-processed data. However, ML depends
heavily on manual feature extraction, where domain experts must identify and engineer

relevant features for the model. This process is time-consuming and may fail to capture
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subtle or complex patterns critical for identifying early malignancies. While ML can
handle large datasets, its performance is limited by its reliance on experts input and
predefined rules.

DL, particularly with the use of Convolutional Neural Networks (CNNs) [20], has trans-
formed breast cancer diagnostics by addressing many of the challenges faced by tradi-
tional ML approaches. Unlike ML, DL models automatically learn hierarchical features
directly from raw data, requiring minimal manual intervention. This ability makes DL
especially effective for image-based tasks such as detecting minute abnormalities in mam-
mograms, differentiating between benign and malignant tumors, or segmenting regions
of interest in histopathological slides. DL networks excel at identifying complex, non-
linear patterns and textural nuances that might be overlooked by conventional methods
or human observers. With the rise of DL especially CNNs, significant advances have
been made in medical image segmentation as well as classification.

One of the main contributing factors to this immense popularity of DL has to do with
the good generalization traits DL has showcased in the past. DL leverages the use of
derivatives or gradients as we commonly know it to optimize its internal weights. A
typical DL method for image processing applications consists of two internal compo-
nents: a) a Feature extractor and b) a fully connected neural network-based classifier.
Generally, both of these components work in synchronization for the model to work as
an end-to-end model which is fed with an image and the desired class is obtained as the
output. Majorly in the biomedical field, the process of knowledge distillation is used
which is known as Transfer Learning (TL) to alleviate the need for datasets of larger
size. In this process, the model is typically trained on a standard large-scale dataset
and the internal weights are then transferred to a relatively smaller-sized dataset to be
fine-tuned on.

The U-Net architecture [21], with its encoder-decoder structure and skip connections,
has emerged as a cornerstone DL-based model for biomedical image segmentation due to
its ability to capture both global context and local spatial details. The U-Net framework
has an encoder-decoder setup, wherein the encoder downsamples the image to extract
features while the decoder utilizes these features (from the encoder) to upsample the
output segmentation mask through the help of skip connections. This allows the network
to obtain features of different granularity, leading to generate improved segmentation

masks. The presence of skip connections facilitates the transfer of low-level to high-level



features from the encoder to the decoder, which ultimately leads to an enhanced compre-
hension of the contextual information. Overall, U-Net’s effectiveness in concatenating
contextual information through skip connections has made it a popular choice for breast
cancer image segmentation [22].

Thus, DL has significantly advanced breast cancer diagnosis by improving accuracy, en-
hancing early detection, and supporting clinical decision-making. As the volume and
complexity of medical imaging data continue to grow, DL-powered CAD systems are
poised to play an increasingly central role in modern diagnostic workflows, ultimately

contributing to better patient outcomes and more personalized healthcare delivery.

1.4 Problem Definition: Inherent Challenges

Malignant breast tumors pose a significant health risk and must be detected and treated
at an early stage to improve patient outcomes. Early detection is crucial, as it enables
timely clinical interventions, personalized treatment planning, and effective rehabilita-
tion, thereby reducing breast cancer-related mortality. Breast cancer is commonly de-
tected through physical examinations, imaging techniques such as mammography, ther-
mography, ultrasound as well as histopathological biopsy. Among these, mammography
is the most widely used and cost-effective screening tool. However, studies have shown
considerable inter-reader variability among radiologists interpreting mammograms, even
when reviewing the same image at different times [15, 23]. Moreover, mammograms are
less effective for women with dense breast tissue, increasing the risk of false-negative
results’. Although biopsy remains the gold standard for determining the malignancy of
a lesion, it is invasive, painful, and often inconvenient, sometimes requiring multiple at-
tempts. Additionally, access to biopsy services may be limited in remote or low-resource
areas, resulting in diagnostic delays. Ultrasound imaging offers a promising alternative
due to its affordability, lack of radiation, improved sensitivity in certain breast tissue
types, and broader accessibility. Nevertheless, ultrasound suffers from several limita-
tions, such as low contrast, poor spatial resolution, fuzzy lesion boundaries caused by
speckle noise, acoustic shadowing, and indistinct tissue interfaces. These factors make
ultrasound-based diagnosis subjective, time-consuming, and challenging for radiologists.

Traditional diagnosis methods heavily depend on the expertise of radiologists, which

! cancer.org
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introduces variability and increases the likelihood of human error.

To mitigate these issues, CAD systems—particularly DL-based models—have emerged
as valuable second-opinion tools that enhance diagnostic accuracy and reduce depen-
dency on manual interpretation. To construct a reliable DL model, a very large amount
of data is required for training. This also leads to a huge training time for those mod-
els. A major limitation in developing robust DL models for breast cancer detection is
the scarcity of high-quality, labeled, and publicly accessible medical datasets. DL mod-
els—particularly CNNs—require large volumes of annotated data for effective training.
However, acquiring such datasets is often labor-intensive, time-consuming, and suscepti-
ble to human error during annotation. Additionally, ethical, legal, and privacy concerns
further hinder the sharing and accessibility of medical imaging data, limiting both the
diversity and scale of available datasets. This challenge is exacerbated by the fact that
many datasets used in academic and clinical research are not publicly released. For
this reason, the concept of TL is widely adopted where the CNN models are trained
on larger datasets like ImageNet and further, the weights are transferred and fine-tuned
on a smaller (i.e., target) dataset. However, more advanced TL-based approaches are
required to improve classification accuracy across different imaging modalities.
Another major limitation in DL based models is their lack of interpretability and ro-
bustness, which are critical for clinical adoption. DL models, although powerful, often
function as “black boxes”, making it difficult to understand their decision-making pro-
cess. To address these limitations, it is crucial to explore techniques such as attention
mechanisms, optimization-driven feature selection, and contextual feature enhancement.
These approaches aim to improve the model’s focus on clinically meaningful regions, se-
lect the most informative features, and preserve structural details, thereby improving
both diagnostic accuracy and model explainability.

Accurate segmentation of tumor regions in breast cancer images is a particularly com-
plex and challenging task. While some diagnostic models operate on entire images
without explicit segmentation, accurate identification and isolation of ROIs significantly
enhance diagnostic precision. After the emergence of U-Net, various improvements have
been proposed to address its limitations and enhance its capability to extract spatial and
contextual information for generating accurate segmentation mask. These models focus
mainly on modifying contextual feature extraction concepts, and passing information
between the encoder and the decoder. This approach may cause mis-classification on

the pixel of boundary areas, since they do not consider the simultaneous extraction of
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spatial and contextual information. Also, there are very less methods that focus on en-
riching the encoded features through the use of edge detection. This requires to explore
further improvements of U-Net based models for accurate segmentation of breast cancer
images.

Histopathology and ultrasound images present additional challenges for segmentation
and feature extraction. Histopathology images, for instance, suffer from high variability
in color, intensity, and brightness, which makes it difficult to standardize preprocessing
without losing essential features. Furthermore, segmentation of small lesions or nodules
in ultrasound images remains challenging. Developing robust segmentation techniques
for these modalities is crucial for improving the reliability of breast cancer detection
systems.

The large computational and memory requirements of DL models pose a significant chal-
lenge, especially when large labeled datasets are scarce. There is a need for lightweight
DL models that can perform well with smaller amounts of data while maintaining ac-
curacy. Developing models that are both efficient and effective is critical to ensure that
breast cancer detection systems can be deployed in real-world clinical environments,
where computational resources may be limited.

While DL models have shown great promise in breast cancer detection, these inherent
challenges need advanced detection techniques to improve the reliability, accuracy, and
generalizability of these models. Overcoming these challenges will pave the way for the

development of more effective Al-based diagnostic tools in breast cancer detection.

1.5 Objectives of the Thesis

The primary objective of this thesis is to design, develop, and evaluate automated
computer-based models for accurate and interpretable breast cancer detection across
multiple medical imaging modalities. The thesis focuses on the following specific objec-

tives:

e To perform a comprehensive literature review of breast cancer detection tech-
niques across various imaging modalities, critically analyze their limitations and
challenges, and leverage these insights to the development of improved, modality-

specific DL approaches for breast cancer detection.
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e To investigate and implement advanced DL based architectures capable of extract-
ing complex and clinically relevant features from diverse breast cancer imaging

modalities, including mammography, ultrasound, histopathology, and thermogra-

phy.

e To address the challenges of model interpretability and robustness by incorporating

attention mechanisms and optimization-driven feature selection techniques.

e To develop lightweight and computationally efficient models that balance perfor-

mance with feasibility for real-time or resource-constrained clinical settings.

e To perform a comprehensive evaluation of the proposed models for segmentation
and classification tasks, demonstrating improvements in accuracy, interpretability,

and overall performance.

1.6 Scope of the Thesis

This thesis aims to address the challenges associated with different breast cancer imag-
ing analysis and proposes effective solutions to enhance diagnostic performance. The
primary objective is to design and develop a breast cancer detection framework that
utilizes different imaging modalities to: (a) accurately segment the tumor region, verify-
ing the results against the provided ground truth data and (b) classify breast tumors as
benign or malignant. To achieve these goals, a series of systematic investigations have
been carried out, covering multiple aspects of breast cancer imaging analysis.

Initially the focus is to explore and analyze existing techniques for breast cancer detec-
tion across various imaging modalities. To achieve this, an extensive literature review
has been conducted, covering methodologies specific to each modality. The review high-
lights a common trend across the field: a transition from purely handcrafted approaches
to DL-based models, increasingly incorporating optimization techniques and attention
mechanisms [24]. Recent advancements in DL, particularly CNNs, have significantly im-
proved the performance of medical image segmentation tasks. The present study focuses
on to develop two types of frameworks: Segmentation frameworks based on advanced
U-Net variants for breast tumor segmentation and DL based FS frameworks for breast
cancer image classification.

From a visual perspective, the edges for a particular image can be used for localizing
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the ROI. For this, a dual branch U-Net [25] is proposed that fuses information from
edges with original images of breast ultrasound. It involves two separate input paths for
the encoding process. One of these branches incorporates the original image, and the
other path uses the edge information by applying the different edge operators [26] on
the original image. The encoded information learned by each of the branches fuses edge
information with the encoding from original images to localize the context in order to
produce a better segmentation mask.

To accurately segment the ROI from the breast ultrasound images a dual attention-
enhanced U-Net model, DAU-Net is introduced. In this, two powerful attention mech-
anisms: the novel Positional Convolutional Block Attention Module (PCBAM) and
Shifted Window Attention (SWA) [27] are integrated into a Residual U-Net model [28].
The PCBAM mechanism improves the encoder features before connecting them with the
decoder features via residual connections. PCBAM extends the Convolutional Block At-
tention Module (CBAM) by integrating the Positional Attention Module (PAM), thereby
enriching contextual information and improving the model’s ability to capture spatial
relationships within local features. Furthermore, the SWA module is incorporated into
the bottleneck layer of the Residual U-Net to further boost segmentation performance.
These attention mechanisms help capture both spatial and global contextual informa-
tion, allowing the network to focus on tumor regions while suppressing irrelevant features
from the surrounding tissue. This model demonstrates substantial improvements in ac-
curacy, particularly in distinguishing boundaries of tumors that often appear indistinct
due to the noisy and heterogeneous nature of ultrasound images.

The complexity of ultrasound images characterized by intricate patterns, closely resem-
bling intensity distributions, varying tumor shapes, and unclear boundaries, presents
significant obstacles in achieving accurate segmentation of breast lesions. These chal-
lenges motivates to explore for further enhancement of the U-Net framework. To this,
EU? — Net model is introduced which is a novel ensemble model that extends the
capabilities of the U? — Net architecture, a standard framework used for image segmen-
tation [29]. EU? — Net introduces a lightweight ensemble mechanism by incorporating
separable convolutions to reduce the number of trainable parameters, making the model
more computationally efficient and suitable for real-time applications. Unlike the con-

ventional ensemble techniques that require multiple models and a parameter explosion, a
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weighted averaging ensemble mechanism with learnable weights is introduced that seam-
lessly integrated within the U? — Net architecture. To enhance model performance fur-
ther, an attention-aided triple feature fusion technique is proposed. This enhances both
encoder and decoder features using feature similarity-based attention and Squeeze-and-
Excitation (SE) channel attention. Additionally, edge features extracted by the Sobel
filter from the encoder features is incorporated, enriching the decoder with boundary-
aware information. These combined multi-domain features provide the decoder with
a comprehensive set of generic and detailed features, thereby improving segmentation
accuracy.

Accurate nuclei segmentation in histopathological images is crucial for cancer diagnosis.
Automating this process offers valuable support to clinical experts, as manual annotation
is time-consuming and prone to human errors. However, automating nuclei segmentation
presents challenges due to uncertain cell boundaries, intricate staining, and diverse struc-
tures. To address this challenge, a segmentation approach is introduced that combines
the U-Net architecture with a DenseNet-121 backbone, harnessing the strengths of both
to capture comprehensive contextual and spatial information. In this, the classical U-Net
is extended by incorporating a DenseNet-121 encoder backbone to strengthen feature
propagation and reuse. To improve boundary localization, a Wavelet-Guided Channel
Attention Module (WGCAM) is proposed that captures boundary-aware spatial fea-
tures. Furthermore, a learnable weighted global attention pooling (Iw-GAP) is employed
to model channel-specific dependencies, enabling the network to focus on more relevant
feature maps. The decoder, comprising structured upsampling and convolutional blocks,
refines the segmentation output by handling small and complex regions influenced by
staining artifacts. The method is evaluated on two benchmark datasets—MoNuSeg and
TNBC—demonstrating superior performance in accurately segmenting nuclei in breast
histopathology images.

At the early stage of this thesis while exploring the breast cancer classification approaches
it is seen that the DL based frameworks in particular CNNs has considerably boosted the
performance of correctly classifying the breast cancer images. However, researchers over-
look one principal concept of eliminating redundant features which ultimately hamper
the performance of the overall framework. For this very reason, strategies like feature
selection are getting more popular these days. The objective of these methods is to
reduce the presence of redundant and noninformative features.

For the above said facts various deep feature selection strategies are explored. In an
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initial experiment, a deep feature selection method [30] is proposed for tumor classi-
fication in breast ultrasound images. The method begins by extracting features using
fine-tuned TL-based models. Then these extracted features are ranked based on the cor-
relation coefficient values that is obtained after applying a standard statistical method
and select the top ranked features which are most important and relevant, and classify
the unseen breast ultrasound tumors using ML-based classifiers. While further explor-
ing the FS strategies it is seen that meta-heuristic algorithms [31] perform well for F'S
because they are designed to efficiently explore large, complex, and non-linear search
spaces—which is exactly what FS entails. So, another method called U-WOA [32] is
proposed for tumor classification in breast ultrasound images that introduced a novel
unsupervised optimization technique. By incorporating rank-based statistical measures
into a meta-heuristics algorithm called the Whale Optimization Algorithm (WOA), the
framework identifies the most discriminative features without requiring class labels. In
this, the leader agent is selected in U-WOA using a pseudo-fitness value which is cal-
culated using three rank-based feature filter methods. The overall framework aims to
reduce the presence of redundant and noninformative features extracted from the deep
learner to build a more robust framework.

Meta-heuristics are designed to explore (search broadly to avoid local optima) and ex-
ploit (refine promising solutions). This balance helps find near-optimal feature subsets
without getting stuck in sub-optimal solutions. This fact is realized while exploring
classification approaches in thermograms. A lightweight model is introduced to classify
breast thermograms using a combination of TL-based model and FS approaches [33].
In this, a TL model (pre-trained on the ImageNet dataset) namely SqueezeNet 1.1 is
employed for the feature extraction purpose, which is very light in terms of the number
of parameters, thus leading to low processing time, storage, and computational efforts.
Then these extracted features are fed into the proposed hybrid F'S model, which selects
distinctive features and discards the redundant features. This hybrid FS model used
a chaotic Genetic Algorithm (GA) initialized using a sinusoidal chaotic map integrated
with Grey Wolf Optimizer (GWO) to reduce computational time and to select an opti-
mal subset of features using the exploration ability of GA and the exploitation ability
of GWO.

However, choosing the optimal feature subset in F'S is difficult in wrapper-based tech-
niques where the chosen subsets must be assessed using a learning algorithm at each

iteration. Ensemble of local search improves a method’s exploitation ability and hence
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improves the overall learning model’s performance. This fact is realized while exploring
classification approaches in mammograms. One of the common approaches to identifying
breast cancer is through breast mammograms. However, the identification of malignant
breasts from mass lesions is a challenging research problem. To address this issue a
method is introduced for the classification of breast mass using mammograms [34]. In
this, an attention-enhanced TL model called VGG16 is used for feature extraction. Then
to select an optimal subset of features, a local search embedded with the Social Ski-Driver
(SSD) algorithm is introduced. The attention mechanism exploits the most important
regions of an image by paying more attention to the same. Furthermore, F'S approaches
reduce the number of features, whereas local search helps to increase the exploitation
capability of the F'S method and produces the most optimal subset of features.

Further, it has been explored that ensemble learning based methods along with DL
approaches in various domains are achieving significantly improved classification perfor-
mance. Ensemble learning in the decision-making stage is a powerful strategy in which
confidence scores of multiple base learners are fused to obtain the final prediction about
an input sample. However, two classifiers may contain redundant information and if
they work in a group the results of that group are not significant. To resolve this limi-
tation, a rank based ensemble technique [35] is proposed to solve a 2-class classification
problem of breast histopathological images using the Gamma function. This rank-based
fusion works better than standard ensemble approaches because it uses adaptive prior-
ity depending on the confidence scores of the classifiers for each sample to be predicted.
It integrates the predictions from three pre-trained CNN models—GoogleNet, VGG11,

and MobileNetV3_Small—using a rank-based ensemble method.

1.7 Organization of the Thesis

This thesis provides a comprehensive study of automatic breast cancer detection tech-
niques across various imaging modalities, with a strong emphasis on DL-based ap-
proaches. It investigates prior research while presenting the proposed solutions devel-
oped in this study. Following this introductory chapter (Chapter 1: Introduction), the

remaining chapters are organized as follows:
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(i)

(iii)

Chapter 2 presents a comprehensive review of related work in breast cancer
classification and segmentation. It discusses existing techniques across multiple

imaging modalities and identifies key research gaps addressed in this thesis.

Chapter 3 focuses on the proposed models for segmenting tumor regions in breast
cancer images. It explores various attention mechanisms, boundary-aware en-
hancements, and lightweight architectures. For each method, the chapter details
the dataset used, model architecture, training strategy, and performance evalua-

tion.

Chapter 4 describes the proposed DL and optimization-based FS methods for
classifying breast cancer using images from different modalities, including ultra-
sound, histopathology, mammography, and thermography. It discusses various
FS strategies and evaluates their effectiveness across the proposed models. Addi-
tionally, the chapter investigates the performance benefits of ensemble approaches

compared to individual models.

Chapter 5 summarizes the key findings of the thesis and discusses the strengths
and limitations of the proposed methods. It emphasizes the role of attention mech-
anisms, optimization-based FS techniques, and ensemble learning in enhancing
breast cancer detection accuracy. The chapter also outlines potential future re-
search directions, including data-efficient learning, temporal modeling, and multi-

modal approaches for breast cancer detection.
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Chapter 2

Literature Review

This chapter comprehensively reviews literature on breast cancer segmentation and clas-
sification approaches across various imaging modalities, as introduced in Chapter 1, Sec-
tion 1.2. It examines publicly available datasets corresponding to these imaging tech-
niques and analyzes a range of methodologies, including both ML and DL approaches,
highlighting their respective limitations. Finally, the chapter identifies the existing gaps

and challenges in the field and outlines potential directions for required research.

2.1 Cancer Detection using Breast Mammograms

Digital mammography is the most common and primary imaging method for early breast
cancer screening, especially in asymptomatic women, and is endorsed by the American
Cancer Society [5]. It uses X-rays to capture two standard views of each breast—cranio-
caudal and mediolateral oblique—by compressing the breast vertically. This technique
is effective in detecting masses and calcifications, though dense breast tissue can make

interpretation challenging due to low contrast and irregular morphology.

Publicly Available Datasets: The Digital Database for Screening Mammography
(DDSM) [36] is the largest publicly available dataset for mammographic image analysis,
developed by Massachusetts General Hospital, Sandia National Labs, and the University
of South Florida. It includes 2,620 studies featuring normal, benign, and malignant cases,
each with verified pathology. Each study provides two images per breast, along with

patient data such as age, ACR breast density, and abnormality subtlety ratings. The
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Curated Breast Imaging Subset of DDSM (CBIS-DDSM) [37] is an enhanced and more
accessible version of the original DDSM, designed to support advanced mammography
research and CAD system development. It includes 2,620 scanned mammograms com-
prising 753 cases with calcifications and 891 with masses. The dataset features updated,
accurately re-annotated ROIs by trained mammographers, improved segmentation us-
ing a local level set method, and removal of 339 low-quality annotations. Images are
provided in modern 16-bit grayscale TIFF and DICOM formats, along with extensive
metadata (e.g., BFRADS scores, pathology, breast density, view type, mass/calcification
details). Data is split into training and testing sets for standardized evaluation.

Another public dataset is The Mammographic Image Analysis Society (MIAS) [38]
database, a widely used benchmark dataset for breast cancer research and CAD sys-
tem development. It contains 322 mammogram images from 161 patients (one image
per breast), categorized as normal, benign, or malignant. The 8-bit grayscale images,
standardized to 1024 x 1024 pixels at 50-micron resolution, include various abnormalities
such as masses, microcalcifications, architectural distortions, and asymmetries. Each im-
age is annotated with the type, location, and size of abnormalities, along with metadata
on patient age, breast density, and lesion characteristics, making it a valuable resource

for algorithm evaluation and comparison.

Classification Approaches: In recent years, DL approaches, particularly CNNs and
TL models, have significantly enhanced the accuracy and reliability of mammographic
image classification. For instance, Shen et al.[39] proposed a CNN-based method for
classifying mammograms from the CBIS-DDSM dataset, reporting an AUC of 0.88,
sensitivity of 86.1%, and specificity of 80.1%. Khamparia et al.[40] used VGG16 with
fine-tuning and regularization, reaching an accuracy of 88.3%. L. G. Falconi et al. [41]
evaluated several TL models (e.g., NasNet, MobileNet, ResNet, and VGG16) for classi-
fying malignancy in breast abnormalities. They found that fine-tuned VGG16 achieved
the best accuracy (84.4%) on the CBIS-DDSM dataset. Another approach by Al-antari
et al. [42] proposed a model leveraging You Only Look Once (YOLO) for lesion detec-
tion and multiple CNN architectures (e.g., ResNet-50, InceptionResNet-V2) for classi-
fication. Their framework showed promising results across the DDSM and INBreast
datasets, indicating the generalizability of YOLO-based detectors in diverse mammo-
graphic environments.

From these studies, it is evident that deep learning techniques—especially those utilizing
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transfer learning and model fine-tuning—have shown significant promise in mammog-
raphy image classification. Despite the challenges of heterogeneous datasets and image
quality variations, these approaches have enhanced diagnostic precision and can reduce
both false positives and false negatives in clinical breast cancer screening. However,
the effectiveness of these models could be further improved by integrating attention
mechanisms, which help to localize and focus on the most informative regions within
mammograms.

Beyond DL, a number of studies have investigated the integration of meta-heuristic F'S
strategies with mammographic image analysis. For example, Oyelade et al. [43] imple-
mented a nature-inspired meta-heuristic optimization strategy to fine-tune the weights
and biases of a CNN model designed for breast cancer image classification, including
mammograms. The optimization process involved multiple algorithms such as GA,
WOA, Multiverse Optimizer (MVO), Satin Bowerbird Optimization (SBO), and Life
Choice-Based Optimization (LCBO). This comprehensive optimization scheme aimed
to improve the CNN’s performance across various imaging types, including mammo-
grams. However, despite its broad applicability, the model faced limitations in accuracy,
likely due to the difficulty in capturing the subtle variations in mammographic features
with evolutionary tuning alone. Furthermore, Rezaee et al. [44] introduced a hybrid
descriptor-based approach tailored to identify multi-mass breast cancer, which is espe-
cially relevant to mammography where masses of varying sizes and textures frequently
appear. They employed a memetic meta-heuristic learning strategy to enhance the FS
process. Although the method offered enhanced adaptability to complex breast lesion
patterns, its effectiveness was undermined by high data processing times and relatively
lower precision in dense breast scenarios, a common issue in mammographic interpreta-

tion.

Limitations of Existing Techniques: In summary, while meta-heuristic F'S meth-
ods have shown increasing promise in mammogram-based cancer detection, existing
approaches often face limitations such as computational inefficiency, limited accuracy
gains, and poor generalization. There is a requirement of developing more adaptive and
scalable hybrid frameworks that combine DL with swarm intelligence or evolutionary
algorithms. Such models could better accommodate the inherent variability of mammo-
graphic images, ultimately enhancing the precision and robustness of automated breast

cancer screening systems.
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2.2 Cancer Detection in Breast Ultrasound Images

Ultrasound is the second most common imaging modality for breast cancer diagnosis
after mammography. It is noninvasive, safe, cost-effective, and particularly useful for
younger women and those with dense breast tissue, achieving up to 96-100% accuracy
in detecting simple cysts. Ultrasound utilizes high-frequency sound waves to create real-
time images, distinguishing cysts from solid masses without ionizing radiation. However,
it is operator-dependent and often produces lower-resolution images with blurred details
and indistinct margins, making accurate diagnosis challenging. While it reduces unnec-

essary biopsies and is widely accessible, it is prone to false positives and negatives.

Publicly Available Datasets: Publicly accessible breast ultrasound datasets for gen-
eral researchers are limited, with many being private. The Breast Ultrasound Imaging
Dataset or popularly known as BUSI dataset was generated in 2018 and made publicly
accessible by Dhabyani et al. [45]. This dataset includes breast ultrasound images from
600 female patients aged 25 to 75 years. It consists of 780 images, each with an average
size of 500 x 500 pixels in PNG format and its own ground truth (mask image). The
images are categorized into three classes including 437 benign, 210 malignant and 133
normal images. Another popular publicly accessible dataset is Dataset B, also known
as UDIAT [46]. The UDIAT dataset was shared by the UDIAT Diagnostic Centre in
Sabadell, Spain, for research purposes. It comprises 109 benign and 58 malignant breast
ultrasound images. Experienced radiologists carefully annotated each image, creating
binary masks as ground truth for regions of interest. Both the ultrasound images and
their corresponding masks have an average resolution of 760 x 570 pixels, providing

high-quality data for breast cancer detection and classification studies.

Segmentation Approaches: Accurate segmentation of breast tumors in ultrasound
imaging is crucial for early diagnosis and clinical decision-making. Traditional image
processing techniques often fall short in handling the challenges posed by ultrasound
images, such as low contrast, speckle noise, and fuzzy lesion boundaries. With the rise
of DL, especially CNNs, significant advances have been made in medical image segmenta-
tion, particularly using architectures such as Fully Convolutional Networks (FCNs) [47]
and U-Net [21]. These architectures serve as the backbone for many SOTA models used
in medical imaging tasks [48-52].

Inspired by the success of U-Net, various improvements have been proposed by the
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researchers to address its limitations and enhance its ability to extract spatial and
contextual information. Variants like Residual U-Net [28], Attention U-Net [53], U-
Net+-+[54], and RDAU-Net[55] have demonstrated significant promise for breast lesion
segmentation in ultrasound images. In particular, attention mechanisms have emerged
as powerful tools to improve focus on relevant features and suppress irrelevant regions,
thereby enhancing segmentation accuracy. Channel and spatial attention modules, such
as those used in CBAM [56], have shown effectiveness in modeling interdependencies
between feature maps.

Studies like Vakanski et al. [57] and Lee et al. [58] demonstrated how visual saliency
and grid-based channel attention can guide networks to focus on tumor-relevant areas
in ultrasound images. Others, such as Zhang et al. [59] and Han et al. [60], integrated
CBAM and adversarial learning to develop models capable of joint lesion detection and
segmentation, even with limited annotated data.

Transformer-based models have also gained traction. Swin Transformer [27] introduces
a sliding window-based attention mechanism, which was later incorporated into hy-
brid CNN-transformer frameworks such as BTS-ST [61]. These models further improve
segmentation in challenging imaging modalities like breast ultrasound by capturing long-

range dependencies.

Classification Approaches: Over the years, a range of methods have been proposed
leveraging different combinations of feature extraction strategies and classification tech-
niques for breast cancer classification in ultrasound images. Early approaches relied
heavily on handcrafted features. For instance, Shi et al. [62] extracted histogram, tex-
ture, and fractal features from the BUSI dataset and used an Support Vector Machine
(SVM) classifier. However, their method did not account for key diagnostic indicators
such as tumor size, limiting its clinical applicability. Yang et al. [63] focused on Gray
Level Co-Occurrence Matrix (GLCM)-based texture features derived through multi-
resolution ranklet transformations. Although the method provided robustness against
scale and orientation variations, it suffered from high computational cost and achieved
only modest accuracy. Similarly, Cai et al. [64] integrated phase congruency and Local
Binary Pattern (LBP)-based features with SVM for classification. While the approach
captured both structural and textural cues, it lacked consideration for region-specific
tumor features, which are critical for effective diagnosis.

With the advent of DL, researchers began exploring CNN-based methods. Xiao et al. [65]
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implemented TL using pretrained models like InceptionV3, Xception, and ResNet50 on
a large ultrasound dataset, achieving an accuracy of 89.44%. While this marked an
improvement over classical methods, the performance left room for further refinement,
particularly in handling inter-class variability. Hybrid techniques have also gained pop-
ularity. Sadad et al. [66] proposed a CAD system that first segmented the lesion region
using marker-controlled watershed transformation and then extracted shape and GLCM-
based texture features. These were used to train an ensemble classifier, which achieved a
commendable accuracy of 96.6%. However, the method did not address class imbalance,
which can bias results toward the dominant class. Mishra et al. [67] introduced a more
refined handcrafted approach by combining Histogram of Oriented Gradients(HOG),
GLCM, and additional texture features. Feature selection was performed using recursive
feature elimination (RFE), and data imbalance was mitigated using Synthetic Minor-
ity Oversampling Technique (SMOTE). While this enhanced classification accuracy, the
method was computationally intensive and relied on tuning the number of selected fea-
tures, affecting generalizability. A more comprehensive ensemble approach was proposed
by Moon et al. [68], who fused multiple CNN architectures with handcrafted descriptors.
They selected the best-performing models for each input modality and combined their
outputs using a weighted average strategy. This framework improved classification ac-
curacy but remained semi-automated, requiring manual steps in tumor localization and
segmentation. To overcome the limitations of static feature extraction, Jabeen et al. [69]
integrated DL with meta-heuristic optimization. Features extracted using DarkNet-53
were refined through reformed Binary Grey Wolf Optimization (BGWO) and Differential
Evaluation algorithms. This hybrid model significantly enhanced classification accuracy
and showed better generalization across BUSI categories. Further advancing this di-
rection, Mishra et al. [70] proposed a fusion technique that combined handcrafted and
CNN-extracted features. After normalization and dimensionality reduction, the final
feature set was optimized using the WOA. Their method outperformed several SOTA
approaches, achieving accuracy beyond 95% and demonstrating the effectiveness of hy-

brid and optimized feature spaces.

In summary, the trajectory of research in ultrasound image-based breast cancer de-
tection reflects a clear shift from purely handcrafted techniques to hybrid and deep

learning-driven approaches. The integration of intelligent feature selection, ensemble
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learning, and optimization algorithms—especially when tested on standardized datasets
like BUSI—has significantly advanced the accuracy, robustness, and applicability of

these models in real-world diagnostic settings.

Limitations of Existing Techniques: Despite these advancements, many mod-
els still face limitations such as high computational costs, redundant parameters, and
insufficient attention to boundary regions. To overcome these issues, there is a need
for end-to-end models that not only improves segmentation and classification accuracy
across varied tumor shapes and textures but also ensures computational efficiency suit-

able for real-time clinical applications.

2.3 Cancer Detection using Breast Thermograms

Breast thermography is a non-invasive, radiation-free, and cost-effective technique for
detecting and classifying breast cancer by capturing heat patterns using infrared cam-
eras. Malignant cells generate more heat due to higher metabolic activity and blood
flow, making temperature variations on the breast surface potential indicators of tu-
mors. Thermography uses color maps—blue for healthy tissue and warmer colors for

abnormalities.

Publicly Available Datasets: The Database for Mastology Research with Infrared
Thermal Imaging or popularly known as DMR-IR database! provided by Federal Flu-
minense University, is a widely used open-access dataset for breast cancer research. It
includes infrared (IR) images of 640x480 resolution and detailed patient information
such as medical history and symptoms. Images were captured using static and dynamic
protocols with a FLIR-SC 620 camera. The dataset supports comprehensive diagnostic
algorithm development, with some achieving up to 100% accuracy.

Another recent publicly available thermographic dataset is The DBT-TU-JU breast ther-
mogram database [71], developed by the Department of Biotechnology, Tripura Univer-
sity, and Jadavpur University. It provides annotated thermograms with ground-truth
images of suspicious regions. It contains 1100 thermograms from 100 subjects, including
original and zoomed-in views across six angles (frontal, lateral, oblique, and supine).

The dataset is enriched with supporting clinical data, including mammography results,

"http://visual.ic.uff.br/dmi/
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patient history, and diagnostic reports, to validate infrared breast thermography find-

ings.

Classification Approaches: Over the past decade, researchers have explored vari-
ous techniques to leverage texture and thermal information embedded in thermograms.
Initial efforts such as those by Roslidar et al. [72] focused on leveraging TL with CNN
architectures like ResNet-101, DenseNet-201, MobileNet V2, and ShuffleNet V2. Re-
markably, these models achieved near-perfect classification accuracy, with MobileNet
V2 offering an efficient trade-off between training time and resource usage, making it
suitable for real-time applications. However, the models were only partially automated
and relied on TL rather than task-specific customization. To enhance feature extraction,
Pramanik et al. [73] proposed a novel local image descriptor named the Local Instant-
and-Centre-Symmetric Neighbor-based Pattern, designed to capture high-level texture
information from extrema-images of thermal scans. This handcrafted feature design
improved representation capability but remained computationally demanding. Some
studies have applied swarm intelligence for classification of thermograms. Gongalves et
al. [74] applied Particle Swarm Optimization to optimize hyperparameters of a VGG-16-
based CNN model, showing performance improvements in infrared images. CNN-based
feature learning has also been explored for classification using both raw images and aux-
iliary data. Sanchez-Morillo et al. [75] used a multi-view approach that incorporated
frontal and lateral thermal views along with clinical and personal metadata as input
to a CNN. This strategy boosted classification accuracy by integrating contextual in-
formation with imaging features. Furthermore, studies like [76] examined the influence
of data augmentation techniques and CNN hyperparameter tuning on classification ac-
curacy across different thermal datasets. The study provided important insights into

dataset partitioning strategies and their impact on model generalizability.

Limitations of Existing Techniques: Overall, the literature demonstrates increas-
ing interest in developing thermography-based CAD systems using hybrid methods.
These include combining handcrafted and learned features, metaheuristic optimization
for feature selection or hyperparameter tuning, and context-aware models incorporating
both image and non-image data. Despite the progress, challenges remain in reduc-
ing computational cost and achieving fully automated, lightweight models suitable for

hardware-constrained environments.
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2.4 Cancer Detection in Histopathology Images

Histopathology, or biopsy imaging, is a tissue-based diagnostic method for breast cancer
screening. It involves collecting tissue samples from suspicious areas using techniques
like fine-needle aspiration, core needle biopsy, or surgical biopsy. Samples are stained
with Hematoxylin and Eosin (H&E), fixed on slides, and examined under a microscope.
These are then digitized into whole slide images (WSIs), enabling extraction of ROIs for

training models to classify invasive and non-invasive cancers.

Publicly Available Datasets:  The BreakHis dataset, introduced by Spanhol et
al. [77], contains 7,909 histopathological images—2,480 benign and 5,429 malignant—collected
from 82 patients by P&D Laboratory in Brazil. Images were captured at 40x, 100x,
200x, and 400x magnification using an Olympus BX-50 microscope and a Samsung dig-
ital color camera, stored as 700x460 pixel PNG files in 24-bit RGB. Prepared using
standard histopathology protocols (formalin fixation, paraffin embedding, H&E stain-
ing), the slides support detailed morphological analysis. Pathologists identify regions of
interest at 40x and examine them further at higher magnifications. The dataset includes
four benign tumor types (adenosis, fibroadenoma, phyllodes tumor, tubular adenoma)
and four malignant types (ductal, lobular, mucinous, and papillary carcinoma), making
it a valuable resource for developing and evaluating breast cancer classification mod-
els. The ICIAR Breast Cancer (BACH) dataset [78], developed for the BACH Grand
Challenge at ICTAR 2018, supports automated classification and segmentation of H&E-
stained histology images. It includes two components: (i) 500 annotated microscopy
images (400 for training, 100 for testing) equally distributed across four classes—normal,
benign, in situ carcinoma, and invasive carcinoma—collected from hospitals in Portugal
and annotated by medical experts; and (ii) pixel-level labeled WSIs for segmentation
tasks. Images were captured using a Leica DM2000 LED microscope and ICC50 HD
camera.

Another publicly accessible dataset is the TNBC (Triple-Negative Breast Cancer) dataset [79],
which supports research in detecting, grading, and classifying TNBC. It contains 50 high-
resolution (512x512) histology images with 4,022 meticulously annotated cells, averag-
ing 80 cells per image. Annotations cover various cell types, including normal epithelial,
myoepithelial, invasive cancer cells, fibroblasts, endothelial cells, adipocytes, and im-

mune cells (macrophages, lymphocytes, plasmocytes). Annotations were performed by
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a pathologist and two trained fellows, with each image reviewed and finalized through
expert consensus, ensuring high accuracy. This dataset is a valuable resource for devel-
oping advanced breast cancer analysis algorithms.

Segmentation Approaches: Over the years, a wide range of DL-based segmentation
techniques have been proposed to address the complex challenges of histopathologi-
cal image analysis. These methods aim to handle the irregular shapes, varying sizes,
low contrast, and intricate structural details characteristic of ROIs in clinical images.
To address the diversity in ROI appearance and size, Kanadath et al. [80] introduced
AIR-UNet++4, an atrous inception-ResNet-based U-Net architecture augmented with
dense skip connections. This model yields segmentation results through enhanced fea-
ture reuse and multiscale context extraction. Yang et al. [81] presented ADS-UNet, a
stage-wise additive training framework that incorporates deep supervision in shallower
layers. It utilizes performance-weighted ensemble learning by combining multiple sub-
UNets. Kiran et al. [82] proposed DenseRes-UNet, a modified U-Net framework that
integrates dense blocks at the encoder’s final stages and introduces residual connections
with Atrous convolutions. These modifications help reduce the semantic gap between
encoder and decoder paths. Additional post-processing techniques, including distance
maps and binary thresholding, are applied to enhance the delineation of nuclei interiors.
Singha et al.[83] proposed AlexSegNet, an encoder-decoder model inspired by AlexNet.
It combines low- and high-level features via skip connections and channel-wise feature

map fusion for effective nucleus segmentation.

Classification Approaches: In this section, studies that have utilized ensemble
techniques and deep feature extraction for breast cancer classification in histopathol-
ogy images are explored. Ensemble learning has become a prominent technique in the
classification of breast histopathology images, as it enhances the robustness and accu-
racy of DL models. It enhances the prediction capability of the overall model which
is beyond the research of the individual base models. This approach also makes the
model more robust. Ensemble learning helps to resolve the issues when a model makes
a biased decision for a particular test sample. This approach is explored in respect with
the histopathology images where the dataset contains high imbalance between benign
and malignant types. It minimizes the variance of the prediction errors by adding some
bias to the competitive base learners. Average probability, majority voting and weighted

average probability are the most popular ensemble techniques used in different studies
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as found in the literature. Several approaches have employed ensemble methods to inte-
grate the outputs of multiple models, combining the strengths of individual classifiers to
improve overall performance. For instance, Bhowal et al. [84] proposed a fuzzy ensemble
model using Choquet integrals, integrating fuzzy measures from information theory and
coalition game theory. This approach combines the strengths of individual classifiers in
a fuzzy framework to improve the classification of breast histopathology images. Wang
et al. [85] employed manifold learning to fuse CNN features extracted at different layers
of the network. This approach utilized adaptive neighborhood preservation to measure
similarity among samples, further enhancing the feature representation and improving
the classification performance. Wang et al. [86] integrated CNN and CapsNet features to
simultaneously capture semantic and spatial information. This hybrid approach aims to
leverage the strength of CNNs in feature extraction and the spatial awareness provided
by Capsule Networks, which improves the classification of breast cancer histopathol-
ogy images. Zerouaoui et al. [87] evaluated seven deep learning architectures and used
the Borda count method to rank the best combination of models. This voting-based
approach enabled the authors to select the most effective ensemble of CNN models for
breast cancer classification. Kassani et al. [88] proposed a three-path ensemble approach,
utilizing VGG19, MobileNetV2, and DenseNet201 as base models. The fully connected
layers of these models were concatenated to create a final feature representation, which
was then classified to improve prediction accuracy.

These studies highlight the effectiveness of combining multiple CNN models and lever-
aging ensemble learning techniques to enhance the performance of breast histopathol-
ogy image classification. The integration of TL, feature fusion, and advanced ensem-
ble strategies has led to significant improvements in classification accuracy, providing a
strong foundation for developing more reliable and robust automated diagnostic systems

for breast cancer classification.

Limitations of Existing Approaches: Despite notable advancements, DL-based cell
segmentation methods continue to face significant challenges in clinical applications. A
primary obstacle lies in the inherent complexity of histopathological images, which often
feature intricate structures and noisy backgrounds. These characteristics make it diffi-
cult to accurately segment ROIs, particularly at the cellular level. Moreover, deep neural
networks rely heavily on large volumes of high-quality annotated data—resources that

are limited in the pathological domain. This data scarcity hampers model generalization
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and reduces performance on unseen samples. Additionally, the increasing complexity of
SOTA models often comes at the cost of high computational demands, limiting their
scalability and practical deployment in resource-constrained clinical environments. Al-
though lightweight models offer a more computationally efficient alternative, achieving
high segmentation accuracy with such models remains a persistent challenge. These
limitations highlight the pressing need for the development of segmentation approaches
that are not only lightweight and accurate but also robust and generalizable for real-
world clinical use.

Also, the traditional ensemble methods have some flaws in it. For instance, the majority
voting method gives equal weightage to each classifier irrespective of their classification
ability. The weighted average technique has the flaw of giving higher weight to classifiers
with higher accuracy and ignores a group of classifiers working together and classifiers
sharing redundant data. For example, a classifier may not be able to produce good
classification results when working alone but can produce substantially good results if

it works in a group with other classifiers.

2.5 Discussion

The literature surveyed across multiple imaging modalities—ultrasound, thermography,
mammography, and histopathology—reveals a clear evolution from traditional hand-
crafted methods toward DL-based and optimization-enhanced classification frameworks.
Each modality introduces unique challenges and opportunities, which have been ad-
dressed through increasingly sophisticated computational strategies.

In ultrasound imaging, early reliance on handcrafted features such as texture, shape,
and fractal descriptors provided initial baselines but suffered from limited generaliz-
ability, especially in the presence of variable lesion morphology and low-quality scans.
The integration of DL, particularly CNNs and TL, improved classification accuracy and
robustness. However, standalone CNN models often lacked precision in feature local-
ization. Recent trends have thus shifted toward hybrid models, combining deep feature
extraction with metaheuristic optimization and ensemble classifiers. These methods, es-
pecially when applied to datasets like BUSI, have demonstrated improved generalization

and interpretability. Nonetheless, computational complexity remain ongoing concerns.
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In thermographic imaging, the emphasis has been on leveraging temperature pat-
terns and textural cues embedded in infrared scans. While CNN-based TL has yielded
promising results with lightweight models like MobileNetV2, handcrafted descriptors and
bio-inspired segmentation approaches (e.g., PSO, GWO) have been essential in captur-
ing thermal variance and ROI-specific features. Despite these advances, computational
overhead and lack of task-specific model optimization remain barriers to real-time imple-
mentation. Future progress in this domain may lie in developing streamlined, end-to-end
pipelines that incorporate contextual metadata and dynamic model tuning without in-
creasing system load.

For mammography, DL techniques, particularly through fine-tuned CNNs and TL,
have significantly enhanced classification accuracy and reduced diagnostic errors. Mod-
els such as YOLO for lesion localization, when combined with CNN classifiers, have
shown good generalizability across datasets like DDSM and INBreast. Moreover, at-
tention mechanisms and FS algorithms like BMFO and WOA have been explored to
improve model focus and reduce dimensionality. Despite the gains, variability in breast
density, inter-patient differences, and limited interpretability of some black-box models
still limit clinical adoption. Therefore, future research should emphasize attention-based
and interpretable hybrid models that can adapt to varying image quality and complex-
ity.

In the domain of histopathology, ensemble DL frameworks have become the dominant
trend. These models, especially those using multi-CNN backbones, capsule networks, or
attention-based fusion, have delivered high accuracy in classification tasks. The use of
ensemble voting strategies (e.g., majority voting, weighted averaging, Borda count) has
proven effective in mitigating individual model weaknesses. However, the need for large
annotated datasets and high processing requirements for patch-based methods remain
significant challenges. Addressing these issues may involve weakly-supervised learning,
attention-guided sampling, and TL strategies that can scale efficiently while preserving
accuracy.

On the segmentation front, architectures like U-Net and its variants (U-Net++, At-
tention U-Net, and CBAM-integrated models) have revolutionized the detection of tu-
mors, particularly in ultrasound and histopathology images. Attention modules and
transformer-based designs have further improved feature focus and boundary sensitivity.
Nonetheless, the trade-offs between accuracy, computational cost, and model complex-

ity are still unresolved. While attention-enhanced CNNs and Swin Transformers offer
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improved spatial awareness, they often come at the cost of inference speed and memory
usage.

In summary, the current landscape reflects a common trajectory across modalities: a
shift from purely handcrafted methods to advanced DL-based models, with increasing
adoption of optimization techniques and attention mechanisms. Despite notable perfor-

mance gains, several key challenges persist:

e Computational efficiency and scalability remain major challenges for clinical de-
ployment, especially in thermography and histopathology-based approaches, high-
lighting the need for lightweight, automated architectures suitable for real-time

integration.

e Data imbalance and annotation scarcity affect performance in ultrasound and

histopathology image classification.

e Model interpretability and adaptability are crucial for adoption in mammography,

where dense tissues and subtle lesions challenge even advanced systems.

From the above discussion it is clear that there is a requirement of developing unified
frameworks that effectively balance accuracy, efficiency, and interpretability. Attention-
driven, context-aware DL systems—potentially optimized through evolutionary algo-
rithms—offer promising directions for next-generation CAD tools. These advanced sys-
tems have the potential to improve diagnostic accuracy across various imaging modali-
ties while also supporting clinical decision-making, particularly in diverse and resource-

limited settings.
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Chapter 3

Advanced U-Net Models for

Breast Tumor Segmentation

Breast tumor segmentation plays a crucial role in the CAD pipeline, enabling clinicians
to localize, characterize, and assess tumor progression with greater precision. Accurate
segmentation in medical imaging not only assists in early detection but also enhances
treatment planning and monitoring. This chapter focuses on breast tumor segmentation
across two critical imaging modalities—ultrasound and histopathology—both of which
provide complementary insights into tumor morphology. Ultrasound imaging offers a
real-time, non-invasive view of soft tissue structures, commonly used in screening and
diagnostic workflows. Histopathological images, on the other hand, deliver cellular-level
detail essential for cancer grading and prognosis.

Despite their diagnostic potential, precise and automated segmentation in both ultra-
sound and histopathology images remains a major challenge. In ultrasound imaging, fac-
tors such as speckle noise, low contrast, blurred lesion boundaries, and tumor shape vari-
ability often obscure the precise contours of breast lesions [30]. Similarly, in histopathol-
ogy, inconsistent staining, overlapping nuclei, variable nuclear morphology, and complex
background textures hinder accurate nuclei segmentation, which is vital for detecting
malignancy.

Recent advancements in DL, particularly CNNs, have significantly improved the per-
formance of medical image segmentation tasks. The U-Net architecture [21], with its
encoder-decoder structure and skip connections, has emerged as a cornerstone model
for biomedical image segmentation due to its ability to capture both global context and
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local spatial details. However, the vanilla U-Net faces limitations when applied to com-
plex breast imaging data. In ultrasound, U-Net may struggle to delineate lesions from
low-contrast backgrounds, while in histopathology, the skip connections can propagate
irrelevant features, and the network may overlook fine-grained structures like nuclear
boundaries.

To address these modality-specific challenges, this chapter proposes enhanced U-Net-
based architectures that leverage attention mechanisms and guided feature enhancement
to improve segmentation accuracy in both domains. In this chapter, three models are

presented, each advancing the field of breast tumor segmentation.

DAU-Net: Dual Attention-Enhanced U-Net for Tumor Segmentation in Breast
Ultarsound: [89] The first method focuses on an attention-enhanced U-Net model,
where a hybrid architecture is proposed that integrates PCBAM and SWA. These at-
tention mechanisms help capture both spatial and global contextual information, allow-
ing the network to focus on tumor regions while suppressing irrelevant features from
the surrounding tissue. This model demonstrates substantial improvements in accuracy,
particularly in distinguishing boundaries of tumors that often appear indistinct due to
the noisy and heterogeneous nature of ultrasound images.

EU? — Net: A Lightweight Ensemble U-Net Architecture for Breast Ultra-
sound Image Segmentation [90]: The second model involves the development of
a novel ensemble architecture, FU? — Net, which builds upon the U? — Net frame-
work [29]. EU? — Net introduces a lightweight ensemble mechanism by incorporating
separable convolutions to reduce the number of trainable parameters, making the model
more computationally efficient and suitable for real-time applications. Additionally, a
weighted averaging ensemble technique is incorporated within the network, allowing for
enhanced segmentation performance without significantly increasing model complex-
ity. This approach leverages attention-aided triple feature fusion, combining feature
similarity-based attention, Squeeze-and-Excitation (SE) channel attention, and Sobel
edge features for improved segmentation of breast lesions in ultrasound images.
AWGUNet: Attention-aided Wavelet Guided U-Net for Tumor Segmenta-
tion in Breast Histopathology [91] In this approach, the classical U-Net is extended
by incorporating a DenseNet-121 encoder backbone to strengthen feature propagation
and reuse. To improve boundary localization, WGCAM is introduced that captures

boundary-aware spatial features. Furthermore, a learnable weighted global attention
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pooling is employed to model channel-specific dependencies, enabling the network to
focus on more relevant feature maps. The decoder, comprising structured upsampling
and convolutional blocks, refines the segmentation output by handling small and com-
plex regions influenced by staining artifacts. The method is evaluated on two benchmark
datasets—MoNuSeg and TNBC—demonstrating superior performance in accurately seg-

menting nuclei in breast histopathology images.

Objectives of the Chapter

e To explore and integrate advanced DL architectures, particularly U-Net and its
variants, for improving segmentation performance in breast ultrasound and histopathol-

ogy imaging.

e To enhance segmentation accuracy using dual attention mechanisms by proposing

an attention-augmented U-Net incorporating PCBAM and SWA.

e To develop a lightweight ensemble segmentation model (EU2-Net) that reduces
computational complexity while maintaining high accuracy through separable con-

volutions and a weighted triple feature fusion strategy.

e To effectively address segmentation challenges posed by histopathological images,
such as overlapping nuclei, staining artifacts, and heterogeneous tissue morphology,

by enhancing both spatial precision and contextual understanding.

o To demonstrate how attention mechanisms and edge information can guide the
model to focus on tumor-specific regions, thus improving the precision of CAD

systems in clinical settings.

3.1 Model 1: Dual Attention-Enhanced U-Net (DAU-Net)

A novel segmentation method for detecting tumors in breast ultrasound images is pro-
posed that incorporates two attention mechanisms—PCBAM and SWA—which are de-
signed to effectively capture context-aware features, spatial dependencies, and global
contextual information. The complete architecture of the proposed segmentation model

is illustrated in Fig. 3.1.
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F1GURE 3.1: Block diagram of the proposed DAU-Net model used for segmentation of

tumor in breast ultrasound images. An input image of size 128 x 128 x 1 is processed by

the encoder for feature extraction, while the decoder upsamples the encoded features to

generate a binary segmentation mask of the same dimensions. To enhance performance,

PCBAM and SWA attention mechanisms are integrated into the skip connections be-
tween the encoder and decoder.

3.1.1 Encoder Module

The encoder extracts hierarchical features from the input data using convolutional lay-
ers with 3 x 3 filters and a stride of 1. Each convolutional layer is followed by batch
normalization and Rectified Linear Unit (ReLU) activation to ensure feature stability
and promote efficient information flow. To ensure smooth gradient flow during training
and to retain essential information, residual connections are utilized. To downsample,
2 x 2 stride convolutional layers are employed. Additionally, the PCBAM mechanism
improves the encoder features before connecting them with the decoder features via
residual connections. More information on this mechanism can be found in the subse-

quent Section.

3.1.2 Decoder Module

In the process of upsampling and reconstructing segmented output, the decoder plays a
crucial role. By combining upsampled feature maps with those from the attention-aided
encoder features, it gains access to both low-level and high-level features. This happens
through strategic fusion, where features are refined using convolutional layers, followed

by batch normalization and ReLU activation, leading to a richer, higher-dimensional
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representation of spatial relationships. To further enhance the spatial dimensions, the
decoder uses residual blocks, which contribute to its exceptional performance. More-
over, the SWA layer is incorporated in the decoder, capturing global dependencies and

improving spatial coherence in the segmentation results.

3.1.3 Positional Convolutional Block Attention Module

CBAM attention mechanism [56] is applied to the last feature map of dimension C' x H x
W generated from any CNN architecture. Here, C, H and W represent a feature map’s
number of channels, height, and width, respectively. The CBAM attention mechanism
contains two modules: one dimensional Channel Attention Module (CAM) and two
dimensional Spatial Attention Module (SAM). The CAM assigns weights to the feature
map channels, emphasizing those that contribute more significantly to improving the

model’s performance. It is formulated as per Eq. 3.1.

Fe = o(mlp(gap(F')) + mip(gmp(F))) (3.1)

In Eq. 3.1, o denotes the sigmoid activation function, gap, gmp and mlp represents the
global average pooling layer, global max pooling layer and the multi-layer perceptron
respectively. mlp consists of two successive fully connected i.e., dense layers (Dy,) with
C and C/8 units, respectively and F is the feature map. Now, F. = F,® F is fed to the
SAM (® denotes the element-wise matrix multiplication). The SAM module processes
the feature map F, produced by the CAM, by applying a spatial attention mask to
refine and enhance the feature representation. The SAM is formulated according to

Eq. 3.2.

F" = f™7[Dy(gap(F})); Di(gmp(F)))] (3.2)

In Eq. 3.2, ™7 is a convolutional layer of kernel size 7 x 7 and ;" denotes the concate-
nation operation. Fopans, the final output feature map, is obtained by element-wise

multiplication between F” and F! as shown in Eq. 3.3.

Fepau =F' @ F, (3.3)
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The CBAM attention mechanism effectively captures both channel-wise and spatial de-
pendencies, enabling the model to focus on relevant features, and enhance its perfor-

mance in image segmentation.

Similarly, the Position Attention Module (PAM) is designed to enrich local features
by incorporating a broader context, thereby enhancing their representational capacity.
To achieve this, starting with a local feature map denoted as F € RFXWXC — The
feature map is passed through a convolutional layer, producing two new feature maps,
B and Z, both of size RE*Wx*C  Afterward, B and Z are reshaped into matrices of

RNXC

size , where N = H x W, representing the number of pixels in the feature map.

RNXN ig generated by performing matrix multiplication

The spatial attention map S €
between the transpose of Z and B, followed by a softmax operation. This attention map
captures the spatial relationships between different pixels in the feature map. PAM
allows local features to leverage a wider contextual understanding by employing the
attention mechanism to emphasize relevant spatial information. This enables the local

features to better represent complex patterns and structures in the input data. The

formula is shown in Eq. 3.4.

B;- Z;
=1 exp(B; - Z;)

where sj; quantifies the influence of the 7th position on the jth position.

Next, the feature map F' is fed into a convolutional layer to generate a new feature
map D € RT*WXC which is reshaped to RV*C. A matrix multiplication is performed
between D and the transpose of S, resulting in a feature map of size RN*C. It is then
reshaped back to RT*W>C Finally, multiply it by a scale parameter o and an element-
wise sum operation with the features F' is performed to obtain Fpap € RF*WXC | The

calculation is done in accordance with Eq. 3.5.

N
FPAMj = aZ(S]’i . D,) + Fj (3.5)
=1

where « is initialized as 0. The model learns the parameter a and gradually adjusts it
to assign greater emphasis where needed. The resulting feature Fpays at each position

represents a weighted combination of features from all positions and the original features,
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enabling a global contextual perspective and selective aggregation based on the spatial
attention map. This process enhances intra-class compactness and preserves semantic
consistency within the feature representations. Leveraging the strengths of both CBAM
and PAM, these modules are integrated using Eq. 3.6 to form PCBAM, where the input
feature map F' is fed into both CBAM and PAM. The block diagram of the PCBAM is

shown in Fig 3.2.

Fpcpam = Fpam + Fopam (3.6)

Spatial attention module

Channel attention module
— I
Fc
Fc’' F”

N

F Fc’

output
Feature
chbam_r_

Position attention module

F

pam
>< —  Elementwise multiplication + — Elementwise Addition

FIGURE 3.2: An illustration of the PCBAM attention block. CBAM and PAM are
applied to the input feature F. The addition of the outputs of CBAM and PAM is the
output of the PCBAM attention mechanism, Fpcpan -

3.1.4 Shifted Window Attention

The SWA [27] is a powerful attention mechanism used to capture global dependencies
and improve spatial coherence in the segmentation results of our proposed model. It
enhances the model’s ability to focus on relevant regions and strengthens its contextual
understanding of the input images. In image segmentation tasks, understanding the
contextual relationships among different regions is crucial. However, traditional convo-
lutional operations might not fully capture these long-range dependencies. To this end,
SWA module is used in order to address this limitation by introducing a window-based
attention mechanism, which allows the model to attend to relevant information from
different parts of the image. The SWA mechanism can be mathematically defined as
follows. Let F' be the input feature map of size H x W x C, where H, W, and C repre-

sent the height, width, and number of channels, respectively. To compute the attention
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map, position-aware query matrix ¢, key matrix k, and value matrix v are calculated as

follows:

qm = Fz’,j . wq (3.7)
kij = Fij - wy (3.8)
v = Fjj-w, (3.9)

where wy, wy, and w, are learnable weight matrices for query, key, and value projections,

respectively.

Next, a convolution operation f!*! (1 x 1 is the kernel dimension) is performed on ¢, k,

and v to compute the attention map A as per Eq. 3.10.

A= g k,v) (3.10)

The attention map A is then added element-wise to the original feature map F' using
a residual connection to obtain the final output of the SWA mechanism X, using the

following Eq. 3.11.

Xowt=F+ A (3.11)

The SWA mechanism is integrated into the decoder part of the Residual U-Net architec-
ture. By introducing SWA, the model can effectively capture long-range dependencies
and achieve better spatial coherence in the segmentation results, leading to improved

performance in segmenting breast tumor regions in ultrasound images.

3.1.5 Loss Function

Dice loss [92], Binary Cross-Entropy (BCE) loss [93], and Focal loss [94] are widely
used in image segmentation tasks. These loss functions guide the training process by
measuring the similarity between the predicted masks and the ground truth, thereby

enhancing the model’s learning efficiency.
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The Dice loss quantifies the overlap between the predicted masks and the ground truth,
aiming to maximize their similarity. Eq 3.12 defines the Dice loss, where TP represents
the number of true positive pixels, FP signifies the number of false positive pixels, and

FN denotes the number of false negative pixels.

2xTP
Dice Loss =1 — 12
1ee Loss 95 TP+ FP+ FN (3.12)

Conversely, the BCE loss measures the dissimilarity between predicted masks and their
corresponding actual masks. Eq 3.13 outlines the BCE loss, where N represents the
total number of pixels, y; represents the ground truth label (foreground or background)
for pixel ¢, and p; represents the predicted probability of the foreground class for pixel

i.

1 N
BCE Loss = =+ > (yilog(p:) + (1 = yi) log(1 = pi)) (3.13)

=1
The Focal loss is designed to address class imbalance in segmentation tasks and provide
more focus on hard-to-classify pixels. It assigns higher weights to misclassified pixels
and thus reduces the impact of easy-to-classify pixels during training. The Focal loss is

computed using the following Equation 3.14.

1N
Focal Loss = N ; a(l —p;)7" log(pi)) (3.14)

In Equation 3.14, « serves as a balancing parameter that adjusts the contribution of
each class, and «y is a focusing parameter that controls how strongly the loss emphasizes

hard-to-classify pixels.

During training, the model is optimized using a composite loss function comprising
Dice loss, BCE loss, and Focal loss, as defined in Eq. 3.15. Minimizing this combined
loss enables the model to effectively learn and accurately segment the target regions of

interest.

Loss = Dice Loss + BCE Loss + Focal Loss (3.15)
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3.2 Experimental Results and Analysis

3.2.1 Dataset Description

In the present study, the BUSI database [45] is used. This database contains 780 breast
ultrasound images (each 500 x 500 pixels) including 437 benign cases, 210 malignant
cases, and 133 images of normal breast tissue. To train and evaluate the proposed
segmentation model, both benign and malignant cases are used, along with their corre-

sponding segmentation masks, which serve as ground truth annotations.

3.2.2 Evaluation Metrics

The performance of the DAU-Net model is assessed using Dice score, Intersection over
Union (IoU) score, accuracy, recall, and precision. These metrics offer quantitative
insights into the model’s effectiveness in accurately delineating regions of interest. The
Dice score integrates both precision and recall into a single value for evaluation and is
defined in Eq. 3.16.

2x TP

Di = 3.16
ice score 5 %X TP + FP £ FN ( )

IoU quantifies the overlap between the ground truth mask and the predicted binary
segmentation mask. It is computed as the ratio of intersection area to the union area of

the two masks and is defined in Eq. 3.17.

TP
ToU = 1
U= 75 1 FP + PN (3.17)

The accuracy metric assesses the overall correctness of binary segmentation and is calcu-
lated as the ratio of correctly classified pixels to the total number of pixels. It is defined

in Eq. 3.18.
TP + TN

TP + TN + FP + FN

Accuracy = (3.18)

Precision evaluates the fraction of true positive predictions among all positive predictions
and is defined in Eq. 3.19.
TP

Precision = m (319)

Recall, commonly referred to as sensitivity or true positive rate, quantifies the proportion

of true positive predictions out of all the actual positive instances and is defined in
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Eq. 3.20.

=" 2
Recall TP © TN (3.20)

3.2.3 Experimental Setup

The model is trained for 50 epochs, where every epoch represents one complete pass
through the entire dataset. To address the issue of non-uniform sizes in the original
BUSI images, all images are resized to a consistent resolution of 128 x 128 pixels before
being fed into the model for segmentation. In the architecture’s convolutional layers,
"He Normal’ weight initialization is used, which has proven to be effective in deep neural
network architectures. This initialization strategy contributes to better convergence and
performance during training. During training, the model is optimized using the Adam
optimizer with a learning rate of 0.0001. This choice of optimizer allows to efficiently
update the model’s parameters, enhancing convergence during training. To ensure a
comprehensive assessment, the data is divided into a 70-10-20% train-test-validation

split.

3.2.4 Ablation study

A series of experiments are performed to refine the segmentation model and assess the

effects of various modifications. These include:

(i) Base Residual U-Net model, serving as the initial benchmark.

(ii) Residual U-Net model with PAM applied to the skip connections.

(iii) Residual U-Net model with CBAM applied to the skip connections.

(iv) Residual U-Net model with PCBAM, combining the strengths of PAM and CBAM.
(v) Proposed model with PCBAM and SWA, emphasizing global features.

Results in Table 3.1 showcase the efficacy of each modification. Each model is trained
using the loss function defined in Eq 3.15. The addition of PAM and CBAM improves

performance, while SWA further enhances accuracy and segmentation quality.

Fig 3.3 visually demonstrates the performance improvements achieved through the in-

corporation of attention mechanisms. The integration of PCBAM and SWA enhances
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TABLE 3.1: Performance metrics of the Ablation study. All values are in %. Bold
values indicate superior performance. The results are in x(+y) format, where x is the
mean and y is the standard deviation of the evaluation metric for the five runs of the

model.
Model Dice Accuracy Precision Recall IoU
(i) 68.27 (£0.60)  92.85 (+0.60)  68.15 (£0.41)  71.71 (£0.77)  55.82 (£0.53)
(ii) 71.72 (£0.32)  94.55 (£0.27) 78.28 (£0.16) 65.45 (£0.39) 61.08 (£0.49)
(iii) 72.08 (£0.50)  94.38 (£0.25)  74.42 (£0.39)  70.86 (+£0.59)  62.35 (£0.24)
(iv) 71.97 (£0.39)  94.26 (£0.45) 73.76 (j:O 58)  69.66 (£0.76)  62.99 (£0.43)
(v) 74.23 (£0.67) 95.88 (£0.42) 73.81 (£0.43) 74.59 (+£0.65) 65.32 (+0.56)

segmentation accuracy for both small and large regions of interest by refining feature

representations and effectively capturing global and local spatial dependencies.

Through these experiments and analyses, the segmentation model shows the improve-
ment iteratively, identifying the most effective modifications and attention mechanisms.
These advancements make a significant contribution to enhancing the accuracy and ro-
bustness of the proposed DAU-Net model, positioning it as an advanced solution for
segmenting breast tumors in ultrasound images.

Additionally, a five-fold cross validation [95] approach for assessing the model’s general-

izability is conducted, and tabulate the results under Table 3.2.

TABLE 3.2: Results of the proposed DAU-Net model with 5-fold cross-validation on
the BUSI dataset.

5-Fold CV IoU(%) DSC(%)

Fold 1 64.85 73.58
Fold 2 65.43 74.14
Fold 3 65.17 74.29
Fold 4 64.79 73.21
Fold 5 65.91 74.61
Mean 65.23 73.97
Std. Dev. 0.411 0.504

Fig 3.4 showcases the segmentation results of the proposed DAU-Net model, demon-
strating its ability to segment breast tumor regions in ultrasound images accurately.
The heatmaps showcase the spatial regions where the SWA and PCBAM layers focus.
Furthermore, the heatmap visualization of the proposed model as shown in Fig 3.3 high-
lights the spatial regions where the model places greater emphasis, closely aligning with
the ground truth areas in the BUSI dataset. This demonstrates the model’s ability to

focus on relevant regions, thereby contributing to its accurate segmentation performance.
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(A) Heatmap and predicted segmentation mask for a smaller region
of interest.

Image GT PM

(B) Heatmap and predicted segmentation mask for a larger region
of interest.

FIGURE 3.3: Results of the ablation study indicate the improvement in model per-
formance with each experimental modification. GT and PM are Ground Truth and
Predicted Mask, respectively. F, is the heatmap of the bottleneck layer and it demon-
strates the improved model’s performance in focusing on the ROI after the addition
of the SWA in the bottleneck layer. F, and F} are heatmaps of the features flowing
from the first and second encoder layers to the first and second decoder layers via skip
connections. It can be seen that F,, and F; get more enriched with the use of attentions
such as CBAM, PAM, and PCBAM.
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SWA  PCBAM, PCBAM, PCBAM,

FIGURE 3.4: Results of the proposed segmentation model on images of the BUSI

dataset and the heatmaps of SWA and PCBAM layers. PCBAM; corresponds to

the PCBAM layer just above the SWA layer, PC BAM; corresponds to the PCBAM

layer just above PCBAM; layer, and PCBAMS3 corresponds to the PCBAM layer
just above PC'BAM, layer.

3.3 Model 2: EU?-Net: A Lightweight Ensemble U?-Net

Architecture

For further enhancement of performance in breast ultrasound image segmentation FU? —
Net model is proposed. A novel ensemble architecture EU? — Net is built upon the foun-
dations of U? — Net. The primary contribution lies in the development of a lightweight
ensemble U? — Net architecture, EU? — Net, which strategically replaces standard con-
volutional layers with separable convolutions. This architectural modification brings
about a significant reduction in the number of trainable parameters, a key factor in en-
abling real-time usability, and enhances the model’s training efficiency. While ensemble
methods are known to enhance the performance, they often come at the cost of a sig-
nificant increase in the number of model parameters due to the involvement of multiple
models, leading to resource-intensive training and deployment. In contrast, EU? — Net
incorporates a weighted averaging ensemble mechanism with learnable weights internally
within the U? — Net architecture. To further improve the performance of the model, an
attention-aided triple feature fusion technique is introduced. This enhances both encoder
and decoder features by leveraging feature similarity-based attention and Squeeze-and-
Excitation (SE) channel attention, respectively. Additionally, edge features extracted

using the Sobel filter from the encoder features are incorporated that provide valuable
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FIGURE 3.5: A block diagram of the EU? — Net. The standard U? — Net is enhanced

by the A2TF? module for a multi-feature aware segmentation. The ensemble module

internally combines the masks M1, M2, M3, M4, M5, and M6 to leverage the masks

generated from various network depths, thus focusing on capturing both detailed and

general features. The weights of the weighted averaging used in the ensemble module
are made trainable along with the model training procedure.

boundary-aware information. These multi-domain features are skillfully fused together,
reinforcing the decoder with a rich set of both general and detailed features. This fusion
plays a pivotal role in improving segmentation accuracy for the images, where complex
ultrasound patterns, similar intensity distributions, variable tumor morphologies, and

blurred boundaries are found.

The EU? — Net model, as illustrated in Fig 3.5, represents a significant advancement
in image segmentation within the field of architecture. This enhanced framework builds
upon the established U? — Net model by integrating the Attention Aided Triple Feature
Fusion (A?TF?) module. This module fosters multi-feature awareness during segmenta-
tion tasks by combining the boundary-aware feature information of the encoder with the
attention-aided decoder features. The A2TEF? module is a novel addition to the proposed
model. Moreover, what distinguishes the EU? — Net model is its use of the ensemble
module, which strategically combines the internally generated masks M1, M2, M3, M4,
M5, and M6 as shown in Fig 3.5. This mechanism skillfully harnesses masks generated
at different network depths to capture both intricate, detailed features and broader,
general features within the input images. It’s worth mentioning that the weights gov-
erning the averaging process within the Ensemble module are designed to be trainable.

This adaptability ensures that the model can fine-tune its feature combination strategy
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FIGURE 3.6: A block diagram of the Feature Similarity-based Attention module.

during the training procedure, resulting in improved segmentation performance and en-
suring the domain-independence. Moreover, unlike traditional ensemble techniques that
require multiple models and lead to increased parameters and computational costs, the
EU? — Net model achieves enhanced performance with the same parameters by using

internally generated masks.

3.3.1 Feature Similarity-based Attention Module (FSiAM)

For gray-scale images with low-intensity contrast, convolution operations alone cannot
extract diverse features as natural images. This results in redundant features affect-
ing classification performance, especially when distinguishing the background from the
foreground. The Feature Similarity-based Attention Module (FSiAM) captures the fore-
ground and background pixel-wise correlation and helps capture intricate patterns. The
encoder feature, F, is reshaped to a 2D feature matrix of dimensions (H x W) x C.
This reshaped feature is transposed to generate a 2D feature matrix of dimensions
C x (H x W). These two 2D matrices are then multiplied to generate a similarity-
aware feature, Fg;p,, of dimensions (H x W) x (H x W) by Eq. 3.21. Fj;, is treated

by a global average pooling layer (GAP) to generate F

r.m of dimensions (H x W) as
shown in Eq 3.22. This matrix is used to generate F,u, to improve the performance as
shown in Eq. 3.23, where the sigmoid function is used and ® denotes the multiplication
across the spatial dimension. Fig. 3.6 presents the block diagram of the proposed FSiAM
module. Fig. 3.7 shows the module’s ability to highlight the foreground pixel correlation

to capture finer details of ultrasound images.
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FIGURE 3.7: Heatmap of FSiAM corresponding to the Enc 5 (refer Fig 3.5), which
highlights the foreground pixel correlation.
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FIGURE 3.8: Squeeze and Excitation Channel Attention module.
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FUDWIIW) _ pUIXW)XC o pOX(HXW) (3.21)
FIIXW — qAp(FHX W), (3.22)
Feattn = sigmoid(F,;,,) ® F. (3.23)

3.3.2 Squeeze and Excitation Channel Attention Module (SE-CAM)

This module utilizes two main components to gather global information and adaptively
weigh the importance of different channels in feature maps. Firstly, the feature map is
squeezed to reduce its spatial dimension and obtain a channel-wise summary of global
information. Secondly, the squeezed features are reshaped back to their original form.
This adaptive channel-wise scaling helps the network to focus on relevant features and
ignore less useful information. The decoder feature map, Fy, of dimensions H x W x C, is
flattened using global average pooling (GAP) to generate a 1D feature map of dimension

C as shown in Eq 3.24. This 1D feature map is further reduced to dimension C/r and
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then regained to dimension C using dense layers and ReLLU function as per Eq 3.25. The

squeezed and excited feature map, Fe,, is used to generate Fyuiss,.

FIf = GAP(FF*WxC) (3.24)

FSE = dense(relu(dense(Fc’lc))) (3.25)

3.3.3 Edge Module (EM)

When it comes to ultrasound breast image segmentation, accurately delineating the
boundaries of lesions or tumors becomes crucial. To this end, the Sobel filter is used to
extract information across H and W, resulting in more precise edge-aware segmentation
maps. The extracted features of dimensions H x W x C' from the Sobel filter for H and W
directions are then concatenated to form a feature map of dimensions H x W x 2C'. This
feature map contains necessary edge information of F,. Finally, Fe44. of dimensions H x
W x C is generated by passing on the concatenated feature to two consecutive convolution
layers with 2C (kernel size of 3 x 3) and C (kernel size of 1 x 1) number of channels,
sequentially. F,q5. complements the spatial features extracted by the encoder, providing
a comprehensive view of the ultrasound images. This additional information improves
the model’s understanding of underlying structures and textures, thereby leading to
better segmentation maps. Fig. 3.9a displays the edge information EMs generate. This
edge guidance assists the A2T'F? module to focus on the areas of interest by emphasizing
the significance of the boundary of the regions. From Fig. 3.9a it is evident that the
shallower layers, such as EM 5 (corresponding to Dec 5), EM 4 (corresponding to Dec
4), etc., capture more useful boundary information than the deeper layers, like EM 1
(corresponding to Dec 1), which focus on finer details. This indicates that combining
the shallower and deeper features results in a better segmentation output by focusing on
the relevant shape features and finer details. Furthermore, Fig. 3.9b demonstrates the
boundary adherence introduced by the use of EMs. This ensures that the foreground

pixels adhere to the boundaries of the tumorous region and prevent false positives.
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(A) Visual representation of images after applying EM to capture edge details. EM1-EM5 are
the Edge Modules corresponding to the Decoder layers Decl-Dec5, respectively.
Input Ground With Without Input Ground With Without
Image Truth Image Truth
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B) Qualitative analysis of the boundary adherence achieved with the use of EM.

FicUure 3.9: Illustration of the heatmaps and the enhancement in segmented mask
due to the spatial boundary information enrichment by EM.

3.3.4 Learnable parameter-efficient weighted averaging ensemble

Researchers often use ensemble methods to improve classification and segmentation per-
formance, which can be inefficient as they require multiple models to generate and
combine outputs for better results. This can lead to an increased number of parameters
and computational costs. To address this challenge, a more efficient ensemble strategy
has been devised by leveraging masks generated by individual decoders of U? — Net. In
the conventional U? — Net, decoder features are concatenated and passed through a final
convolutional layer with sigmoid activation to generate the final output. However, this
approach has limitations as it combines all concatenated features using a single layer
with a sole filter, potentially missing intricate information.

The innovation lies in fusing masks M1 through M6 from different depths of the model,
enhancing the model’s ability to capture both intricate and generalized features. The
weighted averaging ensemble technique as depicted in Eq. 3.26 employs dynamically
adjustable learnable weights, w; during the model’s training, optimizing the ensemble
process. This dynamic weight adjustment ensures that the ensemble technique evolves
and improves over time by providing performance-specific weightage to each mask. The
computational complexity of multi-scale feature-level fusion techniques, such as Atrous
Spatial Pyramid Pooling (ASPP) and Feature Pyramid Networks (FPNs), is significantly

high. This is primarily due to the concatenation of feature maps, which increases the
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number of channels C' by a factor of N, resulting in a complexity of O(HWNC'). Ad-
ditionally, ASPP introduces further complexity through multiple dilated convolutions,
culminating in a total complexity of O(HW NC?). In contrast, the mask-level weighted
fusion method maintains the original feature map dimensions and avoids the need for
channel concatenation, thereby achieving a linear complexity of O(HWn) where n is
the number of masks to be ensembles (n is much lesser than C and NC). This method is

not only computationally efficient but also enhances performance in ensemble learning.

6
o =1 Wi * M;
Mpred - 67

1=

(3.26)

1 Wy
3.3.5 Loss Function

The proposed EU? — Net model employs a composite loss function that combines the
Dice loss and BCE loss, as depicted in Eq 3.27. This fusion of loss functions enhances
the model’s training ability in various image segmentation tasks. Dice loss and BCE

loss are defined earlier in Section 3.1.5.

Lseg - LDice + LBCE (327)

3.4 Experimental Results and Analysis

3.4.1 Experimental Setup

The model is evaluated on BUST and UDIAT dataset with 70-10-20% train-test-validation
split. The segmentation model is developed using Python and have leveraged the Ten-
sorFlow and Keras libraries for implementation. For data processing, numpy, OpenCV,
and scikit-learn libraries are utilized, which have facilitated the efficient handling of data.
To speed up training and utilize hardware acceleration, the high-performance NVIDIA
TESLA P100 GPU is used. Model is trained for 50 epochs and callbacks are used to save
the model with the best validation performance. To address the issue of non-uniform
sizes in the original images, all images are resized to a uniform size of 512 x 512 pixels,
which are input into the model for segmentation. All quantitative values in subsequent
tables are in %, with bold values indicating superior performance.
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3.4.2 Ablation Study

A series of experiments have been conducted on the BUSI dataset to refine the pro-
posed segmentation model and evaluate the impact of various modifications. These

experiments include:
(i) Base U? — Net model, serving as the initial benchmark.

(ii) Lightweight U2 — Net model, replacing traditional convolution layer with separable

convolution layer.

(iii) U? — Net model with FSiAM attention mechanism.

(iv) U? — Net model with SE-CAM attention mechanism.

(v) U? — Net model with SE-CAM + FSiAM attention mechanism.

(vi) U? — Net model with the A2TF? attention mechanism (SE-CAM + FSiAM + EM).

(vii) The proposed model (EU? — Net).

TABLE 3.3: Performance metrics from the ablation study results of the proposed seg-
mentation model on the BUSI dataset.

Model Dice Accuracy Precision Recall IoU

(i) 6911  95.14 70.64 73.90 56.17
(i)  70.76 9557 72.97 7326 59.05
(iii) 7225  95.31 74.81 73.65  60.46
(iv) 7218  95.37 79.12 68.94  61.30
(v) 7322  95.76 77.98 74.80  61.77
(vi) 7399 9581 82.97 7410  61.93
(vii)  74.73  96.01 81.35  75.40 64.48

The effectiveness of each modification is displayed in Table 3.3. Convolutional layers
are replaced with separable convolution (ii), leading to improved performance and a
significant reduction in parameters from 44 M to 5.15 M. FSiAM (iii) identifies fore-
ground and background regions, resulting in a decrease in false negatives, but it fails
to keep false positives low, especially in darker regions of most image areas. SE-CAM
(iv) recalibrates channel-wise feature responses, effectively reducing false positives, but
it is unable to tackle false negatives due to image noise, complex darker patterns, and
unrelated features captured by the decoder. The combination of FSiAM and SE-CAM

(v) amalgamates the advantages of both modules while compensating for each other’s
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FIGURE 3.10: Visualization of the features at different layers of EU? — Net.

weaknesses. Furthermore, edge information (vi) brings boundary awareness, further en-
hancing performance. EM ensures boundary adherence concerning tumorous regions
and thus reduces false positives, which, in turn, increases the precision score. The inter-
nally occurring ensemble’s dynamically updated weights (vii) capture intricate details
from each decoder layer, further enhancing the model’s performance.

The representation of the features at different layers of the model is shown in Fig. 3.10.
Specifically, the visual representations of the last encoder layer (Enc 5 in Fig 3.5), the
bottleneck layer (Bot in Fig 3.5), and the last decoder layer (Dec 5 in Fig 3.5). It can be
seen from Fig 3.10 that the bottleneck features are more focused on the region of interest
compared to the encoder layer, which has a wider focus. The last decoder layer, which
comes before the predicted mask generation, accurately pinpoints the regions without
getting distracted by other areas. This gradual increase in information demonstrates
the importance of having accurate segmentation. Fig 3.11 shows some of the predicted
segmentation masks produced by the proposed model. Also, it can be seen that shal-
lower layers, i.e., Dech and Dec4 focus more on the contours of the regions, whereas the
deeper layers, i.e., Decl and Dec2 are more focused on details. The varying information

extracted from decoder layers is fused to generate an optimized output mask.

3.5 SOTA comparison

The performance of both the proposed models (DAU-Net and EU? — Net) are com-
pared against SOTA models and standard segmentation models, and the results are
tabulated in Table 3.5 and Table 3.4, respectively. The table reviews different evalu-
ation metrics. Table 3.4 includes well-established image segmentation models, such as

FCN [47], U-Net [21], SegNet [51], ResUNet [96], Attention-UNet [53] and ENC-Net [97].
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FIGURE 3.11: Some predicted masks of EU? — Net on images of the BUSI dataset.
Heatmaps show the focus of decoder layers: Dech, Dec4, Dec3, Dec2, and Decl. These

are visualizations of feature maps before applying the sigmoid activation function to
generate masks M1, M2, M3, M4, M5, and M6.
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Both of the proposed approaches performs better than the SOTA models, as depicted
in Table 3.5. They surpasses these models in Dice score and Precision, underscoring
its superior accuracy in segmentation overall with fewer parameters. Furthermore, they
attains greater precision than all these models, highlighting its precision in correctly
identifying positive predictions. Nevertheless, it’s worth mentioning that the proposed
methods exhibits a slightly lower recall value than some of these models, indicating a

possible trade-off between Precision and Recall.

TABLE 3.4: Performance comparison with standard segmentation models on the BUSI
dataset. Here # Params denotes the number of parameters.

Model # Params Dice Precision Recall IoU

FCN [47] 134M 71.23 69.07 77.02  56.27

UNet [21] 14.75M 71.32 66.96 78.46  56.13
Attention-UNet [53] 34.88M 69.65 68.30 75.93  60.14
SegNet [51] 33.38M 72.25 68.77 80.06 60.01
ResUNet++ [96] 52.61M 70.50 75.80 67.10  54.80
ENC-Net [97] 16.80M 72.66 68.59 79.90  57.70
Proposed DAU-Net - 74.23 73.81 74.59  65.32

Proposed EU? — Net 5.30M 74.73 81.35 75.40 64.48

To provide specific performance insights, the proposed models delivers a Dice score of
74.23% and 74.73% in DAU-Net and EU? — Net respectively, indicating a significant
similarity between the ground truth and the predicted segmentation masks. Further-
more, EU? — Net yields very good precision, with a score of 81.35%, showing the correct
identification of a significant portion of predicted foreground pixels. The recall value
of 75.40% underscores the model’s capability to precisely identify a significant num-

ber of actual foreground pixels. Additionally, the IoU value of 64.48% and 65.32% in
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EU? — Net and DAU-Net resepectively signifies the model’s robust ability to accurately
outline regions of interest.

Notably, the proposed EU? — Net method achieves the highest Dice score among all
models listed in Table 3.5, underscoring its excellence in terms of segmentation accuracy
and alignment with the ground truth. It also demonstrates a higher precision score,

thereby showing a critical aspect of correct predictions.

TABLE 3.5: Comparison of results with SOTA models on the BUSI dataset.

Model Dice Precision Recall IoU
DA-Net [98] 67.83 - 80.38 -
ResUNet++ [96] 73.85 80.10 71.43  60.02
SK-UNET [99] 70.90 - 80.80 -
SCAN [100] 72.00 73.00 - -
STAN [101] 72.00 76.00 - -
ColonSegnet [102] 73.53 76.81 76.43  62.71
MCF-Net [103] 71.06 - 72.23 -
UNext [104] 65.94 - - 55.22
AE-Unet [105] 73.47 74.44 79.00  64.57
RRC-Net [106] 72.53 71.73 7772  63.60
MBSNet [107] 72.81 - - 63.21
U-Net-densenet121 [108]  73.70 - 72.55  62.46
Proposed DAU-Net 74.23 73.81 74.59  65.32

Proposed EU? — Net 74.73 81.35 75.40  64.48

3.6 Additional Experiment on the UDIAT dataset

Additionally, both the proposed models are evaluated on UDIAT dataset. For the eval-
uation on the UDIAT dataset, the consistency is maintained by using the same set of
hyperparameters that are employed in the evaluation of the BUSI dataset. The seg-
mentation results of the proposed DAU-Net model on the UDIAT dataset is shown in
Fig. 3.12. Segmentation results of the proposed EU? — Net model are displayed in
Fig. 3.13. Table 3.6 presents a comprehensive overview of the quantitative performance
achieved by both the proposed models when compared to previous notable research ef-
forts conducted on this dataset. It is to be noted that EU? — Net model remarkably
improved the segmentation performance as compared to the other SOTA models on the

UDIAT datasets with Dice score of 83.47%.
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FIGURE 3.12: Predicted mask and heatmap visualization of the proposed DAU-Net

model on the UDIAT dataset. GT and PM represent the Ground Truth and Predicted

Mask, respectively. Fy, Fy, and F, are the heatmaps of the features flowing from the first

and second encoder layers to the first and second decoder layers via skip connections
and the bottleneck layer, respectively.

Last Last
Ground Predicted Encoder Bottleneck decoder
layer

FIGURE 3.13: Some predicted masks of EU? — Net on images of the UDIAT dataset.
Heatmaps of the last encoder, bottleneck, and last decoder layers.

TABLE 3.6: Comparison of results with SOTA models on the UDIAT dataset.

Model Dice Precision Recall IoU
UNet [21] 75.00 78.00 - 65.00
SegNet [51] 70.80 85.00 60.00

CE-Net [109] 72.00 74.00 61.00
MultiResUNet [110] 75.00 79.00 66.00

SCAN [100] 74.00 - 75.00  65.00

STAN [101] 78.20 - 80.10  69.50

Proposed DAU-Net 78.58 85.85 82.25 64.71
Proposed EU? — Net 83.47 89.28 86.30 72.11
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3.7 Error Analysis

The proposed DAU-Net model has demonstrated excellent performance across various
image segmentation tasks, outperforming SOTA models, as depicted in Table 3.4 and
Table 3.5. It is essential to highlight that the precision and recall are relatively lower,
indicating instances where non-tumorous regions are misclassified as tumorous and vice-
versa. It is important to acknowledge the complexity of the dataset used for evaluation,
which presents challenges in achieving perfect segmentation results. Fig. 3.14 illustrates
specific cases where this model encounters difficulties, resulting in deviations from the
ground truth segmentation. These challenges may arise from dataset complexity, varia-

tions in image quality, or the presence of ambiguous features that are hard to accurately
GT PM . GT PM

F1cURE 3.14: Illustration of some of the failed cases of DAU-Net model. The encircled
regions are the misclassified segmented masks. GT and PM represent the Ground Truth
and Predicted Mask, respectively.

delineate.

Image

g

From Fig 3.15, it can be seen that EU? — Net fails to accurately resemble the ground
truth mask in some cases despite achieving SOTA results. Lighter shades and darker
complex background regions are possible reasons behind the model’s wrong separation

of background and foreground pixels.

3.8 Model 3: Attention-aided Wavelet Guided U-Net (AW-
GUNet)

The proposed segmentation model combines the structure of U-Net with the feature-
rich DenseNet-121 as a backbone network to learn hierarchical features from input data.

The WGCAM module captures edge information for spatial guidance, followed by a
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FIGURE 3.15: Error cases of EU? — Net on the BUSI dataset. Red-circled regions
show where our model fails to segment properly.

Iw-GAP module for providing attention to specific channels. The decoder module com-
prises the upsample block and the convolution block. The upsampling block merges
locally extracted features from the transposed convolution layer with upsampled fea-
tures generated through Gaussian and Lanczos filters, resulting in a noise-suppressed
and anti-aliased upsampled feature map. This upsampled feature map, achieved by
concatenating the attention-guided features, serves as input for the convolution block.
In this block, features from multiple receptive fields are extracted using convolutional
layers with kernels of different sizes. The pipeline of the proposed model is shown in

Fig. 3.16.

OUTPUT MASK
512x512x1

INPUT IMAGE
512x512%3 515451268

' Upsample
— — 512x512x 64 block
- Decoder Convolution
// .
/ zssxzssuzs t module .~ block

| Encoder layer/
—-— ‘256 X 256 x 128 layer from

DenseNet-121

128 x 128 x 256
—@—
—_———— | 64Xx64x512

\ 3 —— j54x64x51z

32 x 32x 1024

—_— - —

128 x 128 x 256

ab - néd

FIGURE 3.16: The proposed segmentation model (AWGUNet) reinforces decoder fea-
tures with edge information-enhanced features using WGCAM.
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3.8.1 Wavelet-guided Channel Attention Module

The WGCAM captures the edge information using wavelet transform [111]. A Haar
wavelet is applied to the input feature, Fjy,, of dimensions H x W x C to decompose
it to form Fyq, of dimensions H/2 x W/2 x 4C. Fyq, is operated with a transposed
convolution to modify its dimensions to H x W x 4C'. A separable convolution layer is
then utilized to generate the attention weights F), ,, of dimensions H X W x C' as shown
in Eq. 3.28, where f,. and f. are the separable convolution and transposed convolution,

respectively.

HxWxC
HxW x4C HXWxC
H/2 x W/2 x 4C
Fa(tn
Conv2D Separable
Transpose Conv2D
Separable
) Conv2D
F inp +
i id
Sigmot Weighted Global
Average Pooling
FI1GURE 3.17: Wavelet-guided Channel Attention Module
El oo = [N DW Thaar (Fing))) (3.28)
wav — Jsc ct haar\L'inp .

F) .. is then added with E!np (generated by applying separable convolution on Fj,)).
A separable convolution layer followed by a sigmoid activation function is utilized to
generate the attention-aided feature. This attention-aided feature is then element-wise
multiplied with Fj,, followed by a channel-wise multiplication with attention weights F,.

across the channel dimension as shown in Eq. 3.29 where X is element-wise multiplication

and ® is the multiplication across the channel dimension.

Flyaw = Fe ® (Sigmoid(fi (F}p + Floay)) X Finp) (3.29)

wav sc
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F. is obtained by a learnable weighted Global Average Pooling (lw-GAP) where learnable
weights a1, ao,... ¢ are assigned to each channel. This flattened 1D tensor of dimension

C then passes through two dense layers to generate F. as shown in Fig. 3.17.

3.8.2 The Decoder Module

In digital images, noise and aliasing can be problematic, especially in histopathological
images, given their complex staining patterns and extremely small regions of interest.
To address these challenges, the Gaussian filter [112] is applied to suppress noise and
the Lanczos filter [113] with a 5 x 5 kernel size is used for its anti-aliasing properties
in the upsampling layers. The upsampled features are combined to create F},;,, and the
feature F,; from the transposed convolutional layer offers detailed local information to
compensate for any data loss during interpolation in the upsampling layer. The final
feature F,_ is generated by fusing features from both techniques, as illustrated in

Eq. 3.30, where @ denotes concatenation.

Fupfct = (fch1(Fup) @ Fct) (3.30)

The convolution block takes the input feature map F,,_ and extracts information
from three different receptive fields. It uses convolutional layers with kernel sizes of
5x5 (F5),3x3 (F3),and 1 x 1 (F}). These features (F5, F3, and F}) are normalized
using Instance Normalization (IN) [114] to account for variations among images in a
dataset, followed by a ReLU activation. The normalized features are then concatenated
and passed through convolutional layers, instance normalization, and ReLLU activation

to produce the decoded feature map Fy.. as shown in Fig. 3.18.

3.9 Results and Analysis

3.9.1 Dataset Description

The proposed AWGUNet model is evaluated on two datasets: MoNuSeg [115] and
TNBC [79]. MonNSeg contains 512 x 512 Hematoxylin and Eosin-stained tissue images,
with 30 training images (22,000 annotations) and 14 test images (7000 annotations).
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Convolution block

Upsample block

FI1GURE 3.18: A block diagram of the Decoder module of the AWGUNet model. The
two key components are the upsample and convolution blocks

The TNBC dataset focuses on Triple-Negative Breast Cancer tissues, with 50 images
(4022 annotated cells). The original image size (512 x 512) was used as input for both
the datasets.

3.9.2 Experimental Setup

The model is trained using a 70-20-10 % train-validation-test split, using a learning rate
of 0.0001, The dice loss and BCE loss are used for training and evaluated using dice

score, IoU, precision and recall as standard metrics described in earlier section.

3.9.3 Ablation study

To figure out the optimal setup and parameters for AWGUNet model, an extensive

ablation study is performed on the MoNuSeg dataset. The experiments are listed below:
(i) U-Net with DenseNet-121 as the backbone

(i) (i) + WGCAM with GAP

(iii) (i) + lw-WGCAM with GAP

(iv) The proposed model: (iii) 4+ the decoder module
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Table 3.7 highlights the substantial impact of WGCAM attention along with the decoder
and the upsample module on the performance enhancement of U-Net with DenseNet-121
as the backbone. The denoising and anti-aliasing capacity of the upsample layers proves
instrumental in tackling the noisy and complex staining patterns of the images. Also,
arbitrary shapes are easily detected with the help of edge information obtained from
the wavelet features of the WGCAM. Fig. 3.19 shows the segmentation results and the

impact of each module of the proposed model on both datasets.

TABLE 3.7: Performance of the AWGUNet model on MoNuSeg dataset. All values are
in %. Bold values indicate superior performance.

Model Dice Precision Recall 1IoU
(i) 77.39 72.56 83.17  63.17
(ii) 78.77 73.67 84.89 65.03

iii) 78.89 75.75 82.62 65.20
) 79.46 76.26 84.91 66.57

Image GT Predicted ELS BOT DLS DWT-1 DWT2 DWT-3 Image GT Predicted ELS BOT DLS DWT-1 DWT-2 DWT3

(B) MoNuSeg

FIGURE 3.19: Segmentation results of AWGUNet model on MoNuSeg and TNBC

datasets. GT represents ground truth, ELS, BOT, and DLS are the Encoder Last Layer,

BOTtleneck, and Decoder Last Layer, respectively. DWT-1, DWT-2, and DWT-3 are

the wavelet features of WGCAM between the second, third and fourth encoder and
decoder layers, respectively.

3.9.4 SOTA Comparison

The proposed model AWGUNet is compared with SOTA methods on both the datasets

and tabulate the results in Table 3.8.
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TABLE 3.8: Performance comparison of the AWGUNet model with SOTA methods.
All values are in %. Bold values indicate superior performance.

MoNuSeg TNBC

Model Dice | ToU | Dice | IoU

U-Net[21] 74.67 | 60.89 | 68.61 | 52.92
Attention U-Net[53] | 78.67 | 66.51 | 71.43 | 54.21
DIST[79] 7731 | 63.77 | 70.51 | 56.34
MMPSO-S [116] 72.00 | 56.00 | 65.00 | 49.00
Deep-Fuzz [117] 79.10 | 66.10 | 77.80 | 64.20
AWGUNet 79.46 | 66.57 | 81.65 | 69.18

3.10 Discussion

In this chapter, three novel attention-aided U-Net model based segmentation frame-
works tailored for breast tumor detection in ultrasound and histopathological imaging
have been introduced and evaluated. Each proposed methodology is designed to address
key limitations in existing models, such as poor boundary delineation, insufficient con-
textual awareness, and limited generalizability, while also leveraging advanced DL and
attention mechanisms to improve diagnostic performance.

In the first proposed model, PCBAM attention-based Residual U-Net, is developed for
the segmentation of breast tumors in ultrasound images. This architecture effectively
integrates attention modules to enhance focus on tumor-relevant regions and demon-
strates robust performance in delineating complex tumor boundaries with dice score of
74.23% on the BUSI dataset and 78.58% on the UDIAT dataset.

After further exploration, in the second approach, EU? — Net, is introduced an inter-
nally ensembled segmentation model that cleverly leverages the advantages of ensemble
learning without increasing the model parameters. By incorporating the A2TF? mod-
ule and learnable weights for score aggregation, the architecture significantly improves
segmentation accuracy, surpassing several SOTA models with dice score of 74.73% on
the BUSI dataset and 83.47% on the UDIAT dataset. This architecture highlights the
potential of internal ensembling strategies to improve model performance efficiently.
The third contribution of this chapter focuses on histopathological image segmentation,
introducing a hybrid architecture composed of three modules: WGCAM, lw-GAP, and
a robust decoder. WGCAM effectively captures fine edge details crucial for accurate

boundary delineation, while Iw-GAP introduces channel-specific attention to refine the
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feature representation. The decoder module employs a novel upsampling strategy com-
bining Gaussian and Lanczos filters, helping to mitigate aliasing artifacts and improving
the quality of the upsampled segmentation maps. The results of this architecture af-
firm the value of integrating boundary-aware enhancement and attention mechanisms
in achieving high-precision segmentation, particularly in high-resolution histopathology
images where cellular structure differentiation is essential.

Thus, the methodologies discussed in this chapter collectively demonstrate that inte-
grating attention mechanisms, boundary-aware enhancement, and ensemble strategies
into U-Net-based architectures can significantly improve tumor segmentation accuracy
in ultrasound and histopathology domains. Each approach contributes uniquely to solv-
ing challenges related to boundary accuracy, model interpretability, and performance

efficiency.
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Chapter 4

Novel Breast Cancer

Classification Techniques

Breast cancer remains one of the most prevalent and life-threatening malignancies among
women worldwide, necessitating accurate and timely diagnosis for effective treatment
planning. Medical imaging plays a pivotal role in early detection, with modalities such
as ultrasound, histopathology, and mammography commonly employed for screening
and diagnosis. However, interpreting these images manually is often labor-intensive,
subjective, and prone to variability across observers. As a result, the adoption of DL
techniques in CAD systems has gained significant momentum in recent years, aiming to
enhance diagnostic accuracy and efficiency. This chapter presents a collection of DL-
based classification frameworks developed and validated across different imaging modal-
ities for breast cancer classification. The approaches utilize advanced feature extraction
and nature-inspired optimization algorithms to boost performance while reducing model
complexity.

To be specific, the first method [32] proposes a novel unsupervised optimization tech-
nique. By incorporating rank-based statistical measures into the WOA, the framework
identifies the most discriminative features without requiring class labels, achieving ex-
cellent results on the BUSI dataset.

While the second method [33] presents an efficient hybrid framework that combines
TL with a meta-heuristic optimization-based FS approach. Specifically, SqueezeNet 1.1,
pre-trained on ImageNet, is fine-tuned on breast thermograms from the DMR-IR dataset
for deep feature extraction. To reduce computational overhead, a chaotic GA initialized
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using a sinusoidal chaotic map is integrated with GWO to select an optimal subset of
features. The proposed method achieved 100% classification accuracy using only 3%
of the extracted features, highlighting its effectiveness in delivering high accuracy with
reduced computational cost in thermal imaging-based breast cancer diagnosis.

The third approach [34] targets mammographic data using an attention-enhanced VGG16
model for feature extraction. The SSD meta-heuristic algorithm is employed to select
an optimal subset of features, with an integrated local search strategy to enhance its
exploitation capability. This model achieves high classification accuracy on the DDSM
dataset while using only 25% of the extracted features, demonstrating efficiency and
robustness.

Finally, the fourth approach is the “Gamma Function based Ensemble of CNN Models
for Breast Cancer Detection” [35] which integrates the predictions from three pre-trained
CNN models—GoogleNet, VGG11, and MobileNetV3_Small—using a rank-based ensem-
ble method. This method has demonstrated significant improvements in classification
accuracy on the BreakHis dataset at various magnification levels, and on the ICTAR-
2018 dataset.

Together, these methodologies illustrate a comprehensive exploration of DL and FS
techniques tailored for breast cancer classification across ultrasound, thermography,
mammography and histopathology images. The remainder of this chapter discusses the
methodology, datasets used, experimental results, and analysis of the results in detail

for each proposed approach.

Objectives of the Chapter

e To design and evaluate DL-based classification models for breast cancer detection
across multiple imaging modalities, including ultrasound, thermography, mam-

mography and histopathology.

e To explore and implement advanced feature extraction strategies using pre-trained

CNN architectures enhanced with TL and attention mechanisms.

e To develop and demonstrate efficient F'S techniques using meta-heuristic optimiza-
tion algorithms (e.g., Whale Optimization Algorithm, Social Ski-Driver, Grey Wolf

Optimizer, and Genetic Algorithm) in combination with DL frameworks, aiming
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to reduce dimensionality, improve classification accuracy, and minimize computa-

tional overhead.

e To explore the effectiveness of ensemble learning in enhancing classification per-

formance, particularly on breast histopathology images.

e To benchmark the proposed models on publicly available breast cancer datasets

and compare their performance with SOTA methods.

4.1 Methodology 1: U-WOA for Breast Cancer Classifica-

tion

In this research work, a method is proposed for categorizing breast cancer from breast
ultrasound images that basically involves three steps. At first, the deep feature ex-
traction step that involves extracting deep features from the ultrasound images used as
input. Next, the F'S step that involves choosing the most important and useful features
to create the best feature subset. Lastly, the classification step that involves ML-based
classifiers that have been trained on the test dataset to make predictions. Fig. 4.1 shows

the entire pipeline of the proposed approach.

4.1.1 Deep Feature Extraction

TL model, pre-trained on the ImageNet database is used as the base model, for feature
extraction and fine-tune it using the relevant dataset. To do this, the last layer of the
base TL model is removed and replace it with a GAP layer followed by a dense layer with
256 units and a ReLU. Finally, the output layer is modified with a softmax activation
function to match the categories of the target dataset, in this case the BUSI database.

The fine-tuned TL model structure for deep feature extraction is illustrated in Fig. 4.2.

4.1.2 Feature Selection using U-WOA

The extracted deep features are fed into the U-WOA model which is the unsupervised
version of the WOA. WOA by Mirjalili & Lewis [118] is a meta-heuristic optimization

algorithm. The WOA meta-heuristic optimization algorithm imitates the humpback
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whales’ bubble-net assault strategy, in which they plunge into the water and wrap a

bubble-net around their victim. Three primary processes make up the WOA algorithm:

encircling the prey, a bubble-net attacking phase (exploitation), and hunting for prey

(exploration).

Encircling prey: In the initial stage, the most suitable search agent is selected with the
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F1GURE 4.2: The TL framework used to extract deep features from the BUSI database

consists of six different base TL models: VGG16, VGG19, ResNet50, MobileNetV2,

DenseNet121, and XceptionNet. Each of these models is fine-tuned for the purpose of
feature extraction.

help of a fitness function and then the distance between the top-performing (best) search
agent and the remaining search agents is updated. The current prey is considered to be
closer to the global optimum. The methods of spiral updating location and shrinking
encircling have a 50% probability of success in the Bubble-net assaulting stage depending
on the settings of specific restrictions. In the exploration phase known as “searching for
prey”, the search agent is free to conduct a haphazard search for prey without using the
spiral updating location.

Eq. 4.1& 4.2 are used to update the position of the agen‘c]3 where P’ is the best agent.
The coefficients E & F' are evaluated as in Eq. 4.3 & 4.4 respectively.

M = |F - P/(t) — P(t)| (4.1)
Pt+1)=P{t)—E«M (4.2)
E=2xmx*x—m (4.3)
F=2xz (4.4)

m drops linearly from 2 to 0 over iterations, where x is an arbitrary variable lying
between 0 to 1. The location of the best solution P’ is updated after each cycle if there

is a better option or the search agent travels beyond the space of all possible physical

70



solutions. Random variable = helps the search agent to choose the ideal search agent
and carry out surrounding the prey.

Bubble-net attacking method (exploitation phase): To model the spiral attacking
mechanism, first, the distance is calculated as per Eq. 4.5 and further position is updated
as in Eq. 4.6. Here, the form of the logarithmic spiral is determined by the constant b,

and the value of prob is chosen at random from (0, 1).

M’ =|P'(t) - P(1)| (4.5)

—

- P(t)—E-M if prob <0.5
P(t+1) = (4.6)

M % P! % cos(2n) + P/ it prob > 0.5

Search for prey (exploration phase): A randomized search is carried out by the
agent in the search space during the algorithm’s exploration phase. It serves to draw
attention to the random search depending on the proximity of the agents. The strategy
for encircling is based on the coefficient vector A’s randomized values. To force the
search agent to move away from the top ranked whale, values of E in the range[-1,1] is
used. For exploration values for which |E| > 1 is used. Here, the term ”P” denotes a

randomly selected agent from the population.
M = |F - P"(t) — P(t)] (4.7)

Pt+1)=P'(t)—E-M (4.8)

Being a population based algorithm, WOA heavily depends on the best evaluated posi-
tion (I_’" ). This position is updated with each iteration and acts as a guiding factor for
the other agents, thereby making the entire process expensive to experiment with. Ad-
ditionally, these approaches focus on a particular agent or a set of features. Notably, this
approach also misses out on valuing each of the features. Taking this into account, each
of the features are examined and assign importance scores to them using three popular
filter-based feature ranking methods. To be specific, the Pearson’s correlation coeffi-
cient (PCC) [119], Spearman’s Correlation Coefficient (SCC) [120] and ReliefF [121] is
considered for this. In each iteration, a pseudo-fitness value is assigned to each particle
based on these importance scores, while the original fitness function used to rank the

agents and evaluate the agents for the target solution remains unchanged. The objective
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of this pseudo fitness value is only to replace the leader guiding agent (P’).

The pseudo fitness function is constructed using Eq. 4.9.

Pseudo_Fitness = Z S(o(x;)) - (PCC; + SCC; + Relief F) (4.9)
Vi

In Eq. 4.9, i refers to the i*" feature. The feature importance scores for each feature
are recorded. By doing this, it is ensured that the proposed solution is guided to select
the best set of features obtained so far while at the same time exploring even better

solutions through the steps of WOA.

4.1.3 Transfer Function

WOA was originally developed for numerical optimization problems. WOA requires a
step to discretize or binarize the continuous data. The optimized values are normalized
to (0,1) using a transfer function. This function is typically referred to as the S—shaped
transfer function. In accordance with Eq. 4.11, binarization of continuous variables is

performed, where rand is any randomized number within the o(x) range.

o(x) = (4.10)

S(o(x)) = lif o(x) < rand (4.11)
0 if o(z) > rand

4.1.4 Fitness Function

Using Eq.4.12, the fitness value is calculated to evaluate candidate solutions. Here, « is
a hyperparameter. The ratio between the total number of left-out features and the total
number of features is represented by f and the classification accuracy is represented by

a.

Fitness =a*xa+ (1 —a) * f (4.12)
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4.1.5 Classification

In this study, a k-Nearest Neighbor (kKNN)-based classifier is employed to predict values
from the test dataset. The optimal feature set is divided (acquired after feature selection
step) into 75 percent training, 10 percent validation, and 15 percent test sets. The
training and validation sets are then used as input to the kNN classifier, and then

performs prediction on the test set.

4.2 Experimental Results and Analysis

4.2.1 Dataset Description

To train and evaluate the proposed U-WOA model, the BUSI ultrasound dataset is
used which is previously described in Chapter 3, Section 3.2.1. All the classes including

normal, benign and malignant cases are considered in the present study.

4.2.2 Performance metrics

To evaluate the performance of the U-WOA model the following metrics are used: ac-
curacy, precision, recall and Fl-score. Accuracy, precision and recall metrics are defined
earlier in Chapter 3, Section 3.2.2. However, in the context of classification task, the
proportion of accurately predicted labels for a class to the total samples in the class is
measured as precision. Recall is defined as the proportion of samples that are actually
positive to all samples that are positively classified in that class. The weighted harmonic
mean of the precision and recall values is known as the Fl-score. Precision and recall

are treated equally. It is determined as:

2 x Precision * Recall _ 2xTP
Precision + Recall ~ 2+«TP+ FP+ FN

F1 — score =

(4.13)

4.2.3 Hyper-parameters for TL models

Initially the grid search method with some common values in practice is used to find the
best possible combination of initial learning rate and batch size for training the deep
CNN models. In this method, the best possible combination of batch size (BS) and
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initial learning rate (Lg) as 64 and 0.001 is considered respectively. The cross entropy
loss and the commonly used Adam optimizer is used to optimize internal weights. The
learning rate is lowered after the third epoch by a factor of two using a step learning

rate scheduler to ensure smooth learning.

4.2.4 Results

To extract deep features, an experiment with different TL models is done and the ob-

tained results are recorded in Fig. 4.3.
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FIGURE 4.3: Performance of different TL models on the BUSI database. All the values
are in %.

To train the TL model, the entire dataset is split into 75% training, 10% validation and
15% testing sets. Fig. 4.3 shows that the VGG16 model performs better than other TL
models in accuracy over test datasets. So, the deep features extracted by the VGG16
model is considered for the next step. While training, the accuracy and loss curves of the

VGG16 model for BUSI dataset are noted and shown in Fig. 4.4 and Fig. 4.5 respectively.

Fig. 4.4 shows the training and validation accuracies for every epoch and it can be seen
that the model does not overfit while Fig. 4.5 ensures smooth learning of the model
during training. In the loss learning curve the popular categorical cross entropy loss
function is used. The confusion matrix of the model is shown in Fig. 4.6. It is clear from
this figure that the number of misclassified samples is very less and the model accurately

predicts all three classes.
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Lastly, the proposed method is compared with previously established methods and
present the comparison in Table 4.1. The comparison shows that the proposed method

surpasses all the methods considered in this study.

TABLE 4.1: The performance of the proposed U-WOA model is compared with previous
methods on the BUSI database, with the highest values indicated in bold font.

Method Accuracy | Recall | Precision | Fl-score
Sadad et al. [122] 0.966 0.943 - -

Moon et al. [123] 0.946 0.923 0.900 0.911
Mishra et al. [124] 0.974 0.96 0.958 0.959
Pramanik et al. [30] 0.987 0.987 0.987 0.987
Proposed method (U-WOA) | 0.991 0.991 | 0.991 0.991

One strong possible reason for the proposed method outperforming the existing methods
can be linked to the fact that the optimization algorithm selects the most optimal set
of features on the basis of different types of statistical importance of features which was
ignored in [30]. Specifically, the works reported in [122-124] consider several shape and
texture based feature extractors like GLCM to extract features and further use an ML
based classification algorithm to classify the same. The fundamental disadvantage of
utilizing such feature extractors is that they are not invariant to rotations and scaling-

based transformations.

4.3 Methodology 2: GA and GWO based Hybrid Frame-

work for Breast Cancer Classification in Thermograms

In this method, a deep feature selection method is proposed using a hybrid of GA and
GWO for identifying breast cancer in thermograms, which does not sacrifice accuracy
and is light in terms of storage requirement and computation time. A TL model (pre-
trained on the ImageNet dataset) namely SqueezeNet 1.1 is used for feature extraction
which is very light in terms of the number of parameters, thus leading to low processing
time, storage, and computational efforts. A 1000 dimensional feature vector is extracted
from the mentioned model with fine-tuning on the target thermogram dataset. Further,
these features are fed into the proposed hybrid FS model, which selects distinctive

features and discards the redundant features. A reduced feature set is used as input
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to the kNN classifier to get the final classification results. The overall pipeline of the
proposed model is presented in Fig. 4.7.
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sification in thermograms.

4.3.1 Deep Feature Extraction

A deep CNN architecture proposed by [125], called the SqueezeNet, trains 50X lower
parameters than AlexNet and also maintains the accuracy of AlexNet on the ImageNet
database. SqueezeNet can be compressed to less than 0.5MB space, which in this case
is 512X smaller than the AlexNet. SqueezeNet model contains a convolutional layer,
followed by 8 fire modules, a final convolutional layer, and an adaptive average pool

layer as shown in Fig. 4.8.
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FIGURE 4.8: Diagram of the SqueezeNet architecture.

A fire module consists of a squeeze convolutional layer (with only 1 x 1 filters) that feeds

and expands the layer which is a mix of 3 x 3 and 1 x 1 convolutional filters.

In this work, SqueezeNet 1.1 is used for feature extraction which has 2.4X less compu-

tation than the original SqueezeNet, and also it has slightly fewer parameters to train.
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FIGURE 4.9: Fire module of the SqueezeNet model with parameters s_.1x1=3, e_1x1=4
and e_3 x 3=4.

4.3.2 Feature Selection using Chaotic GA and GWO Algorithm

Suggested way back in 1975 [126], GA employs the concept of reproduction of the fittest
set of features. In GA, candidate solutions—called chromosomes—are binary strings
where each bit represents a feature: ’1’ indicates selection and ’0’ indicates exclusion.
The population comprises multiple such chromosomes, each evaluated using a predefined
fitness function. Based on fitness scores, chromosomes are ranked and selected using the
Roulette wheel method, which favors higher-fitness individuals. Selected pairs undergo
crossover and mutation to explore new feature subsets, reducing the risk of local optima.
This evolutionary process iteratively continues until a termination condition is met. As
GA has a tendency to get stuck in local optima, and the diversity of the search space is
random, which may ultimately result in some unexplored regions. In the present work,
a search space is considered as determined by a chaotic map.

Chaos is a special characteristic for non-linear dynamic systems that manifests pseudo
random, bounded dynamic, unstable, control parameters and non-period behavior de-
pending on the initial value as described by [127]. Sir Robert May in 1974 [128] had

proposed Eq. 4.14 which is known as logistic maps.

X1 = pXn(l — X,) (4.14)

To be more specific, chaos initialized GA is used, where the initial values are generated
using a logistic map as shown in Eq. 4.14. A n-dimensional feature space represented

by X; (where i is the representation of i'h agent) which can be further extended as
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X; = (x}, 222l 2"

7..x}). Here xﬁ is the representation of a feature for the " particle

in j** dimension. The initialization of features is done in different dimensions under

Eq. 4.15. The pseudo-code for the chaotic map initialized GA is given in Algorithm 1.

T = ,ua:f(l - xz) (4.15)

)

Algorithm 1 GA initialized with a logistic map

1: Chaotically initialize the population of the chromosomes X; (i=1,2...n) in accordance

with Eq. 4.14

Evaluate the fitness for each chromosome

while Termination condition is not satisfied do
Select chromosomes using Roulette Wheel to undergo genetic operations
Perform crossover followed by mutation and generate new set of chromosomes
Evaluate fitness of the new set of chromosomes

end while

: Return best solution

GWO is a nature inspired meta-heuristic algorithm based on echelon and hunting mech-
anisms of grey wolves (Canis Lupus), proposed by Mirjalili et al. [129]. In a pack of grey
wolves, the leadership ranking is as (in decreasing order): (1) Alpha grey wolves («), (2)
Beta grey wolves (53), (3) Omega grey wolves (w), and (4) The grey wolves which do not
fit into any of these categories are called Delta grey wolves (0). Grey wolves generally
encircle their prey before attacking. In this algorithm two coefficients are used and are

— —
calculated as C7 and Cs in Eqgs. 4.16&4.17.

Cr=2a.7 - a (4.16)
%
Cy =273 (4.17)

In these equations, q s linearly decreased from 2 until 0 over iterations, and this
represents the wolves approaching the prey. Also 7 and 73 are two distinct random
numbers in the interval [0,1]. The best solution in the search space is considered as «
followed by second and third bests to be 8 and J respectively. The position of each grey
wolf is updated as per Eq. 4.18 where 3(_; , 5(_; and 5(_;: are the three best solutions and

it is the current iteration.

X1 (it) + Xa(it) + Xa(it)

X(it+1) = (4.18)
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The value of C—>'2 fluctuates between [-2a,2a], and it is to be noted that 55 is a random
vector which is linearly decreased with @ when this value of a is less than 1 it implies
that the grey wolf is in exploitation mode since the grey wolf is positioned between
the current position and optimum solution. Conversely, when C—>’2 is greater than 1, it
suggests divergence from the prey, leading to the exploration mode. a is a random
value between [0,2]. The influence of prey is emphasized if a > 1 and de-emphasized if
C—>'1 < 1 with reference to Eq. 4.16. Randomization helps proper exploration and avoids
the local optimum. The importance and effectiveness of considering three solutions are

described statistically by [130]. The pseudo-code for GWO is mentioned in Algorithm 2.

Algorithm 2 GWO
Randomly initialize the population of the grey wolves X; (i=1,2...n)
Initialize a, a and Cy
Calculate the fitness value of every grey wolf
Rank the grey wolves according to their fitness and name the best, second best and
third best grey wolves as X, Xg and X; respectively
while termination condition is not satisfied do
Update each grewolf po_)sition using Eq. 4.18

Update value of C1 and Cy using Eqs. 4.16, 4.17 respectively
Evaluate fitness of each grey wolf and update X,, X3 and Xs.
end while
10: Return best solution

In this present work, first, the images are resized to 224 x 224 pixels from the original
640 x 480 pixels. Then these are used to train the pre-trained SqueezeNet model (pre-
trained on ImageNet) from which a 1000 dimensional feature vector is extracted. Out of
these 1000 dimensions, a reduced feature set is obtained using a modified version of GA
namely chaos initialized GA. Then this set is again reduced to eliminate less-important
and less-distinctive features using the GWO algorithm. Finally, kNN classifier is used
to classify the images into one of the two classes—cancerous (Sick) or non-cancerous

(healthy). The overall experimentation protocol is given in Algorithm 3.

80



Algorithm 3 Experimentation protocol of the proposed method

Construct a heat matrix depicting temperatures.

Construct an image from the heat matrix

Resize the image to (224, 224) pixels.

Feat < Feed the image and extract the features using SqueezeNet 1.1
Feat_reduced <+ Feed Feat into chaotic GA to obtain reduced feature set
Feat_reduced_Hybrid < Feed Feat_reduced into GWO to obtain more reduced
feature set.

7: Evaluate Feat_reduced_Hybrid using the kNN classifier

4.4 Experimental Results and Analysis

4.4.1 Dataset description

The proposed Methodology 2 is evaluated on popular DMR-IR database'. The distri-
bution of the dataset is given under Table 4.2. Each image has a dimension of 640x480

pixels. The software used creates two types of files for each capture:

e Heat Map File

o A matrix comprising of 307200 (640x480) thermal points

TABLE 4.2: Sample distribution of the DMR-IR dataset used for experimentation.

Category ‘ No. of Subjects No. of Samples

Malignant 19 381
Healthy 37 745

4.4.2 Experimental Setup

All experiments of this method are conducted on a machine equipped with an NVIDIA
Tesla T4 GPU. The evaluation metrics used include accuracy, precision, and recall, as
defined earlier in Section 4.2.2. The dataset is split into 70% for training, 10% for

validation, and 20% for testing to perform and assess the experiments.

"http://visual.ic.uff.br /dmi/
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4.4.3 Hyperparameters for Transfer Learning

Initially, while trying to come up with a good value of learning rate and batch size for
training the deep CNN models, the grid search method is explored with some standard
values in practice to determine the best possible combination. The initial learning rate
€ {le-2,1e-3,1e-4,1e-5,1e-6} and batch size € {8,16,24,32} is considered. The accuracies
are reported in Fig. 4.10. The cross entropy loss (see Eq. 4.19) is considered and the

widely adopted Adam optimizer is used to optimize internal weights.

Lep(pl,yi) = Zyz log(p]) (4.19)
99 — ® Bs=8
® Bs=16
BS=24
98 7 ® Bs=32
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FIGURE 4.10: Accuracies concerning different learning rates and batch sizes for
SqueezeNet 1.1 model.

It is visible from Fig. 4.10 that the model does not converge to their optimum maximum
during the extremities. From Fig. 4.10 it is clear that the model reaches its optimum
for learning rate le — 4 and batch size 16. For smooth learning, a step learning rate

5th

scheduler is used where the learning rate is reduced by a factor of 10 after epoch.

4.4.4 Analysis of Results

As a lightweight model is used it takes less time to train as well as is low on storage.
The SqueezeNet 1.1 TL model is compared with other very popular and widely adopted
models (each pre-trained on ImageNet) based on the time taken to train per epoch, size of

the model, number of trainable parameters and number of floating-point operations per
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second (FLOPs). It is to be noted that the reported sizes are recorded while downloading
the uncompressed pre-trained models from PyTorch and the value of FLOPs are recorded
for processing a single RGB image of dimension 224 x 224 pixels. Further details about

these TL models can be found here?2.

TABLE 4.3: Comparison of different CNN models in terms of size (in Megabyte), time
taken to train for one epoch (in second), number of trainable parameters (in Million)
and number of FLOPs (in Gigaflop).

Model Size(MB) | Time(s) | Parameters(M) | FLOPs(G) | Accuracy (%)

VGG 16 528 23 138.36 15.52 100
ResNet50 97.8 15 25.56 4.14 100
DenseNet121 30.8 16 7.98 2.90 100
GoogleNet 49.7 9 6.62 1.52 100
MobileNet V2 13.6 9 3.50 0.32 98.23
ResNet18 44.7 8 11.69 1.83 100
EfficientNet_B0 20.5 9 5.29 0.41 97.87
SqueezeNet 1.1 4.74 6 1.23 0.36 98.23

From Table 4.3 it is clear that SqueezeNet 1.1 provides a significant edge in terms of
computational requirements to train and run the model. However, the accuracy may not
be the best but is comparable to the rest of the models. Hence, proceeding further with
SqueezeNet 1.1. Also, training a deep CNN may increase the chance of overfitting on
the dataset. The model may be biased, particularly towards the samples of the dataset
we train it upon, and the model may not recognize the unseen data. While training
the SqueezeNet 1.1 model, the training and validation accuracies for every epoch are
recorded and given in Fig. 4.11. From these results, it is clear that the model does not
suffer from any major over-fitting. Fig. 4.12 suggests smooth learning while training the
SqueezeNet 1.1 model. It is to be noted that all the values in Fig. 4.12 are evaluated

using widely adopted averaged cross-entropy loss values.

4.4.5 Comparison with Other Feature Selection Algorithms

While applying a FS algorithm, the target is to gain the maximum possible accuracy
as well as to reduce the number of features. An experimentation is conducted to com-
pare the performance of the proposed hybrid FS algorithm with some very popular
optimization algorithms and their different combinations. Results obtained in such ex-

perimentation are in Table 4.4.

pytorch.org/vision/stable/models.html
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FIGURE 4.11: Learning curves w.r.t. accuracies for the SqueezeNet 1.1 model. The

orange colored plot is for the training set, whereas the blue colored plot is for the
validation set.
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FIGURE 4.12: Learning curves w.r.t. loss values for the SqueezeNet 1.1 model. The
loss function used is cross-entropy loss..

Based on experimental outcomes shown in Table 4.4, GA provides the best combination
of accuracy and the lowest feature count amongst the well-known optimization algo-
rithms that are used for comparison. The chaotic mapping based initialization to GA
is added further. The modification results in a significant reduction of features to 131
features out of 1000 and an accuracy of 100% is also achieved on the test set. This im-
provement in performance should be credited to the addition of chaos-based population
initialization of GA. This strategy of initialization helps in exploring the search space by
GA in a better way. Thus the exploration capability of GA is enhanced by the addition
of chaotic mapping based initialization to GA. Since a classifier is used for classification,
studies in the past have shown that a growing number of redundant features always
lead to a drop in performance of the classifier [131]. To put this in other words, as the

classifier maps the similarities between the features, in a higher dimension, optimizing
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TABLE 4.4: Deep features of 1000 dimensions extracted from SqueezeNet 1.1 model

are fed to different F'S algorithms. As GA gives better results, output of the GA is fed

to other FS algorithms for further optimization. It is observed that the hybrid of GA

and GWO gives the best results among other hybrids. Tabulated results are found on
the test set.

(a) Results with naive FS algorithms

‘ FS algorithm ‘ No. of features | Accuracy (%) ‘

PSO 359 99.2
EO 462 99.2
GSA 463 98.8
GWO 316 98.8
MA 722 98.52
GA 313 99.20

(b) Results with chaotic GA hybrids
‘ FS algorithm ‘ No. of features | Accuracy (%) ‘

GA-PSO 46 100
GA-EO 44 100
GA-GSA 36 100
GA-BBA 34 100
GA-MA 62 99.80
GA-GWO 29 100

Abbreviations used:
PSO: Particle Swarm Optimization, EO: Equilibrium Optimization, GSA:
Gravitational Search Algorithm, MA: Mayfly Algorithm, GWO: Grey Wolf
Optimization, BBA: Binary Bat Algorithm, GA: Genetic Algorithm

this measure might be more complex, leading to a drop in performance.

More experiments related to F'S is conducted, where GA is combined with some other
meta-heuristics, and the results obtained are shown in Table 4.4. From this table, fur-
ther reduction in the number of features is possible without compromising the accuracy.
Finally, 29 features out of 1000 features are chosen while maintaining the 100% clas-
sification accuracy. Therefore, only 3% useful deep features are used to evaluate our
model. Better results obtained by the combination of the GA-GWO can be attributed
to the fact that we use the exploration ability of GA and the exploitation ability of GWO.

Further, the performance of the proposed methodology 2 is compared with some re-
cently published methods (published between 2016 and 2021) and the results is shown
in Table 4.5. The gain in performance has to be attributed to both the deep learning
and FS approaches. As stated earlier, CNN based models successfully learn distinctive

features, however, since here a very deep CNN which can learn much more local features
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is not used. Instead, another path is followed to improve the learning capability of the
model by removing less informative or redundant features through the use of a hybrid
FS approach. Also from this analysis, it may be inferred that a deeper CNN model
may have learnt more local features, but would have learnt a lot of redundant features
because of the large number of inner layers. This increase in the number of layers may
have increased the model performance but would significantly increase the use of com-
putational resources and computational time. However, from Table 4.5, it is seen that

the proposed model outperforms the SOTA models with a good margin.

TABLE 4.5: Performance comparison of the proposed Methodology 2 with SOTA meth-

ods
Method Accuracy(%) | Precision (%) | Recall (%)
Pramanik et al. [132] 90 85 95
Gomez et al. [76] 92 94 91
Dey et al. [133] 98.80 99.00 98.00
Pramanik et al. [73] 96.90 90.00 95.70
Sanchez et al. [75] 97 100 83
Silva et al. [134] 98.57 100 97.14
Proposed Methodology 2 100 100 100

4.5 Methodology 3: Local Search Embedded SSD Algo-

rithm for Breast Cancer Classification in Mammograms

In this method, a two-stage breast cancer classification model is designed taking mam-
mograms as input. At first, an attention-aided DL model is used to extract features
from the mammograms. Then, a local search embedded SSD algorithm for FS is incor-
porated to reduce the feature dimension and augment the classification ability. As the
base model, a TL model, pre-trained on the ImageNet dataset is used and fine-tuned it
on the target mammogram dataset. Furthermore, an attention is introduced by incor-
porating a global weighted average pooling mechanism on the base model. Features are
extracted using this attention-based TL model for the target dataset and lastly process
these extracted features with the local search embedded SSD FS method to produce
optimal and reduced feature subsets. Finally, these reduced features are used as the
inputs to the kNN classifier to produce the final classification results. Fig. 4.13 depicts

the whole architecture of the suggested model.
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FIGURE 4.13: The pipeline of the proposed Methodology 3 for breast cancer classifi-
cation.

4.5.1 Feature Extraction from the Attention-aided DL Model

For feature extraction from mammography inputs, a deep attention model is used. Start-
ing with the VGG16 [135] model, which has been pre-trained on the popular ImageNet
dataset. The VGG16 model is considered excluding the top layer, which has fully con-
nected layers and freezes the weights of all levels to prevent the layers from learning
new information during the model’s training. The GAP layer takes the role of the fully
connected layer. GAP [136], a pooling operation, is usually applied in place of fully
connected layers in classical CNNs. Similar to simple pooling (max-pooling or aver-
age pooling) layers, it reduces the spatial dimension of a given tensor. For instance, a
three-dimensional tensor having dimensions h X w X d gets converted to the dimension
of 1 x 1 x d. GAP produces a single value for each feature map of dimension h x d
by taking the average of all hw values. In this work, in the final convolutional layer of
the base VGG16 model instead of adding fully connected layers, the generated vector is
supplied to the final layer after taking the average of the feature maps. The GAP layer
summarizes the spatial records through imposing correspondences among feature maps
and categories, consequently making it robust in terms of spatial translation of the input
data. However, only GAP is too simplistic as some regions may be more significant than
others, thus needing attention. Here, an attention mechanism is introduced to turn on
some pixels in the GAP layer. One locally connected convolutional layer of kernel size
1 x 1 is added here and fan it out to all the layers of the model. Next, a lambda layer
is added to account for missing values from the attention model that rescale the results

based on the number of pixels. Lastly, the model is fine-tuned by adding dropouts to
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prevent over-fitting during training [137]. Thus, a weighted GAP to the existing CNN
architecture is designed as depicted in Fig 4.14.

Mammogram

input — —— — — — — —
r_ Attention Mechanism _]
224x224x3) | |
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FI1GURE 4.14: Architecture of the attention-aided VGG16 model with a weighted aver-

age GAP layer (all the layers along with input and output shapes). Area of the attention

and the fine-tuning of the model are highlighted by red and blue colored dashed boxes,
respectively

4.5.2 F'S and classification using local search embedded SSD algorithm

Social Ski-Driver (SSD) Optimization Algorithm: SSD is a recent optimization
technique suggested by Tharwat et al. [138]. It is based on the approach taken by the
ski-drivers when they go downhill. The pseudo-code for SSD is described in Algorithm 4.

In SSD algorithm, h is a variable that is exploited to maintain the parity to achieve
a balance among both two crucial elements of exploitation and exploration and r is
exploited to decrease the value of h. The sine and cosine functions guarantees that the

directions of movement of the agents are not very straightforward. This is because those
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Algorithm 4 Social Ski-Driver (SSD) Optimization Algorithm

1: Initialize population of agent’s location L; € R", velocity Vi, and parameter h
2: Evaluate fitness of each agent at position Ly

3: Set personal best positions PBy = L

4: for each iteration T'= 1 to MaxlIterations do

5: Evaluate fitness of all agents

6 Update personal bests PB;, if current position is better

7 Identify top 3 best agents and compute mean global best:

MGB — L,+Ly,+ L,
3

8: for each agent k do
9: Generate random numbers 71, rg ~ Uniform(0, 1)
10: if ro < 0.5 then
11: VIt = hsin(ry) - (PBy — L) +sin(rq) - (MGB — L)
12: else
13: VI = h-cos(r1) - (PBy, — Lg) + cos(r1) - (MGB — Ly,)
14: end if
15: Update position: Lgﬂ = LZ + VkT
16: end for
17: Update parameter: h' Tt = . hT where 0 < r < 1
18: end for

19: Return the best solution found

functions allow the algorithm to explore and it helps to diversify the searching domain
but in a controlled way. Advantage of the SSD algorithm is that it is comparatively
more social than other meta-heuristics. The agents in SSD try to get to the mean of
the best three options. As a result, if the global best solution is found to be in local
minima, the SSD can use the other two best solutions for escaping.

Adaptive Beta Hill Climbing (ABHC) Local Search: Local search is used
as a heuristic method for solving Computationally expensive optimization problems.
Local search explores from solution to solution in the search space by doing some local
changes, until a chosen solution seems to be optimal or the number of iterations (MT)
is finished. To overcome the limitation of local optima in traditional Hill Climbing,
the present method employs ABHC [139], a popular local search method. The pseudo-
code of the ABHC method is discribed in Algorithm 5. This algorithm inputs an agent’s
location and outputs a modified location of the agent in the search space. This algorithm
depends on two operators—one is the Neighborhood operator (N) and another one is
the Beta operator. N is the greatest probable distance between the present solution

and the neighbors.
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Algorithm 5 Function of ABHC for Agent L, € R"

1: Initialize constants: ¢, MaxBeta, MinBeta
2: Calculate original fitness of agent L using the fitness function
3: Set z+ 1
4: while z < Maxlteration do )
1 (2
Compute N(Z) =1 (Maxlterationl/c)

5

6 For each dimension 5 = 1 to k, compute L;- = L; +rand(0,1) x D
7. Compute B(Z) _ (MaxBeta—MinBeta) x 2
8
9

MaxIteration + MinBeta
for i =1to N do
: if rand(0,1) < f(z) then
10: L+ L;
11: else
12: L]+ L
13: end if
14: end for
15: if Fitness Function(L") > Fitness Function(L) then
16: L+ L
17: Recalculate fitness of L”
18: end if
19: 24+ z+1

20: end while

A FS problem seeks to find the best subset of features from the original set to improve
the accuracy of a learning model. It can also be considered as a dimension reduction
algorithm that removes redundant and/or highly correlated features. Due to the binary
nature of the F'S problem, most meta-heuristics are not able to solve them. This is due to
the assumption of continuous variables in the vanilla version of such algorithms. There
are different methods in the literature to convert them to binary algorithms. One of the
most computationally cheap ways is to use a transfer function. In [140] a velocity vector
is used to update solutions, this transfer function relates velocity to the probability of
changing the position in a binary space. The transfer function used in the current work

is shown in Eq. 4.20.
|z|

YO

(4.20)
Exploiting the V-shaped transfer function, the location of an agent is modified as per

Eq. 4.21.

o(LBY) if V (LBEY) > rand (0,1)

(4.21)
LB;H1 otherwise

k+1 _
LB;™ =
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In Eq. 4.21, LB;-“'H denotes the agent’s modified location, LB;" signifies the location of
the agent at that particular time(here k denotes iteration number and j denotes number
of dimention) and rand(0, 1) is a function that generates random numbers between 0 and
1. The function ¢(x) denotes the complement function for all binary x i.e., c(z) = 1 —x.
Fig. 4.15 shows the graph of the V-shaped transfer function. After altering an agent’s
location in each iteration, ABHC [139] is used to optimize the position of the agents to
get a higher fitness value. The SSD algorithm’s exploitation potential is improved by
using an ABHC-based local search technique. Pseudo-code of the local search embedded
SSD algorithm is shown in Algorithm 6.

1

0.5
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©
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FIGURE 4.15: Graphical representation of the V-shaped transfer function

Algorithm 6 Pseudo-code of the local search embedded SSD algorithm

1: Initialize the value of Population-size and the Max-iteration

2: Randomly initialize the value of velocity, position, pbest, and gbest

3: for z = 1 to Max — iteration do

4: for p = 1 to Population — size do

5. Set agent = L

6: Using the Fitness Function, determine the agent L’s original fitness value.
7: Change the value of gbest by picking one of the top 3 sites at random.
8: Update the value of pbest.

9: Set the value of 71 = rand(0,1),r2 = rand(0,1) and L ' = V;I' + LT
10: Check if (11 < 0.5) then
11: Set VI = h x sin(ro) x (PBY — LY) + sin(r9) x (MGBF — LT)
12: else
13: Set VI ™ = h-cos(r2) - (PBF — LY) + cos(r2) - (MGBF — LY)
14: End if

—
ot

: Calculate V(z) = i
x

16: Update the position of LB]’-chl using Equation 4.21.

17: Set the new location of LBJ’?'H: Local Search (LB;“‘H)
18: End for

19: Set hT+1=pr x pT

20: End for
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4.5.3 Fitness Function

The fitness function is used to evaluate the quality of a candidate solution. A learning
algorithm needs to be exploited for assessing as SSD is a wrapper-based algorithm.
Hence, the kNN classifier is exploited for the computation of classification accuracy
of a candidate solution. The fitness function mainly contains two components: one is
the number of features and another one is classification accuracy. These components
are contradictory to each other - while classification accuracy should be maximized, the
number of features should be minimized. Due to this the classification error is exploited.
As a lesser error value would indicate a better fitness score, so would a lesser number of
features. In Eq. 4.22, the fitness function is used to assess a given feature set’s strength

is defined.

s
Fitness Function = wx o« + (1 — w) x U‘ (4.22)
In Eq. 4.22; |d] is the total count of features in the dataset, |s| denotes the count of
features in the chosen feature set (i.e., a candidate solution ), is the error in classification
using the feature subset, and w € [0, 1] signifies the relative weight value given to the

classification error and the number of features.

4.6 Experimental Results and Analysis

4.6.1 Dataset Description

The proposed Methodology 3 is assessed on a publicly accessible breast cancer mammog-
raphy database 3 which is an open-source and unbalanced binary mammography image
dataset that contains normal images i.e., negative samples from the DDSM database [36],
and malignant images i.e., positive samples from the CBIS-DDSM database [37]. It has
a total of 55,885 training samples out of which 86% are negative samples and 14% are
positive samples. Each image in the dataset has a uniform resolution of 299 x 299 pixels.
In this work, only the training samples of mammogram masses are considered which are

categorized as benign and malignant masses.

Shttps://wuw.kaggle.com/datasets/skooch/ddsm-mammographyg
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4.6.2 Parameter Tuning for Transfer Learning and SSD-based F'S

The experiments are conducted on the DDSM database using a data split of 80% for
training, 10% for validation, and 10% for testing, which yielded the highest classification
accuracy. Various splits are initially tested, but this configuration performed best. To
optimize performance, different learning rates le-2, le-3, le-4, 1e-5, le-6 and batch sizes
8, 16, 32, 64 are evaluated (refer to Fig. 4.16), with the optimal combination found to
be a learning rate of le-2 and batch size of 64. The model is trained using the Adam
optimizer and a step learning rate scheduler that halves the learning rate after the third

epoch. Dropout rates of 0.5 and 0.25 are applied in two respective layers to prevent

overfitting.
Validation accuacy on different splits of dataset
93
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FIGURE 4.16: The attention-aided VGG16 model’s validation accuracy for varied splits
of training and validation data. On the DDSM database, the model gets the best
classification accuracy for 80% training and 10% validation data

The fitness function defined in Eq. 4.22 aims to minimize both the number of selected
features and the classification error. The parameter w controls the trade-off between
these two objectives: higher values of w emphasize feature reduction, while lower values
prioritize minimizing the classification error. Through extensive experimentation, the
optimal value was determined to be w = 0.2, placing greater focus on improving classi-
fication accuracy. Additionally, the algorithm-specific parameters h and r are evaluated
across a range of values. Results showed that increasing h consistently improved clas-
sification performance. In contrast, lowering r initially enhanced accuracy but led to
overfitting when reduced excessively. The highest classification accuracy was obtained

when h = 100 and » = 0.9.
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4.6.3 Results

The proposed Methodology 3 is evaluated using accuracy, precision, and recall, as defined
in Section 4.2.2. Experimentation is done with some popular pre-trained end-to-end

models for deep feature extraction and the result is reported in Table 4.6.

TABLE 4.6: Performance of different pre-trained TL models on the DDSM database

Pre-trained TL Model | Accuracy (%)
VGG19 87.45
ResNet50 87.23
EfficientNet 87.22
VGG16 87.30

Further, the attention mechanism is incorporated with each of these models. Noteworthy
improvement in classification accuracy is achieved due to the effect of weighted average
pooling attention. As in the last layer of the CNN model as an alternative to the
fully connected layer, the GAP layer is used and it gives a single feature map for the
corresponding category. This layer uses spatial information by enforcing correspondences
between feature maps and categories. The results obtained on the test dataset are
tabulated in Table 4.7. The Mean and the standard deviation (SD) value are shown
over five simulations of the obtained results. From Table 4.7, it can be observed that
the VGG16 model with attention classifies the mammograms more appropriately. Hence,

it is decided to proceed with the attention-based VGG16 model.

TABLE 4.7: Performance of the attention-aided different deep feature extraction models
on the DDSM database

Simulation VGG16 VGG19 ResNet50 | EfficientNet
1 92.42 91.89 89.96 89.89
2 91.86 91.94 91.14 91.17
3 92.12 91.77 91.32 90.78
4 91.41 90.34 91.23 89.89
5 91.51 90.78 91.86 90.34
Mean &= SD | 91.86 & 0.42 | 91.34 & 0.73 | 91.10 £ 0.69 | 90.41 £ 0.56

A local search-based FS algorithm is applied to gain the maximum possible accuracy as
well as to reduce the number of features used for the classification purpose. As finding
the best feature subset is a difficult task, especially in a wrapper-based F'S model, a local
search method is combined with an F'S model. The results obtained from the proposed

Methodology 3 are shown in Table 4.8. Table 4.8 shows that high accuracy of 96.07%,
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the precision of 96.30%, sensitivity (recall) of 99.28% and feature dimension reduction
of 75% have been achieved.

TABLE 4.8: Performance of the proposed Methodology 3 on the test set of DDSM
database over five simulations

Simulation | Accuracy (%) | Precision (%) | Recall (%) #FS
1 96.43 96.97 98.97 32
2 95.98 95.57 100.00 30
3 96.43 96.97 98.97 35
4 95.54 95.54 99.48 34
) 95.98 96.48 98.97 31
Mean £+ SD | 96.07 &= 0.37 | 96.30 £ 0.71 | 99.28 £+ 0.21 | 32 £+ 2

For experimentation, two well-known local search methods, namely Late Acceptance
Hill Climbing (LAHC) [141] and ABHC [139] is used to optimize the feature set. The
experimental result on the DDSM database with the said local search-embedded SSD FS
method is shown in Table 4.9. From Table 4.9, it is clear that the ABHC embedded SSD
technique outperforms the LAHC embedded method in terms of classification accuracy

as well as obtaining a smaller optimal feature set.

TABLE 4.9: Performance of the ABHC and LAHC local search embedded SSD algo-
rithm on extracted deep features from the VGG16 model. Classification accuracy is in

%.
Simulation SSD+LAHC SSD+ABHC
Accuracy #Features Accuracy #Features

1 94.19 52 96.43 32

2 94.64 59 95.98 30

3 94.28 53 96.43 35

4 93.98 56 95.54 34

5 93.86 47 95.98 31
Mean £+ SD | 94.19 + 0.30 53 £ 5 96.07 &+ 0.37 32 £+ 2

Further experiments are performed using various other meta-heuristic based FS methods
namely: Gravitational Search Algorithm (GSA) [142], WOA [118], GWO [129], GA [143],
PSO [140], Sine Cosine Algorithm (SCA) [144], Harmony Search (HS) algorithm [145]
and Equilibrium Optimizer (EO) [146] for comparison of the proposed method. Meta-
heuristic-based F'S algorithms need to perform many mathematical operations to identify
the best feature subset. For this, the algorithms in the literature use many sets of
equations that are aided by different parameters. These parameters are crucial for

controlling the optimization process and they have their own significance. The standard
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values of these parameters of various algorithms are used in this study. Table 4.10

contains a list of the parameters and their values.

TABLE 4.10: Different sets of hyperparameters and their values for various meta-
heuristic based FS algorithms considered for experimentation.

FS Algorithm Parameter(s) Value(s)
Population size 20
Generic parameters | Number of iterations 100
Weight for accuracy («) a=0.98
GSA Initial Gravitational constant (Gjnit) Ginit = 6
Constant (¢) 0.00001
Encircling parameter (a) a € [0,2]
WOA Shape of spiral (b) b=1
GWO Convergence operator (a) a € 0,2]
Gene Selection Roulette wheel
GA Crossover probability 0.4
Mutation probability 0.3
Inertia weight (IW) IW € [0,1]
PSO Coefficients (r1, r2) r1, ro € [0,1]
SCA Constant (a)‘ ' a=3
Movement direction (r1) r1 €10, 3]
HS Harmony Memory Considering Rate (HMCR) | HMCR = 0.90
Pool size 4
EO Constants (a1, az) a1=2 and as=1
Generation rate (GP) GP =0.5

The simulation results of local search-based different meta-heuristics F'S algorithms are

shown in Table 4.11.

From Tables 4.8 and Table 4.11, it can be said that ABHC local search-embedded SSD
algorithm outperforms others in terms of classification accuracy. Besides, it provides
a subset of 32 features which is just 25% features of the given input features obtained
from the VGG16 model. The comparative analysis with different combinations of various
meta-heuristics and local search is shown in Fig. 4.17 and 4.18. The sine and cosine
functions complicate the movement direction of the agents, which is the most essential
feature of this SSD-based FS technique. This allows the algorithm to diversify, and
the parameter h ensures that the algorithm remains stable between exploration and
exploitation, allowing it to converge to better solutions. Furthermore, ABHC aids the
algorithm to improve the solutions, thereby overcoming the local optima, thus leading

to a better outcome.
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TABLE 4.11: Results from five simulations, including average and standard deviation
(SD), after deep features from the VGG16 model are extracted and fed to several F'S
algorithms with embedded local search.

LAHC Embedded FS Method

ABHC Embedded FS Method

FS Method Accuracy (%) No. of Features | Accuracy (%) No. of Features

GSA 93.30 65 95.08 70
94.28 54 94.19 63
94.19 51 94.28 56
93.30 67 92.41 57
93.33 65 93.30 64

93.68 £ 0.51 54 = 7 93.85 £ 0.92 62 = 6
WOA 94.64 48 94.64 55
93.33 58 93.75 58
93.75 59 93.33 61
94.19 68 94.64 69
94.19 48 94.64 60

94.02 £ 0.50 56 = 8 94.19 £ 0.55 61 =5
GWO 94.64 76 94.64 69
93.33 65 93.30 78
93.75 81 93.33 63
94.64 74 93.75 79
93.33 65 94.64 75

93.94 £+ 0.67 72 £ 7 93.93 £ 0.59 737
GA 94.64 70 94.64 67
93.30 59 93.75 62
93.30 57 93.75 55
93.33 56 93.33 59
94.64 70 93.30 59

93.84 £ 0.73 62 =7 93.75 £ 0.48 60 = 4
PSO 93.30 41 94.64 55
93.33 42 94.19 52
94.19 50 93.30 51
92.86 46 93.33 48
93.33 52 94.64 57

93.40 + 0.48 46 = 5 94.02 £ 0.59 53 + 4
SCA 93.30 59 94.19 70
93.33 71 93.75 67
94.19 73 93.75 64
93.33 65 93.33 63
93.41 57 94.19 70

93.51 £+ 0.38 65 = 7 93.84 + 0.32 67 = 3
HS 93.30 63 92.41 60
94.28 63 91.16 73
95.08 56 93.33 53
93.33 55 91.52 62
92.42 65 91.96 68

93.68 £+ 1.02 60 = 5 92.07 £ 0.75 63 = 8
EO 93.75 53 94.64 55
94.28 56 94.64 69
94.64 56 93.30 55
94.64 50 94.28 63
93.41 55 93.33 55

94.14 £ 0.55 54 = 3 94.04 £ 0.60 59 £ 6
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FIGURE 4.17: Results of different FS algorithms embedded with LAHC local search
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F1GURE 4.18: Results of different FS algorithms embedded with ABHC local search
(a) Classification accuracy (b) No. of selected features

Furthermore, experiment is performed with different modules of the proposed method
to observe the effectiveness of each module and noted the experimental results in Ta-
ble 4.12. From the table, it can be observed that an attention-aided VGG16 model
yields a classification accuracy of 91.41% on the test set whereas if the kNN classifier
is used to it, the classifier produces a classification accuracy of 90.70% which is low
compared to end-to-end VGG16 model. Also, FS using the SSD algorithm improved
the classification accuracy. Further, if the ABHC local search is incorporated with the
SSD-based FS method, improved classification accuracy is acheived. Therefore, from
these experimental results, it can be ensured the effectiveness of the individual modules
(i.e., deep feature extraction with VGG16, FS with ABHC aided SSD method) of the
proposed method. The gain in performance has to be attributed to both the DL and
FS approaches.
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TABLE 4.12: Comparative results for different combinations of the proposed Method-
ology 3 in terms of classification accuracy (%) on the test set of the DDSM database

Method Classification Accuracy (%)
End-to-end VGG16 91.41
VGG16 + ENN 90.70
VGG16 + SSD + ENN 92.86
VGG16 + ABHC aided SSD + kNN 95.98

4.6.4 Comparison with Past Methods

Finally, the performance of the proposed Methodology 3 is compared with some recently
developed classification methods and tabulate the same in Table 4.13. The performance
of the proposed method is superior to that of four DL-based methods used in [147-151].
Hence, from Table 4.13, it is clear that the proposed model outperforms these previous
works with a good margin and the experimental results establish the superiority and

robustness of the proposed method.

TABLE 4.13: Performance comparison of the proposed Methodology 3 with SOTA
models on the DDSM database

Model Accuracy (%) | Precision (%) | Recall (%)
Levy et al. [147] 92.9 92.4 93.4
Falconi et al. [41] 84.4 - -

Xiao et al. [148] - 82.2 94.9
Arias et al. [149] 92.0 - -
Zhang et al. [150] 94.30 - 89.97

Li et al. [151] 04.7 . 04.1
Proposed Methodology 3 96.07 96.30 99.28

4.7 Methodology 4: Gamma Function based Ensemble Ap-

proach

In this method, a rank based ensemble method using the Gamma function is introduced
which is used to combine the confidence scores of three TL-based CNN models. The
advantage of this technique is that it uses adaptive weights where the confidence scores
of each base classifier are emphasized for forming the ensemble to generate the final
prediction of each sample. The overall pipeline of the proposed ensemble scheme is

presented in Fig. 4.19.
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FIGURE 4.19: The overall pipeline of the proposed Gamma function based ensemble
of CNN models used for classification of breast histopathology images

4.7.1 Base CNN Models

In this method, three TL-based CNN models (GoogleNet, VGG11, MobileNetV3_Small)
pre-trained on the ImageNet dataset is used from which the classification confidence
scores are obtained. The BreakHis dataset is split into a train set and a test set for
each type of magnification. Data augmentation on the train set is done with random
horizontal flipping and resizing of the images. The ImageNet weights are then fine-tuned

using the Stochastic Gradient Descent (SGD) optimizer.

GoogleNet:

GoogleNet [152] proposed by the researchers at Google is a 22-layer deep CNN model
(refer in Fig. 4.20) containing inception blocks (refer in Fig. 4.21). In an Inception block,
several convolutional layers have been working simultaneously, which contains a sparse
architecture that helps dimension reduction. This improves the complexity but makes

better performance in computer vision tasks.
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FIGURE 4.22: A pictorial representation of VGG11 architecture

VGG11:

VGG11 is a 11-layer deep CNN [153] which contains 8 convolutional layers and 3 fully
connected layers. In the model, RGB images of 224 x 224 are taken as the input, where
it is followed by series of convolutional layers of kernel size as 3 x 3 and stride of 1,
with proper padding. In between some of the convolutional layers, Max Pooling layers
of kernel size as 2 x 2, a padding size as 2 are present. After each of the convolutional
layers and some of the fully connected layers Rectified Linear Unit (ReLU) activation

function is used. The architecture of the VGG11 model is presented in Fig. 4.22.

MobileNetV3_Small:

MobileNet model has been designed specifically for mobile applications. MobileNet is
a small, low-latency, low-power model parameterized to meet the resource constraints
of a variety of mobile applications. They can be built upon for classification, detection,
embedding and segmentation similar to other large scale models. In the present work,
MobileNetV3_Small architecture [154] is used. It takes RGB images of dimension 224 x
224 as input and the final linear layer contains 1024 units. It comprises of a combination

of bottleneck architecture and squeeze and excitation. It uses the swish non-linearity as
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FIGURE 4.23: A pictorial representation of MobileNetV3_Small architecture

activation function. The architecture of MobileNetV3_Small is presented in Fig. 4.23.

4.7.2 Rationality behind choosing the CNN models for the proposed

ensembling

The main reason for choosing the GoogleNet architecture is because of its inception
block. It has nine inception blocks in its overall architecture. Convolutional kernels
of different shapes 1 x 1, 3 x 3, & 5 x 5 are used in the inception block as we see in
Fig. 4.21. The feature maps obtained from each of the kernels are combined and taken
as the output of the inception block. Larger convolutional kernels of size 5 x 5 cover
a large area in an image to get the overall information, whereas the smaller kernels of
size 1 x 1 work on a smaller area in the image to get much finer details of the image.
This particular feature of the GoogleNet helps in better feature extraction of the image
and also does effective dimensionality reduction. This also makes the architecture quite
deep with only 4 million parameters which makes it computationally very effective as
compared to other deep CNN architectures.

VGG11 architecture has a low depth of only 11 layers. The less number of layers in
the VGG11 architecture results in less number of parameters in the model. As the data
volume in the medical domain is less, increasing the number of layers does not help
the model to analyze the complicated data patterns. With these points, taken under
consideration VGG11 model is selected for experimentation.

In the MobileNetV3_Small architecture, there are 11 bottleneck layers. Each bottle-
neck layer comprises a residual connection along with a squeeze and excitation block
which helps in the efficient feature extraction of an image. This results in less depth
of the MobileNetV3_Small architecture and the less number of parameters which make
the model work computationally faster and help in better feature extraction in low data
volume medical domain datasets.

Due to the facts described above and the analysis of results in the later section, the
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above-mentioned CNN based models are chosen as the final base models for the Gamma

function based ensemble method.

4.7.3 Gamma Function based Ensemble Method

The confidence scores for a histopathological image by all three models are fused using
the Gamma function. Gamma function is a mathematical function which is defined for
all complex numbers except non-positive integers.

Generally, the Gamma function is defined by Eq. 4.23.

I'a)= /OOO s te75ds (4.23)

In Eq. 4.23, « is the input of the Gamma function which is defined for all complex
numbers except non-positive integers and s is defined as a positive real number over
which the following expression is integrated.

For a positive integer n, the Gamma function is defined as Eq. 4.24.

T (n) = (n - 1)! (4.24)

Graphical representation of the Gamma function for positive real numbers is shown in

Fig. 4.24.

The Gamma function is used in this work for finding the rank of samples belonging to

class c of the i’ classifier’s confidence score (CF) as defined in Eq. 4.25.

RY =T (CF§Z’>) Nici=1,2,.,M:c=1,2,..,C (4.25)

In this study the value of M = 3 as three CNN models have been used and value of
C = 2 (Benign and Malignant).

Before, to make the final decision score, some important calculations have been per-
formed. The fuzzy rank sum (FRS) for class c is calculated as per the Eq. 4.26 and
the complement of the confidence factor sum (CCFS) for class c is calculated as per the

Eq. 4.27.
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FIGURE 4.24: Graphical representation of the Gamma function for positive real num-
bers.
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Now, the final decision score (FDS) for a class can be defined as per the Eq. 4.28.

FDS, = FRS. x CCFS, (4.28)

The final predicted class for an image [ is calculated by finding the minimum of the

FDS values and is given by the following Eq. 4.29.

class(I) = argmin.(FDS,) (4.29)

The Gamma function is used for rank based ensemble method because on the particular
domain (0,1), the function steeply decreases. Due to such nature of the curve, there is
a significant difference among the ranks obtained for a sample belonging to a particular

class by different base learners, which gives an advantage to design a robust ensemble
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model. For better understanding of the proposed ensemble method, this can be verified

by the following hypothetical example.

Let us consider, for a particular image I the confidence scores for a particular class (say

Benign) by three CNN models are as follows,

CF} =0.81,
CF% = 0.96,
CF} =0.94

where the ranks of the confidence scores obtained from each model are as follows,
RL=T(0.81)=1.15
R% =T(0.96) = 1.02
R% =T1(0.94) = 1.03

From the values of Rg we can observe that the minimum difference is of the order of
1072, Hence, the significant difference among the values of ranks builds the robustness

of this ensemble technique.

4.8 Experimental Results & Analysis

4.8.1 Dataset Description

The proposed Ensemble method is evaluated on the BreakHis [77] dataset. It is a
histopathological dataset containing 7909 samples which fall under the two main cate-
gories: Benign and Malignant. The Benign class contains 2480 samples and the Malig-
nant class contains 5429 samples. The dataset contains images from 82 patients which
have a different set of magnification factors: 40X, 100X, 200X and 400X. The size
of each image is 700 X 460 pixels, PNG format, and 8-bit depth in each channel with
3-channel RGB. In Table 4.14, a detailed overview of the BreakHis dataset is provided.
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TABLE 4.14: Details of the BreakHis dataset used for experimentation

Magnification | Benign | Malignant | Total
40X 625 1370 1995
100X 644 1437 2081
200X 623 1390 2013
400X 588 1232 1820
Total images 2480 5429 7909

4.8.2 Data Augmentation

Experiments are performed on each magnification factor of the histopathology data in-
dependently where each set is split into train and test sets in the ratio of 70%-30% before
performing the data augmentation process. In Table 4.15, a detailed overview of the
number of benign and malignant images used in the test dataset is provided on each set

of magnifications of the BreakHis dataset.

TABLE 4.15: Detailed overview of the test data on each set of magnifications of the
BreakHis dataset

Magnification | Benign | Malignant
40X 188 412
100X 194 432
200X 187 418
400X 177 370

In each set of magnification of the BreakHis dataset, the data augmentation technique
is applied on the training data samples to increase the volume of the training dataset
and to prevent overfitting of each of the models while training it. The augmentation
techniques have been applied as follows: width shift of range 0.125, height shift of range
0.125, horizontal flip and nearest fill mode. The augmented training samples are then
divided into training and validation sets in the ratio of 80%-20%. Table 4.16 shows the

distribution of the total number of images at each level of magnification in the BreakHis
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dataset for the test data and the augmented data which are split into training and vali-

dation sets respectively.

TABLE 4.16: Distribution of the total number of images at each level of magnification
in the BreakHis dataset for the test data and the augmented data which are split into
training and validation sets respectively.

Magnification | Test set | Training set | Validation set
40X 600 3136 784
100X 626 3535 885
200X 605 3149 788
400X 547 2876 720

4.8.3 Results

At first, an experiment is conducted with five different CNN models separately and
evaluate the classification accuracy on the test data of each magnification level. In
Table 4.17, the values of the hyperparameters utilized for training these CNN models

are described.

TABLE 4.17: Hyperparameters along with their values used for training the CNN

models
Hyperparamter Value
Optimizer Stochastic gradient descent
Loss function Cross entropy
Initial learning rate 0.01
Learning rate scheduler | ReduceLROnPlateau
No. of epochs 30

The proposed model is evaluated using accuracy, precision, and recall, as defined in
Section 4.2.2. The classification accuracies of the base CNN models are reported in

Table 4.18.
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TABLE 4.18: Classification accuracies on the BreakHis test set with different magnifi-
cation levels obtained by the base CNN models.

Model Magnification | Accuracy (%)
GoogleNet 99.00
MobileNetV3_Small 97.83
VGGI11 97.66
40X
VGG16 97.33
AlexNet 96.50
GoogleNet 98.08
MobileNetV3_Small 97.76
VGG11 96.80
100X
VGG16 94.73
AlexNet 95.37
GoogleNet 97.19
MobileNetV3_Small 96.52
VGG11 96.85
200X
VGG16 94.73
AlexNet 95.37
GoogleNet 95.97
MobileNetV3_Small 96.52
VGG11 92.87
400X
VGG16 93.60
AlexNet 91.22

From Table 4.18 it can be observed that among all the individual base models, GoogleNet
yields better classification accuracy for all three magnifications (99% for 40X, 98.08%
for 100X and 97.19% for 200X). Whereas, in the case of 400X magnification, the Mo-
bileNetV3_Small model produces a better result(96.52%). Now, among the five CNN
models, a combination of three models are taken and use their performances to imple-
ment the rank based ensemble approach. Rigorous experimentation is perfomred with
all possible combinations for each of the magnifications and record the corresponding
results. Table 4.19, 4.20, 4.21 and 4.22 show the comparative results we obtain after

performing the proposed ensembling over all possible combinations on 40X, 100X, 200X
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and 400X magnifications of images.

TABLE 4.19: Classification accuracies of the proposed ensemble method on three base
models taken at a time from five CNN models on 40X magnification of the BreakHis
test set. The combination of models considered in this work is in bold font. Accuracy
values are in % .

Magnification | Base Model 1 Base Model 2 Base Model 3 | Acc
MobileNetV3_Small | VGG11 VGG16 98.50
MobileNetV3_Small | VGG11 AlexNet 98.50
MobileNetv3_Small | VGG16 AlexNet 98.33
VGG11 VGG16 AlexNet 98.50
GoogleNet VGG16 AlexNet 99.12

0% GoogleNet VGGI11 AlexNet 99.10
GoogleNet VGGI11 VGG16 99.10
GoogleNet MobileNetV3_Small AlexNet 99.12
GoogleNet MobileNetV3_Small VGG16 99.13
GoogleNet MobileNetV3_Small | VGG11 99.16

TABLE 4.20: Classification accuracies of the proposed ensemble method on three mod-

els taken at a time from five CNN models on 100X magnification of the BreakHis test

set. The combination of models considered in this work is in bold font. Accuracy values
are in % .

Magnification | Base Model 1 Base Model 2 Base Model 3 | Acc
MobileNetV3_Small | VGG11 VGG16 98.00
MobileNetV3_Small | VGG11 AlexNet 97.80
MobileNetv3_Small | VGG16 AlexNet 96.64
VGG11 VGG16 AlexNet 96.92
GoogleNet VGG16 AlexNet 98.15

100X
GoogleNet VGGI11 AlexNet 98.13
GoogleNet VGG11 VGG16 98.19
GoogleNet MobileNetV3_Small AlexNet 98.20
GoogleNet MobileNetV3_Small VGG16 98.12
GoogleNet MobileNetV3_Small | VGG11 98.24
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TABLE 4.21: Classification accuracies of the proposed ensemble method on three mod-
els taken at a time from five CNN models on 200X magnification of the BreakHis test
set. The combination of models considered in this work is in bold font. Accuracy values

are in % .

Magnification | Base Model 1 Base Model 2 Base Model 3 | Acc
MobileNetV3_Small | VGG11 VGG16 97.02
MobileNetV3_Small | VGG11 AlexNet 98.18
MobileNetv3_Small | VGG16 AlexNet 97.19
VGGI11 VGG16 AlexNet 98.02
GoogleNet VGG16 AlexNet 97.02

200X
GoogleNet VGGI11 AlexNet 98.35
GoogleNet VGG11 VGG16 97.85
GoogleNet MobileNetV3_Small AlexNet 97.22
GoogleNet MobileNetV3_Small VGG16 97.52
GoogleNet MobileNetV3_Small | VGG11 98.67

TABLE 4.22: Classification accuracies of the proposed ensemble method on three mod-

els taken at a time from five CNN models on 400X magnification of the BreakHis test

set. The combination of models considered in this work is in bold font. Accuracy values
are in % .

Magnification | Base Model 1 Base Model 2 Base Model 3 | Acc
MobileNetV3_Small | VGG11 VGG16 95.79
MobileNetV3_Small | VGG11 AlexNet 95.43
MobileNetv3_Small | VGG16 AlexNet 95.43
VGG11 VGG16 AlexNet 92.30
GoogleNet VGG16 AlexNet 95.79

400X
GoogleNet VGGI11 AlexNet 95.61
GoogleNet VGGI11 VGG16 95.61
GoogleNet MobileNetV3_Small AlexNet 96.52
GoogleNet MobileNetV3_Small VGG16 96.52
GoogleNet MobileNetV3_Small | VGG11 96.16

It can be observed from Tables 4.19 and 4.20 that rank based ensembling for all the

combinations that comprise of GoogleNet produces higher results than the result of the

independent GoogleNet model (refer to Table 4.18). Here, the ensembling results is

compared only with the GoogleNet as it is the base model which produces the best
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results independently shown for the first three levels of magnification (40X, 100X and
200X) as found in Table 4.18. Also, from Table 4.21, it is visible that almost all the
rank based ensembling produces higher classification results irrespective of the inclusion
of the best base model (i.e., GoogleNet). Whereas from Table 4.22, it is clear that the
rank based ensembling produces similar classification result as MobileNetV3_Small in
those cases that include this model, which is the best base model that produces higher
classification result in 400X magnification.

Further, this can be noted that the rank based ensembling of the GoogleNet, VGG11
and MobileNetV3_Small model yields superior classification accuracy for all three levels
of magnification i.e., 40X, 100X and 200X. Moreover, it should be remarked that the
suggested method surpasses the best individual base model (i.e., GoogleNet) with a
classification accuracy improvement of 0.16% for both 40X and 100X magnifications.
Furthermore, with a classification accuracy gain of 1.48% at 200X magnification, the
performance of the proposed strategy is noticeably more encouraging than that of the
GoogleNet model (the best base learner). Whereas, in the case of 400X magnification,
the ensemble method yields a bit lower accuracy (96.16%) than the accuracy of the
MobileNetV3_Small model (96.52%).

Hence, the above analysis proves that the proposed ensemble approach works efficiently
for different combinations of CNN models as per the results in Tables 4.19, 4.20 and
4.21. Also from Tables 4.19, 4.20 and 4.21, it is observed that the combination of
models (GoogleNet, VGG11, MobileNetV3_Small), which is considered for the proposed
ensemble method, has a higher classification accuracy than the rest of the combinations,
and for this reason, it also motivates us to choose this particular combination even for

the 400X magnification level.

4.8.4 Analysis of Results

The confusion matrix is presented in Fig. 4.25, generated by three standard CNN models
i.e., GoogleNet, VGG11 and MobileNetV3_Small on each set of magnifications i.e., 40X,
100X, 200X and 400X respectively. For the first three levels of magnifications i.e., 40X,
100X and 200X, GoogleNet have the highest accuracies of 99%, 98.08% and 97.19%
respectively. It can also be interpreted from the confusion matrices that GoogleNet has

the highest accuracy as compared to the rest two models. Also, it can be observed that
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for the first three levels of magnification the total number of false positives and false

negatives for GoogleNet is least compared to the rest two models.
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FIGURE 4.25: Confusion matrices generated by the CNN models on each set of a) 40X,
b) 100X, ¢) 200X and d) 400X magnifications respectively

Values of standard performance metrics like Precision, Recall, F1 Score, AUC along with
accuracy obtained by the proposed ensemble method on each set of magnifications are
presented in Table 4.23.

TABLE 4.23: Detailed results of the proposed ensemble method on each set of mag-
nification on the BreakHis test set. Here Acc, Pr, Re indicate accuracy, precision and
recall respectively. All values are in %

Magnification | Acc | Pr Re F1 AUC
40X 99.16 | 99.40 | 98.67 | 99.02 | 98.67
100X 98.24 | 97.76 | 98.16 | 97.95 | 98.16
200X 98.67 | 98.90 | 98.01 | 98.44 | 98.01
400X 96.16 | 95.81 | 95.39 | 95.60 | 95.39

The confusion matrices of the proposed ensemble model are presented in Fig. 4.26 for
each set of magnifications. For the first three levels of magnification (i.e., 40X, 100X and
200X) our proposed ensemble model has higher accuracy than each of the contributing
models. It can be seen from the confusion matrices of the proposed ensemble model that
the total number of false positives and false negatives is less than the GoogleNet model
(in Fig. 4.25) which has the highest accuracy among the contributing models in the first

three levels of magnification.
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FIGURE 4.26: Confusion matrices generated by the proposed ensemble model obtained
from the four levels of magnification

The loss curves of the three standard CNN models on the 40X magnification dataset,
whose ensembling provides us with the best accuracy are shown in Fig. 4.27. The
TL models are fine-tuned on the BreakHis dataset, where each of them is trained for
30 epochs. From the three curves, it is observed that the performance of the models
converges at around 10 epochs. From the curves it can also be noted that among the

three CNN models, the VGG11 model suffers from slight overfitting.
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FIGURE 4.27: Loss curves obtained by the three standard CNN models on the 40X
magnification

4.8.5 Ablation Study

An ablation analysis is performed to validate the contributions of each of the base
classifiers chosen for our proposed ensemble methodology. It is observed that, with the
addition of the base learners, there is a gradual increase in overall performance for the
40X, 100X and 200X magnification levels as observed in Tables 4.24, 4.25 and 4.26
respectively. Whereas for 400X magnification, it can be observed from Table 4.27 that
combinations of GoogleNet and MobileNetV3_Small yields maximum results. The gain
in performance has to be attributed to every model used in the proposed gamma function

based ensembling method.

TABLE 4.24: Summary of ablation studies performed on 40X BreakHis test set

Magnification | Model Accuracy (%)
VGGI11 97.66
MobileNetV3_Small 97.83
GoogleNet 99.00

40X VGG11 + MobileNetV3_Small 98.5
VGG11 4+ GoogleNet 99.0
GoogleNet + MobileNetV3_Small | 99.0
Proposed Ensemble Method | 99.16
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TABLE 4.25: Summary of ablation studies performed on 100X BreakHis test set

Magnification | Model Accuracy (%)
VGG11 96.80
MobileNetV3_Small 97.76
GoogleNet 98.08

100X VGG11 + MobileNetV3_Small 97.6
VGG11 4+ GoogleNet 97.76
GoogleNet + MobileNetV3_Small | 97.72
Proposed Ensemble Method | 98.24

TABLE 4.26: Summary of ablation studies performed on 200X BreakHis test set

Magnification | Model Accuracy (%)
VGG11 96.85
MobileNetV3_Small 96.52
GoogleNet 97.19

200X VGG11 + MobileNetV3_Small 98.18
VGG11 + GoogleNet 98.34
GoogleNet + MobileNetV3_Small | 97.68
Proposed Ensemble Method | 98.67

TABLE 4.27: Summary of ablation studies performed on 400X BreakHis test set

Magnification | Model Accuracy (%)
VGGI11 92.87
MobileNetV3_Small 96.52
GoogleNet 95.97

400X VGG11 + MobileNetV3_Small 95.43
VGG11 4+ GoogleNet 95.61
GoogleNet + MobileNetV3_Small | 97.44
Proposed Ensemble Method | 96.16
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4.8.6 Comparison with Other Ensemble Approaches

Further experimentation is performed to compare the results of the proposed ensemble
approach with some conventional ensemble approaches. Experiment with other ensem-
ble approaches is conducted where the performances of the models which are used:
GoogleNet, VGG11, MobileNet_V3_Small for ensembling over the BreakHis dataset.
The obtained results are tabulated in Table 4.28. It can be observed from Table 4.28
that our proposed ensemble strategy outperforms all other ensembling methods for the
three sets of magnification (40X, 100X, and 200X), while achieving SOTA accuracy for
400X magnification. In the majority voting-based ensemble, the class which obtains
the maximum votes from the classifiers is predicted as the class of the sample. In the
average probability ensemble, equal weightage is given to each contributing classifier,
whereas in the weighted average based ensembling, different weights are assigned to the
classifiers according to their performance on the dataset under consideration. In Gom-
pertz function based ensembling [155], the Gompertz function is used for calculating
the rank which is an exponential function of decreasing nature. The difference between
the values of the ranks obtained from the Gompertz function is low as compared to the
Gamma function which gives the Gamma function an advantage to perform well in the

rank based ensembling operation.

TABLE 4.28: Performance comparison of the proposed ensemble method with other
popular ensemble methods.

Ensemble technique Accuracy (%)

40X 100X | 200X | 400X
Majority Voting 99.00 | 98.16 | 97.85 | 96.16
Average Probability 98.00 | 97.12 | 97.52 | 94.14
Weighted Average 99.00 | 98.20 | 98.51 | 96.00
Gompertz Function 98.06 | 98.14 | 98.01 | 96.16
Proposed Ensemble | 99.16 | 98.24 | 98.67 | 96.16
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4.8.7 Comparison with SOTA methods

Finally, the performance of the proposed method is compared with the results obtained
by some of the recent SOTA methods in literature on the BreakHis dataset. The com-
parative results are tabulated in Table 4.29. It can be seen from Table 4.29 that at
all four magnifications, the proposed model performs significantly better than all the
preceding methods considered here. It is to be noted that due to the scarcity of pub-
licly accessible medical data, the majority of approaches rely on TL for classification;
however, end-to-end classification using TL is insufficient. Ensembling decision scores
from different CNN models capture the complementing information offered by the mod-
els thereby boosting the overall performance. The findings of the proposed ensemble
method is compared against the approaches presented in [156], [157], [158], [159], and
[160], all of which extensively utilized TL-based techniques. Also, compared with [85],
[86], [87] and [161] where the authors have used the fusion of CNN-based models. It
should be noted that to provide a fair comparison, only the current research studies are
considered where the performance results are provided for all the magnifications of the

BreakHis dataset.

TABLE 4.29: Performance comparison of the proposed ensemble method with SOTA

methods.

Method Accuracy (%)

40X 100X | 200X | 400X
Wang et al. [85] 94.91 | 96.12 | 95.51 | 95.42
Wang et al. [156] 96.58 | 95.65 | 96.43 | 95.27
Sharma et al. [157] 96.25 | 96.25 | 95.74 | 94.11
Wang et al. [86] 92.71 | 94.52 | 94.03 | 93.54
Zerouaoui et al. [87] 92.61 | 92 93.93 | 91.73
Gour et al. [158] 87.40 | 87.26 | 91.15 | 86.27
Hu et al. [159] 94.03 | 90.66 | 90.47 | 88.79
Senan et al. [160] 95 91.5 |91.8 |95
Singh et al. [161] 80.8 82.76 | 86.55 | 85.8
Proposed Ensemble Method | 99.16 | 98.24 | 98.67 | 96.16
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4.8.8 Additional Experiment on the ICIAR dataset

To ensure the robustness of the proposed ensemble method experiment with another
popular histopathology image dataset is conducted. This section analyzes the obtained
result on the ICIAR-2018 histopathology dataset [78]. The ICIAR-2018 dataset consists
of Hematoxylin and Eosin (H&E) stained breast histopathology microscopy and whole-
slide images. It contains a total of 400 microscopy images labelled as normal, benign, in
situ carcinoma and invasive carcinoma, where each of the four classes has 100 images.

A 2-class classification is performed on this dataset, where the normal and benign labels
are taken as in-carcinoma class, and in situ and invasive carcinoma labels are taken as
carcinoma class. Therefore, each of the two classes consists of 200 images each. From
the dataset, 100 test images are taken randomly and the remaining 300 images are
augmented to 4800 images. The augmented dataset is then divided into training and
validation sets an 80%-20% ratio. Table 4.30 shows the detailed class-wise distribution

of test, validation and training sets of the said dataset.

TABLE 4.30: Class-wise distribution of training, validation and test sets in ICTAR-2018
dataset.

No. of images/class | Carcinoma | In-Carcinoma

Test set 50 50
Training set 1920 1920
Validation set 480 480

TABLE 4.31: Experimental results of the proposed ensemble method as well as the
individual classifiers in ICTAR-2018 dataset. All values are in %.

Model Acc Pre Re F1 AUC
GoogleNet 95.95 | 96.26 | 95.96 | 95.95 | 95.92
MobileNetV3_Small 87.87 | 88.12 | 87.88 | 87.85 | 87.84
VGG11 90.90 |90.92 | 90.91 | 90.91 | 90.90
Proposed Ensemble Method | 96.95 | 96.92 | 96.92 | 96.92 | 96.92

From the results of Table 4.31, it is observed that the proposed ensemble method outper-

forms the individual base learners and thus, works well with the ICTAR-2018 dataset as

well. Besides, Table 4.32 shows that the proposed ensemble method outperforms many

SOTA methods by a good margin. Therefore, the obtained results on the ICIAR-2018
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dataset prove the robustness of our proposed method for breast cancer classification
using histology images.

TABLE 4.32: Performance comparison of the proposed ensemble method with SOTA
methods on ICTAR-2018 dataset.

Method Accuracy (%)
Kassani et al. [88] 95.00
Vizcarra et al. [162] 92.00
Nazeri et al. [163] 95.00
Yang et al. [164] 91.75
Bhowal et al. [84] 96.00
Proposed Ensemble Method | 96.95

4.9 Discussion

This chapter explores and evaluates four distinct DL and optimization-based methodolo-
gies for the classification of breast cancer images derived from different imaging modal-
ities, including ultrasound, thermography, mammography, and histopathology. Each
proposed approach addresses unique aspects of breast cancer diagnosis and contribute
to a more comprehensive understanding of how different F'S techniques combined with
DL techniques can aid in early detection and treatment planning.

The first methodology focuses on breast ultrasound imaging, where a novel deep fea-
ture selection technique called U-WOA is introduced. This method demonstrate SOTA
performance with 99.1% on the BUSI dataset and shows promising generalization capa-
bilities on unseen data.

The second methodology involves a lightweight DL model applied to thermographic
images for breast cancer classification. Utilizing SqueezeNet 1.1 for deep feature extrac-
tion and a hybrid F'S method combining chaotic maps-assisted GA and GWO, the model
achieves perfect classification accuracy (100%) on the DMR-IR dataset using only 3% of
the original features. This emphasizes the strength of integrating lightweight networks
with efficient feature reduction techniques, which is especially beneficial in resource-
constrained environments or point-of-care systems.

The third proposed method deals with mammography images and leverages the VGG16
model with a GAP layer to introduce attention mechanisms. This is followed by a FS
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strategy involving a ABHC local search embedded SSD algorithm, which significantly
reduces the feature dimensionality while maintaining excellent classification performance
on the DDSM dataset. With just 25% of the original deep features, the model achieves
high accuracy, precision, and recall, demonstrating the effectiveness of combining atten-
tion with optimization-based feature selection.

The final methodology introduces an ensemble approach using three established CNN
models—GoogleNet, VGG11, and MobileNetV3_Small—for classifying breast histopathol-
ogy images. A novel Gamma function-based score fusion technique is used to combine
model outputs, enabling the ensemble to achieve superior performance across multiple
magnification levels of the BreakHis dataset. The robustness of the approach is fur-
ther validated on the ICIAR-2018 dataset, showcasing its adaptability across different
histopathological imaging scenarios. This ensemble strategy underscores the importance
of integrating multiple model perspectives for improving diagnostic reliability and accu-
racy.

Overall, the diverse methodologies presented in this chapter highlight the potential of
DL and optimization-based FS algorithms in enhancing the breast cancer classification.
Each technique demonstrates unique strengths suited to different imaging modalities

and clinical contexts.
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Chapter 5

Conclusion and Future Directions

Breast cancer remains a leading cause of cancer-related mortality among women glob-
ally. Early and accurate diagnosis is critical for improving survival rates and informing
effective treatment strategies. However, diagnostic accuracy is often hindered by the
inherent complexity of tumor presentations, overlap with benign conditions, and incon-
sistencies across imaging modalities.

DL based method has revolutionized medical imaging, offering unprecedented capabili-
ties in automated detection including segmentation and classification. Techniques such
as CNNs, attention mechanisms, and advanced segmentation architectures have demon-
strated remarkable performance in breast cancer analysis. These models learn directly
from raw image data, reducing dependency on handcrafted features and enabling more
consistent and scalable diagnostic solutions.

Despite these advances, several challenges remain in deploying DL models in real-world
clinical settings. These include limited annotated data, difficulty in interpreting model
decisions, and computational constraints. This thesis addressed these challenges through
the development of lightweight, interpretable, and robust DL models, integrating domain
knowledge, attention modules, and optimization-driven F'S to enhance both performance
and practical utility. This thesis has explored and developed advanced frameworks for
breast cancer detection across multiple imaging modalities, with a focus on image seg-
mentation and classification tasks.

The first aspect of this thesis has been an extensive review of the SOTA techniques in
breast cancer detection across different modality of imaging. The literature analysis has

revealed a notable shift in the field, moving from traditional handcrafted methods to
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more sophisticated DL-based approaches. Notably, the integration of CNNs, attention
mechanisms, and optimization techniques has significantly advanced the accuracy and
efficiency of breast cancer classification.

In terms of image segmentation, U-Net and its variants played a crucial role. This thesis
explored the U-Net architecture in depth, analyzing the benefits of its encoder-decoder
structure and skip connections. The combination of these components allows for the
extraction of features at varying levels of granularity, leading to more accurate segmen-
tation of breast tumors. Therefore, various enhancements to the U-Net architecture
were proposed, such as the DAU-Net (presented in Chapter 3), which integrates pow-
erful attention mechanisms to focus on the tumor regions while suppressing irrelevant
background features. The dual attention mechanism in DAU-Net combines PCBAM
and SWA, effectively captures context-aware features, spatial dependencies, and global
contextual information. This resulted in a Dice score of 74.23% on the BUSI dataset
and 78.58% on the UDIAT dataset. Another significant contribution of this thesis is
the introduction of the EU? — Net model (presented in Chapter 3), an ensemble
approach that enhances the U-Net architecture by reducing computational complexity
while maintaining high segmentation accuracy. The incorporation of attention mecha-
nisms, feature fusion strategies, and edge detection further improves the model’s ability
to segment challenging regions in breast ultrasound images, achieving a Dice score of
74.73% on the BUSI dataset and an impressive 83.47% on the UDIAT dataset.
Additionally, AWGUNet (presented in Chapter 3) combining the U-Net model with
a DenseNet-121 backbone for nuclei segmentation in histopathological images demon-
strated superior performance in capturing both spatial and contextual information, ad-
dressing challenges such as uncertain cell boundaries and complex staining patterns.
In this model, the wavelet guided attention mechanism captured edge information for
spatial guidance, boosting the performance of U-Net. This resulted in a Dice score of
79.46% on the MoNuSeg dataset and 81.65% on the TNBC dataset for the segmentation
of neuclei in breast histopathology images.

This thesis has undertaken a comprehensive investigation into the development of ad-
vanced DL based frameworks for the classification of breast cancer using various imaging
modalities, including ultrasound, thermograms, mammograms, and histopathological
images. The goal has been to address the limitations of existing models and introduce

more robust, accurate, and computationally efficient solutions for early and reliable
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breast cancer classification. One of the earliest contributions of this thesis was the de-
velopment of a feature selection framework for classifying breast tumors in ultrasound
images. This method used TL-based model for feature extraction and employed Spear-
man Rank Correlation Coeflicient-based ranking to select the most relevant features for
classification. Recognizing the limitations of deterministic selection approaches, the re-
search further investigated meta-heuristic optimization techniques—specifically, a novel
unsupervised FS framework called U-WOA (presented in Chapter 4), which integrates
statistical ranking filters with the WOA. In this method, feature extraction is done
using the VGG16 model and for FS the proposed U-WOA method is used. This un-
supervised F'S method effectively identified informative features without requiring class
labels, enabling more robust classification in challenging ultrasound datasets, achieved
a classification accuracy of 99.1% on the widely-used BUSI ultrasound dataset.

The concept of balancing exploration and exploitation in meta-heuristic algorithms was
applied to thermogram image based breast cancer classification (discussed in Chap-
ter 4). Here, a lightweight and computationally efficient model was proposed using
SqueezeNet 1.1 for feature extraction, combined with a hybrid FS mechanism. This hy-
brid method integrated a sinusoidal chaotic map-based GA with the GWO, successfully
identifying optimal feature subsets while reducing memory and processing demands.
This GA-GWO hybrid structure achieved the SOTA classification accuracy of 100%,
while using only 3% of the superior features extracted from the lightweight SqueezeNet
1.1 model on the DMR-IR thermal breast cancer images.

Further extending this concept to mammographic image classification, an attention-
enhanced TL model (VGG16) was used in conjunction with a wrapper-based FS frame-
work utilizing the SSD algorithm (discussed in Chapter 4). The integration of ABHC
local search with SSD algorithm improved feature exploitation, especially in the challeng-
ing task of distinguishing malignant mass lesions. This method achieved an improved
classification accuracy of 96.07% on the DDSM mammogram dataset.

Another key outcome of this thesis was the exploration of ensemble learning strategies
for breast cancer classification, particularly with histopathological images. Traditional
ensemble techniques—such as majority voting and weighted averaging—were found to
be limited by their static weighting mechanisms and inability to account for classifier
interactions. To overcome this, a novel rank-based ensemble approach was proposed
(discussed in Chapter 4). This method adaptively fused predictions from multiple pre-
trained CNN models (GoogleNet, VGG11, and MobileNetV3_Small) using the Gamma
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function to assign dynamic priorities to classifiers based on their confidence scores for
each sample. This approach not only improved classification accuracy but also enhanced
robustness by minimizing prediction variance and exploiting complementary strengths
of individual classifiers. This method has achieved classification accuracies of 99.16%,
98.24%, 98.67%, and 96.16% on the BreakHis dataset at 40x, 100x, 200, and 400x

magnifications, respectively, and an accuracy of 96.95% on the ICTAR dataset.

5.1 Limitations of the Thesis

While the findings and methodologies presented in this thesis demonstrate promising
results, some challenges need to be acknowledged.

Segmentation Challenges: The proposed DAU-Net model demonstrates relatively
lower precision and recall, which suggests that some non-tumorous regions are misclassi-
fied as tumorous and vice versa. The model encounters difficulties, leading to deviations
from the ground truth segmentation. These challenges arise from the complexity of ul-
trasound images, which often include noisy, low-contrast regions or ambiguous features
that are difficult to accurately delineate. Similarly, EU? — Net fails to consistently
match the ground truth mask, particularly in cases involving lighter shades or complex,
dark backgrounds. These factors likely contribute to errors in distinguishing foreground
from background pixels.

Classification Challenges: In the breast cancer classification techniques employed in
this thesis, the F'S methods, though effective, are highly sensitive to initialization. A poor
initial selection of features can lead to the exclusion of important attributes, which may
limit the accuracy of the final classification model. Additionally, meta-heuristic algo-
rithms used in the classification process are highly sensitive to hyperparameters. These
algorithms require careful tuning to optimize their performance for specific datasets,
which can hinder the model’s generalization ability and scalability across different con-
texts. The reliance on fine-tuned hyperparameters could make the model less adaptable

when applied to other datasets or tasks.
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5.2 Directions for Future Research

Although the techniques presented in this thesis show promising results compared to
current SOTA methods, there is still room for further improvement. Potential directions

for future work include the following:

o Investigating data-efficient learning approaches, such as Few-Shot and Self-Supervised
learning, to reduce reliance on large annotated datasets, which are often scarce in

the medical domain.

e Further investigation into pruning techniques besides feature selection and effi-
cient lightweight architectures may facilitate deployment in low-resource settings

without sacrificing accuracy.

e Examining the multimodal data like use of non-imaging data, such as patient
history, genetic information, and radiomic features, in conjunction with imaging
data for breast cancer diagnosis. DL models that combine both imaging and non-
imaging data have the potential to improve the accuracy and robustness of breast
cancer detection systems and it could offer a more holistic diagnostic view and

improve overall model robustness.

e Contributing to the creation and standardization of large, diverse datasets will
enhance reproducibility and model training, paving the way for more generalizable

solutions.

e Incorporating temporal data, such as patient history and time-sequenced imaging,
using models like LSTMs or Transformers. This could enable better tracking of

disease progression and treatment response over time.

In summery, this thesis presents a comprehensive framework for automated breast cancer
detection using advanced DL techniques. The proposed models offer a step forward in
improving diagnostic accuracy, reducing clinician workload, and advancing the practical

deployment of Al-driven medical tools.
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Abstract

Breast cancer has become a common malignancy in women. However, early detection and identification of this disease can
save many lives. As computer-aided detection helps radiologists in detecting abnormalities efficiently, researchers across
the world are striving to develop reliable models to deal with. One of the common approaches to identifying breast cancer
is through breast mammograms. However, the identification of malignant breasts from mass lesions is a challenging
research problem. In the current work, we propose a method for the classification of breast mass using mammograms which
consists of two main stages. At first, we extract deep features from the input mammograms using the well-known VGG16
model while incorporating an attention mechanism into this model. Next, we apply a meta-heuristic called Social Ski-
Driver (SSD) algorithm embedded with Adaptive Beta Hill Climbing based local search to obtain an optimal features
subset. The optimal features subset is fed to the K-nearest neighbors (KNN) classifier for the classification. The proposed
model is demonstrated to be very useful for identifying and differentiating malignant and healthy breasts successfully. For
experimentation, we evaluate our model on the digital database for screening mammography (DDSM) database and
achieve 96.07% accuracy using only 25% of features extracted by the attention-aided VGG16 model. The Python code of
our research work is publicly available at: https://github.com/Ppayel/BreastLocalSearchSSD.

Keywords Mammogram images - Breast cancer - Deep learning - Social ski-driver - Optimization - Local search -
Algorithm

1 Introduction

Breast cancer is a disorder where the cells of the breast
tissue alter and divide uncontrollably, resulting in a lump
or mass in the mammary glands or between the mammary
glands and the nipple in the majority of instances. Unfor-
tunately, breast cancer is one of the most frequent malig-
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nancies among women, and it has a high fatality rate. Early
identification of breast cancer can significantly improve
women’s survival rates, which is critical because breast
cancer can be cured in 95 percent of cases if caught early
[1]. Reviewing prior diagnostic data and gathering relevant
information from past data are key to identifying this dis-
ease at an early stage.

Medical images are one of the most important sources of
information for the identification and diagnosis of various
illnesses and anomalies, allowing radiologists to examine
the interior structure of human bodies. It is critical in the
diagnosis of clinical diseases, the evaluation of treatment,
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and the detection of anomalies in various bodily organs
such as the eyes [2], lungs [2], brain, breast [3, 4], and
stomach [5]. One of the most efficient ways to diagnose
breast cancer is through medical imaging. The research in
this field has grown significantly over the last three dec-
ades. Breast mammography is the most economical among
various other detection methods, namely Thermal imaging,
Magnetic Resonance Imaging (MRI), Ultrasound imaging,
Computerized Tomography (CT), and Histology imaging
[6].

A breast mammogram is an X-ray image of the woman’s
breast which is a common diagnostic measure for screening
for breast cancer. It is useful for the detection of breast
swellings, masses, calcifications, and dimpling of breast
tissue. All of these are indicating an early stage of breast
cancer. However, it is not an easy task to identify these
symptoms from the breast images. Moreover, incorrect
assessment of these images leads to an incorrect diagnosis
with dangerous consequences. Consider the circumstance
of a false negative diagnosis, in which an early stage of
breast cancer is misdiagnosed as a normal case. As a result,
the individual’s chances of surviving five years are reduced
[3].

Over the last decades, researchers have leveraged vari-
ous machine learning (ML) techniques in the medical
image analysis domain to help with decision-making pro-
cesses. Data analysis, data cleaning, and meaningful fea-
ture extraction or feature representations are the reasons for
ML’s success to accomplish several tasks. Medical experts
are capable of using their knowledge to relate features of a
dataset to real-world phenomena or a fact, which is a
challenging task for ML techniques. Deep learning (DL)
alleviates this drawback as future engineering and pro-
cessing is a part of the learning process as opposed to
traditional methods with manual processes [7].

Many researchers have exploited DL methods in various
domain applications such as in image classification [8],
image segmentation [9], security [10-12], reinforcement
learning [13], letter Recognition [14], partial differential
equation solving [15]. In recent times researchers have
successfully explored various DL-based methods in the
domain of medical imaging, particularly in disease detec-
tion like Alzheimer’s detection [16], fracture detection
[17], COVID-19 detection [18], and many more. Generally,
DL models require an ample amount of data for proper
training purposes and the accessibility of such enormous
volumes of data in the medical realm is quite unusual. As a
consequence, experts are increasingly embracing the
approach of transfer learning, in which Convolutional
Neural Network (CNN) models are trained on bigger
datasets such as the ImageNet dataset and then the weights
are transferred and fine-tuned on a smaller (i.e., target)
dataset [19]. Although transfer learning addresses a lot of
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challenges faced earlier by the researchers, to improve the
performance of the models, several standard machine
learning methodologies such as feature selection (FS) are
now combined with the DL model.

FS is one of the conventional ways to reduce computa-
tional efforts that remove redundant features and selects a
subset of distinct features. Also due to the presence of
redundant features, distinctive features may not be given the
importance they should be for classification purposes [20]. In
the past, several optimization algorithms based FS methods
have been exhaustively exploited in various domains like
image enhancement [21], traveling Salesman problem solving
[22], security [23], classification [24], SVM parameter opti-
mization [25], and solving class imbalance problem [26].
Moreover, researchers have effectively been able to solve
many image classification problems in the medical image
analysis domain using this method such as in prostate cancer
detection [27], Alzheimer’s disease detection [28], and many
more. This encourages us to employ an FS approach that is
based on an optimization algorithm in our work.

The concept of embedding a local search method with
FS is not very old. Researchers in the recent past have
successfully developed and deployed such models and in
turn, also proved that these models perform better in terms
of classification results [29]. Choosing the optimal feature
subset in FS is usually difficult, especially in wrapper-
based techniques where the chosen subsets must be
assessed using a learning algorithm at each iteration.
Ensemble of local search improves an FS method’s
exploitation ability and hence improves the overall learning
model’s performance.

Because of the above-mentioned facts, in the current
work, we design a two-stage breast cancer classification
model taking mammograms as input. At first, we use an
attention-aided DL model to extract features from the
mammograms. Then, we apply a local search embedded FS
approach to reduce the feature dimension and augment the
classification ability. As the basis model, we used a
transfer-learning model that was pre-trained on the Ima-
geNet dataset and fine-tuned it on the target dataset. Fur-
thermore, we introduce attention by incorporating a global
weighted average pooling mechanism on the base model.
We extract features using this attention-based transfer
learning model for the target dataset and lastly process
these extracted features with the local search embedded FS
method to produce optimal and reduced feature subsets.
Finally, these reduced features are used as the inputs to the
KNN classifier to produce the final classification results.
After experimenting with different transfer learning models
and different FS algorithms, we find that the attention-
aided VGG16 model and Adaptive Beta Hill Climbing
(ABHC) embedded SSD based FS algorithm on the men-
tioned dataset outperforms other contemporary methods.
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Fig. 1 The pipeline of our suggested breast cancer classification model

Figure 1 depicts the whole architecture of the suggested
model.

1.1 Motivation and contributions

In the domains of computer vision and image processing
for health and medical assessment, integrating DL
approaches with FS algorithms has yielded significant
results [29-32]. Researchers have shown the immense
potential of DL-based applications for mammogram image
processing in terms of providing reliable breast cancer
predictions [4, 33-35]. Moreover, the attention mechanism
exploits the most important regions of an image by paying
more attention to the same [36, 37]. Furthermore, FS
approaches reduce the number of features, whereas local
search helps to increase the exploitation capability of the
FS method and produces the most optimal subset of fea-
tures [29]. These efforts prompted us to investigate how
DL methods perform when paired with FS approaches, as
well as to confirm the usefulness of the attention mecha-
nism and the capabilities of local search strategies for
breast cancer analysis and assessment from mammography
imaging. Therefore, in this paper, we have proposed a
model in which an intelligent amalgamation of a DL model
with an optimization algorithm-based FS approach has
been made. The main contributions of the present research
work are listed below.

1. We create a model for breast cancer classification from
mammograms that combines the principles of deep
learning and optimization algorithms.

2. We introduce an attention mechanism on a deep CNN-
based transfer learning model, called VGG16, and fine-
tune it for the extraction of deep features from the input
images.

ABHC-SSD

Feature selection

Cancer

Reduced |
feature sety

KNN Classifier

Classification

Non-cancer

3. We ensemble a local search, namely ABHC with SSD
based FS algorithm to produce an optimal feature
subset from the features produced by the CNN model.

4. We achieve state-of-the-art classification accuracy with

just 25% of features of the original feature set obtained
by the CNN model when evaluated on the DDSM
database.

The rest of this research study is broken down into
categories. Section 2 is a literature review in which we
look at several techniques of breast cancer diagnosis,
starting with mammography and then moving on to local
search-based FS algorithms. Section 3 lays out the
requirements for this research project, followed by a
detailed description of our proposed study in Sect. 4. The
metrics we employ to evaluate the proposed model and
analyze the experimental results are then discussed in
Sect. 5. Finally, in Sect. 6, we make some concluding
remarks and discuss some potential future directions.

2 Literature survey

This section contains two subsections, wherein in the first
subsection we discuss some recent DL-based methods for
the detection and classification of breast cancer, and in the
subsequent subsection, we discuss the application of FS
algorithms in the medical domain, specifically, in breast
cancer detection.

2.1 DL-based methods for breast cancer
detection

In health care systems, there is various machine and DL
approaches developed by researchers. Machine learning is
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widely utilized in several domains like health care, early
disease detection, biomedical, etc. [38]. In recent times, the
advancement in machine learning, especially in DL has
created a significant impact on the medical imaging field. It
enhances the precision to identify, classify, and quantify
patterns in medical images. To be precise, exploiting
complex representations of the features which are under-
stood or realized from the input data is the prime reason for
this tremendous progress. Thus, DL models are achieving
extraordinary results in different medical applications [7].

For instance, A. Saber et al. have shown in [33] a DL
model based on the transfer learning technique for the
detection of breast cancer from the mammographic image
analysis society (MIAS) database. In this, the authors
showed some pre-processing techniques and discussed the
evaluation metric results of different pre-trained CNNs for
the MIAS database. The experimental results showed that
out of different pre-trained CNNs, the VGG16 model
yields the best result, which is seen in our research work as
well. Similar work can be found in [39]. In 2019, Shen
et al. [8] proposed a CNN model to classify mammogram
images of the CBIS DDSM dataset. This method yields an
AUC score of 0.88, sensitivity of 86.1%, and specificity of
80.1% which is quite low. Furthermore, the INBreast
dataset was used to increase the performance of the model
yielding a 0.95% AUC score, 86.7% sensitivity, and 96.1%
specificity. In the next year, Khatami et al. [40] introduced
a regularization scheme for the detection of cancer from
mammograms by changing the weights of the convolu-
tional layers using some additive noise and achieved an
accuracy of 83%. The limitation of this model is the lower
detection accuracy which may not be useful in practical
scenarios. A paper published in 2015 by Ertosun and Rubin
[34] used a DL-based method which achieves 85% accu-
racy for identifying breast images with a mass from breast
mammograms and an accuracy of 85% for mass localiza-
tion in mammograms with an average false positive rate of
0.9 per sample image. However, their main focus is to find
out whether the breast mass is benign or malignant. In
another work, Levy et al. [4] have come up with a DL
model with pre-processing and data augmentation to clas-
sify pre-detected breast masses from DDSM mammograms
and achieved 92.9% accuracy, whereas Khamparia et al.
[3] have proposed a method using the fine-tuned VGG16
transfer learning model to diagnose breast cancer from
DDSM mammograms, and achieved an accuracy of 88.3%.
The authors have used data augmentation and regulariza-
tion to enhance the performance of the model. A study has
been done by L. G. Falconi et al. [41] of different transfer
learning models like NasNet, MobileNet, VGG16, ResNet,
Xception, and Resnext to train a breast abnormality
malignancy classifier. In this study, the authors have con-
cluded that training of DL models tends to overfit and fine-
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tuning of the models achieves a better classification per-
formance in the case of the VGG16 model which gives an
accuracy of 84.4% in the CBIS-DDSM dataset. Al-antari
et al. [35] have proposed a CAD system based on You Only
Look Once (YOLO) to detect and classify breast lesions. In
this work, the authors used the YOLO detector to detect
breast lesions from the DDSM and the InBreast mammo-
grams, and the classification was done using three DL
classifiers, namely regular feed-forward CNN, ResNet-50,
andInceptionResNet-V2. From these research works, it can
be said that automatic DL models can achieve better results
even on heterogeneous mammography platforms. Also, it
holds a strong promise for improving the performance of
the clinical tools for reducing false positive and false
negative screening mammography results.

Researchers have successfully explored the utilization of
ML and DL models not only on mammograms but also on
different breast cancer image modalities available. For
instance, In Vahadane et al. [42], authors have introduced a
structure-preserved stain-normalization technique to deal
with histopathological images and achieved 87.50% clas-
sification accuracy. In another work, Sarmiento et al. [43]
proposed a machine learning-based technique for auto-
matic breast cancer grading of histological images in which
the extracted feature from various characteristics of the
image such as texture, color, and shape was fed to the
Support vector machine (SVM) classifier as the input and
with tenfold cross-validation, this method achieved an
accuracy of 79.2%. In another research paper by Nawaz
et al. [44], the authors used a fine-tuned AlexNet for breast
cancer classification in histology images and achieved an
image-wise accuracy of 75.73% and patch-wise accuracy
of 81.25%. In [45], Silva et al. have suggested a method for
abnormality detection in breast thermal images. The
authors used Auto-WEKA with some defined settings for
the selection of best features and used a K-star classifier
with a tenfold cross-validation method for the classification
of images. Also, in [46], the authors have introduced a deep
CNN method for the automatic cancer tissue nuclei
detection, segmentation, and classification of breast cancer
cells from whole slide images of hematoxylin and eosin
stains. In this work, a multilevel saliency nuclei detection
model is used for the detection of nuclei, and the same is
integrated with the deep CNN model for the classification
of benign and malignant cells. Rakhlin et al. [47] have
designed a DL model to classify the images of breast tis-
sues. In this work, pre-trained models of VGG-16, Incep-
tionV3, and ResNet-50 are used for feature extraction,
whereas for the classification purpose a tenfold cross-val-
idation scheme with Light Gradient Boosting (GBM)
classifier has been used. This approach achieves an accu-
racy of 87.2% for breast cancer image classification.
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However, it can be seen that researchers have exten-
sively used DL models as well as transfer learning models
for breast cancer detection from different medical imaging
modalities available. But considering breast cancer detec-
tion, it is important to focus on the region of interest (ROI)
as some of the regions may be more relevant than others,
thus justifying the need of adding an attention mechanism
to a DL model. In this work, we try to explore the attention
mechanism of transfer learning models for breast cancer
classification from mammography.

2.2 Nature-inspired meta-heuristic FS algorithms
for breast cancer detection

Nature-inspired meta-heuristic techniques and their vari-
ants are widely used in solving FS problems [48]. The field
of meta-heuristics is vast and it has made significant
advancements toward solving complex optimization prob-
lems. Since the first meta-heuristic was presented, a con-
siderable amount of progress has been achieved, and
countless new algorithms are offered regularly. There is no
dispute that research in this area will advance in the
coming future. There are two primary groups of meta-
heuristic algorithms. One is meta-heuristic algorithms
based on a single solution, where optimization begins with
a single solution and gets updated as the algorithms move
through iterations. Another group is population-based
meta-heuristic algorithms, where optimizations start with a
population of solutions and update it over the iterations.
However, the first group of algorithms can get trapped
within local optima and they only partially explore the
search space, whereas the latter group helps to prevent
local optima since they have a great search space explo-
ration opportunity and various solutions that work together
to help one another. Meta-heuristic algorithms can be
classified based on their behavior into four categories:
algorithms based on physics, swarm intelligence, evolu-
tion, and humans [90-93].

Meta-heuristic techniques yield an optimal solution by
iteratively exploring as well as exploiting the search space.
It assists to select an optimal set of features so that a better
classification performance will be ensured with that set of
features. Every meta-heuristic method tries to maintain a
good balance between exploration and exploitation of the
search space to improve the results [49]. Researchers have
effectively been able to solve many image classification
problems in the cancer detection domain as well as other
medical domains [49-51] using several meta-heuristic-
based FS algorithms.

For instance, in 2010, Gandhi et al. [52] suggested a
cancer detection method based on Pittsburgh Learnt Fuzzy
Rule and Particle Swarm Optimization. In 2014, Ahmad

et al. [53] designed a breast cancer diagnosis model by
using the Genetic Algorithm (GA) for both FS and
parameter optimization of an artificial neural network
(ANN). The higher computational cost was the main
drawback of both these methods. In 2019, Huang et al. [54]
proposed a new breast cancer diagnosing technique based
on the fruit fly optimization algorithm embedded with a
Levy flight strategy. It was mainly used to optimize two
key parameters of the SVM classifier. They have exploited
two datasets—Wisconsin Prognostic Breast Cancer dataset
and Wisconsin Diagnostic Breast Cancer dataset for result
computation. In the same year, Sayed et al. [55] suggested
a hybrid model on the same dataset that exploited cluster
analysis algorithm and binary version of Moth-flame
optimization and Whale optimization algorithm (WOA) for
FS. In 2020, Fang et al. [56] proposed an intelligent
amalgamation of multi-layer perceptrons with WOA for
breast cancer detection. Lower accuracy was the main
limitation of these techniques. In 2021, Oyelade et al. [57]
suggested a nature-inspired meta-heuristic optimized con-
volutional neural networks model detect abnormalities in
breast cancer images. It involved training a CNN network
using GA, WOA, multiverse optimizer (MVO), satin bower
optimization (SBO), and life choice-based optimization
(LCBO) algorithms to optimize only the weights and bias
of the model. The main drawback of this model was lower
accuracy. In the same year, Tavasli et al. [58] proposed an
ensemble with a soft-weighted gene selection-based model
for the classification of cancer using an improved version
of the Water Cycle Algorithm. This model lacked gener-
alizability and accuracy. Also, Rezaee et al. [59] have
suggested a model for identifying multi-mass breast cancer
following hybrid descriptors and memetic meta-heuristic
learning. Drawbacks were large data processing time and
lower precision.

To the best of our knowledge, the SSD optimization
algorithm has not been used yet in the domain of breast
cancer detection. In this work, we explore this novel
optimization algorithm for FS and achieve promising
results. However, research works with SSD in the medical
domain can be found in [60-62].

3 Preliminaries and essential definitions

In this section, we mention some prerequisites which are
needed to describe and understand our proposed model. We
briefly discuss the VGG16 model, used for feature
extraction from the input images, and SSD and ABHC
algorithms that are collectively used to eliminate the
irrelevant features obtained in the previous stage.
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Fig. 2 Detailed architecture of the VGG16 model including fully connected layer and 1000-dimensional output layer for the ImageNet database

3.1 VGG16

VGG16 network is proposed by K. Simonyan and A. Zis-
serman [63]. It is a very basic CNN model having 13
convolutional layers of 3 x 3 filters with a stride 1, 5 max-
pooling layers of 2 x 2 filters with stride 2, and 2 fully
connected layers (FC) followed by a softmax for the output
layer (Fig. 2). The model obtained a test accuracy of 92.7%
(top-5) on the popular large-scale ImageNet dataset [63].
This network has approximately 138 million parameters
and 16 in VGGI16 refer to that it has 16 weighted layers.

3.2 Social ski-driver optimization algorithm

SSD is a recent optimization technique suggested by
Tharwat et al. [25]. It is based on the approach taken by ski
drivers when they go downhill. Various modules of SSD
are discussed as follows:

3.2.1 Location of the agents

The location of the agents (LF") is exploited to compute the
fitness function at the particular position of a multi-di-
mensional search space.

3.2.2 Best personal location

At each iteration, the fitness measure (described in
Sect. 4.3) for every agent gets matched with the personal
best fitness measure (previously obtained) and that best
location is saved as the personal best location (PBy) for that
agent.

3.2.3 Best mean global location

The agents proceed toward the best global location
according to the algorithm. The best global location is
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computed as the average of the locations of the top 3

solutions as calculated in Eq. 1 and denoted as MGB:
L+ L, +L,

MGB = =——2—— (1)

where L, , L, and L, are the locations of top 3 solutions

respectively.

3.2.4 Velocity and location updating

The location and velocity of the agents are modified
according to Egs. (2) and (3), respectively:

Lt =vi+1l (2)
h x sin(rand(0,1)) (PBY — LT)
YT + sin(rand (0, 1))(MGBT Ll) if rand(0,1)<0.5
h x cos(rand(0,1)) (PB] — L)
+ cos(rand(0, 1))(MGBk L) else

(3)

In Eqgs. (2) and (3),V{,MGB!, LT represent the velocity,
mean global best position, and current position of the
particle at kth dimension and T'th iteration, respectively.
PB;, represent the personal best position of the particle at
kth dimension. Sin(x)andCos(x) are traditional sine and
cosine functions. rand(0,1) function chooses any real
number between 0 and 1. 4 is a variable that is exploited to
maintain the parity to achieve a balance among both two
crucial elements of exploitation and exploration, and it is
computed according to Eq. 4:

W =r x n’ (4)

In Eq. (4), T denotes the present iteration and r is
exploited to decrease the value of h. In Eq. (3), deriving
VIt the sine and cosine functions guarantees that the
directions of movement of the agents are not very straight-

forward. This is because those functions allow the algorithm
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to explore and it helps to diversify the searching domain but
in a controlled way. Another advantage of the SSD algorithm
is that it is comparatively more social than other meta-
heuristics. The agents in SSD try to get to the mean of the best
three options. As a result, if the global best solution is found
to be in local minima, the SSD can use the other two best
solutions for escaping [25]. SSD is quicker at discovering
optimal solutions than the PSO algorithm.

3.3 Local search (ABHC)

Local search is used as a heuristic method for solving com-
putationally expensive optimization problems. Local search is
applicable for the problems that can be framed as searching
for a solution maximizing or minimizing a criterion among a
huge domain. Local search explores from solution to solution
in the search space by doing some local changes, until a
chosen solution seems to be optimal or the number of itera-
tions (MT) is finished. ABHC [64] is one of the popular local
search methods we have used in this work. Hill climbing
sometimes faces problems in local optima. To get rid of this
problem, ABHC [64] is proposed. This algorithm inputs an
agent L location and outputs a modified location of the agent
in the search space. This algorithm depends on two opera-
tors—one is the Neighborhood operator (V) and another one
is the Beta operator. Here, N operator randomly chooses a

neighbor L (L’1 , L’z, L/3. . L}c) from a solution
L(Ly,L,,Ls....L) as follows:
L}:Lj:trand (0,1) x N wherej=1,2,.. .k (5)

In Eq. 5, N is the greatest probable distance between the
present solution and the neighbors, rand(0, 1) is a function

The function of ABHC (Agent L(Lﬁ")):

1. Initialize the value of ¢, Ma, and Mi.

to generate random numbers between O and 1. Beta oper-
ator gets motivated by the mutation operator used in GA.
We assign values to new solutions either arbitrarily from
the comparable domain with a probability Beta =
rand(0, 1) or the present solution as follows:

[ - {Lj if Beta > rand (0, 1)
7 ) L,
j

otherwise (6)

In Eq. (6), L}’,Lj and L} denote the jth dimension of the
updated location of the solution, previous solution, and
neighborhood of the previous solution, respectively.

Now, the outcome of this version of hill climbing is
mostly dependable on the values of Beta and N. Deter-
mining the values of these two parameters needs compre-
hensive experiments. To bypass this shortcoming, ABHC
came into existence. In ABHC, Beta and N are the func-
tions of the number of iterations.

N(z) is the functional measure of N in the z" iteration.
N(z) can be determined according to Eq. (7).

1

rs

N(z)=1- ;
@) MT:

where ¢ = constant (7)

Here MT denotes the maximum number of iterations
and z is the current iteration number.

The value of Beta in zth iteration is denoted as Beta(z)
as follows:

(Ma — Mi) % z

Beta(z) = T

+ Mi (8)

In Eq. (8), Ma, Mi, and z are the maximum and mini-
mum values of Beta and the current number of iterations,
respectively. Now, if the newly generated neighbor L” is
better than L, then L is replaced with L”.

2. Estimate the original fitness value of the agent L using the Fitness Function.
3. Setz=1

4. While (MT > z) do

5. Calculate the value of N(z) using Equation 7

6.  Compute L]'- using Equation 5

7. Calculate the value of Beta (z) using Equation 8

8. fori=I1toNdo

9. Check if(rand(0,1)< Beta (z)) then

10. SetL; = Ly;

11. End if

12.  End for

13.  Check if(Fitness Function(L")> Fitness Function(L)) then

14.  SetL=L"

15. Compute the original fitness value of the agent L" using the Fitness Function
16. Endif

17. Increment the value of z by 1
18. End while
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4 Proposed model

As previously stated, we create a two-stage breast cancer
classification model in this study. To extract features from
the mammograms, we first utilize an attention-aided DL
model. Then, to minimize the feature dimension and
improve classification ability, we use a local search inte-
grated FS technique. We detail the complete process of our
work in this part.

4.1 Feature extraction from the attention-aided
DL model

For feature extraction from mammography inputs, we
employ a deep attention model. We start with the VGG16
model, which has been pre-trained on the popular Ima-
geNet dataset, and add an attention mechanism. We
investigate the VGG16 model minus the top layer, which
has fully linked layers and freezes the weights of all levels
to prevent the layers from learning new information during
the model’s training. The Global Average Pooling (GAP)
layer takes the role of the fully linked layer.

GAP [65], a pooling operation, is usually applied in
place of fully connected layers in classical CNNs. Similar
to simple pooling (max-pooling or average pooling) layers,
it reduces the spatial dimension of a given tensor. For
instance, a three-dimensional tensor having dimensions
h x w x d gets converted to the dimension of 1 x 1 x d.
GAP produces a single value for each feature map of
dimension & X d by taking the average of all hAw values. In
this work, in the final convolutional layer of the base
VGG16 model instead of adding fully connected layers, the
generated vector is supplied to the final layer after we take
the average of the feature maps. The GAP layer summa-
rizes the spatial records through imposing correspondences
among feature maps and categories, consequently making
it robust in terms of spatial translation of the input data.
However, only GAP is too simplistic as some regions may
be more significant than others, thus needing attention.
Here, we introduce an attention method to turn on some
pixels in the GAP layer. We add one locally connected
convolutional layer of kernel size 1 x 1 and fan it out to all
the layers of the model. Next, we add a lambda layer [66]
to account for missing values from the attention model that
rescale the results based on the number of pixels. Lastly,
we fine-tune the model by adding dropouts to prevent over-
fitting the model during training [67]. Thus, we propose a
weighted GAP to the existing CNN architecture as depicted
in Fig. 3.
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weighted average GAP layer (all the layers along with input and
output shapes). Area of the attention and the fine-tuning of the model
are highlighted by red and blue colored dashed boxes, respectively

4.2 FS and classification using local search
embedded SSD algorithm

An FS problem seeks to find the best subset of features
from the main set to augment the accuracy of a learning
model. It can also be considered as a dimension reduction
algorithm that removes redundant and/or highly correlated
features. Due to the binary nature of this problem, most
meta-heuristics are not able to solve them. This is due to
the assumption of continuous variables in the vanilla ver-
sion of such algorithms. There are different methods in the
literature to convert them to binary algorithms. One of the
most computationally cheap ways is to use a transfer
function. In Particle Swarm Optimization (PSO) algorithm
where a velocity vector is used to update solutions, this
transfer function relates velocity to the probability of
changing the position in a binary space. The transfer
function [29] used in the current work is shown in Eq. (9).
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Fig. 4 Graphical representation
of the V-shaped transfer
function
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Exploiting the V-shaped transformation function the
location of an agent is modified as per the below Eq. (10).
Lpen _ [ cLBY) if V(LB]’fﬂ) > rand(0,1)

J LB]/_(Jrl

V(x) =

(10)
otherwise

In Eq. (10), LB}™" denotes the agent’s modified loca-
tion, LB;‘ signifies the location of the agent at that particular

time(here k denotes iteration number and j denotes number
of dimention) and rand(0, 1) is a function that generates

-1.5

random numbers between O and 1. The function c(x)
denotes the complement function for all binary x i.e.,
¢(x) =1 — x. Figure 4 shows the graph of the V-shaped
transfer function. After altering an agent’s location in each
iteration, ABHC is used to optimize the position of the
agents to get a higher fitness value. The SSD algorithm’s
exploitation potential is improved by using an ABHC-
based local search technique.

Pseudo-code of the local search embedded SSD algorithm
1. Initialize the value of Population-size and the Max-iteration.
2. Randomly initialize the value of velocity, position, pbest, and gbest.

3. forz = 1 to Max-iteration do

4 for p = 1 to Population-size do

5 Set agent = L

6. Using the Fitness Function, determine the agent L's original fitness value.
7 Change the value of gbest by picking one of the top 3 sites at random.

8. Update the value of pbest.

9. Set the value of 11 = rand(0,1), ¥2 = rand(0,1) and L}** = VT + L
10. Check if (r1 < 0.5) then

11. Set VI*t = hxsin(r2) (PBY — L) + sin(r2) (MGBL — LY)

12. else

13. Set VI*1 = h* cos(r2) (PBEY — L) + cos(r2) (MGBY — LL)

14. End if

x|

15. Calculate V(x) =

Vitx?
16. Update the position of LB]-k“using Equation 10.
17. Set the new location of LBj***= Local Search (LB}*")
18.  End for
19. Seth™!=1rxhT
20. End for
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4.3 Fitness function

The motive of this particular section is to describe how to
evaluate the quality of a candidate solution. A learning
algorithm needs to be exploited for assessing as SSD is a
wrapper-based algorithm. Hence, we have exploited the
KNN [68] classifier for the computation of classification
accuracy of a candidate solution, succeeding the works of
[69-71]. The fitness function mainly contains two com-
ponents: one is the number of features and another one is
classification accuracy. These components are contradic-
tory to each other. We have to increase classification
accuracy but at the same time, we need to decrease the
number of features selected. So we have determined to
exploit the classification error. As a lesser error value
would indicate a better fitness score, so would a lesser
number of features. In Eq. (11), the fitness function used to
assess a given feature set’s strength is defined.
15l

Fitness Function = wx « +(1 —w) X 1—

¥ (11)

In Eq. (11), |d| is the total count of features in the
dataset, |s| denotes the count of features in the chosen
feature set (i.e., a candidate solution),x is the error in
classification using the feature subset, and w € [0, 1] sig-
nifies the relative weight value given to the classification
error and the number of features.

5 Experimental results and discussion

In this section, we describe the dataset used in the current
study and report the results obtained by applying our pro-
posed method on the dataset. To justify the superiority of
the framework, comparisons to other published methods on
the same dataset have also been discussed.

5.1 Experimental setup

We perform all the experiments on a machine with 12 GB
NVIDIA Tesla T4 GPU and the programming language
used is Python 3.6. The deep learning model is

Fig. 5 Sample images of
Benign breast mass from the
DDSM dataset
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implemented with the Tensorflow environment using the
Keras library.

5.1.1 Dataset description

We assess our model on a publicly accessible breast cancer
mammography database [72] which is an open-source and
unbalanced binary mammography image dataset that con-
tains normal images i.e., negative samples from the DDSM
database [73], and malignant images i.e., positive samples
from the CBIS-DDSM database [74]. It has a total of
55,885 training samples out of which 86% are negative
samples and 14% are positive samples. The dimension of
each sample is 299 x 299. In this work, we consider only
the training samples of mammogram masses which are
categorized as benign and malignant masses. Sample
images of benign and malignant masses of the DDSM
dataset are shown in Figs. 5 and 6, respectively.

5.1.2 Performance evaluation metrics

We assess our model with the following evaluation
metrics:

The ratio of accurately predicted labels to the overall
size of the dataset is referred to as accuracy. [75]. Accuracy
is calculated as follows:

TP 4 TN
(TP + TN + FP + FN)

Accuracy = (12)

The percentage of samples identified as positive that are
actually positive is known as Precision. It is the ratio of
successfully predicted positive class labels to the total
number of positive class samples predicted [75]. It is cal-
culated as follows:

TP

(TP + FP) (13)

Precision =

Recall is calculated by dividing the number of true
positive samples by the total number of positive samples in
that class. [75].
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Fig. 6 Sample images of
Malignant breast mass from the
DDSM dataset

Validation accuacy on different splits of dataset
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Fig. 7 The attention-aided VGG16 model’s validation accuracy for
varied splits of training and validation data. On the DDSM database,
the model gets the best classification accuracy for 80% training and
10% validation data

TP
Recall = TP+ FN) (14)
where True Positive (TP) indicates the positive class
samples that the classifier correctly labels, True Negative
(TN) indicates the negative class samples that the classifier
correctly labels, False Positive (FP) indicates the negative
class samples that were incorrectly identified as positive
class samples, and positive class samples that have been
mislabeled as negative class samples are known as False
Negatives (FN).

5.1.3 Parameter tuning for transfer learning

The experiments are carried out and assessed on the
aforementioned database, which contains 80% training
data, 10% testing data, and 10% validation data. We started
by experimenting with alternative training and validation
data splits. Figure 7 shows the experimental results from
the DDSM database. For the above-mentioned splitting, we

Table 1 Parameter details used

in this work for the training of Parameter Value
the DL based transfer learning Batch size 64
models o
Optimizer Adam
Initial learning rate 0.001
Loss function BCE

find that the model has the maximum classification accu-
racy. In practice, we experiment with various typical
parameters for learning rate and batch size to find the best
possible combination. We take into account the initial
learning rate €{1e-2, le-3, le-4, le-5, le-6} and batch size
€{8, 16, 32, 64} and come up with a decent combination of
le-2 and 64 as the initial learning rate and batch size. In
addition, for training purposes, we employ the popularly
used Adam optimizer. We employ a step learning rate
scheduler for smooth learning, where the learning rate is
lowered by a factor of two after the third epoch. The
dropout values for the two dropout layers are 0.5 and 0.25,
respectively. Table 1 shows the exact parameter values for
training the model necessary to perform our strategy.

5.1.4 Parameter tuning for SSD-based FS

In this subsection, we discuss the range of values of various
parameters and the fitness function used in the SSD algo-
rithm. We want to reduce our fitness function specified in
Eq. (11), i.e., the number of features as well as the clas-
sification error, as a critical element of this task. If we
increase the value of w in the fitness function then we give
more importance to deducting the number of features,
whereas if we assign a minimum value to w then more
emphasis is given to reduce the classification error. A series
of experiments with different values of w leads to the
optimal value of w being 0.2. As a result, the algorithm
under consideration prioritizes minimizing the classifica-
tion error, i.e., increasing the classification accuracy. We
have tested our strategy using a variety of & and r values in

Table 2 Performance of different pre-trained transfer learning (TL)
models on the DDSM database

Pre-trained TL model Accuracy (%)

VGG19 87.45
ResNet50 87.23
EfficientNet 87.22
VGG16 87.30
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the search space throughout the experimentation. Our
investigations also show that as the value of 4 is raised, the
accuracy of the classification gets improved. When the
value of r is lowered, the classification performance
improves but eventually declines after reaching a peak.
When the value of r is too low, this results in overfitting.
When the values of 4 and r are fixed at 100 and 0.9,
respectively, the maximum classification accuracy is
reached.

5.2 Performance of attention-aided deep feature
extraction model

As mentioned earlier, in this work, at first we consider a
deep attention model for the extraction of deep features
from the mammogram inputs. We use the VGG16 model as
our base model and incorporate an attention method to this.
We experiment with some popular pre-trained end-to-end
models for deep feature extraction and report the result in
Table 2. Furthermore, we incorporate the attention mech-
anism with each of these models. Noteworthy improvement
in classification accuracy is achieved due to the effect of
weighted average pooling attention. As in the last layer of
the CNN.

model as an alternative to the fully connected layer, we
consider using the GAP layer and it gives a single feature
map for the corresponding category. This layer uses spatial
information by enforcing correspondences between feature
maps and categories. The results obtained on the test
dataset are tabulated in Table 3. The Mean and the standard
deviation (SD) value are shown over five simulations of the
obtained results. From Table 3, it can be observed that the
VGG16 model with attention classifies the mammograms
more appropriately. Hence, we decide to proceed with the
attention-based VGG16 model.

During the training of the attention-aided VGG16
model, training and validation accuracies for every epoch
of the first simulation are recorded and shown in Fig. 8. It
can be seen from Fig. 8 that initially the model does not
suffer from any major over-fitting and later on the valida-
tion accuracy does not improve much and the accuracy
oscillates between the values 91 to 92, whereas Fig. 9

displays smooth learning of the model during training. It
must be noted that all the values in Fig. 9 are evaluated
using the widely adopted binary cross-entropy (BCE) loss
function. Deep features extracted from the VGG16 model
are fed to different local-search embedded FS algorithms
and the results are discussed in the subsequent sections.

5.3 Performance of the local search embedded
SSD algorithm

We apply a local search-based FS algorithm to gain the
maximum possible accuracy as well as to reduce the
number of features used for the classification purpose. As
finding the best feature subset is a difficult task, especially
in a wrapper-based FS model, we combine a local search
method with an FS model. The results obtained from the
proposed method are shown in Table 4. Table 4 shows that
high accuracy of 96.07%, the precision of 96.30%, sensi-
tivity (recall) of 99.28% and feature dimension reduction of
75% have been achieved.

For experimentation, we use two well-known local
search methods, namely LAHC [76] and ABHC [64] to
optimize the feature set. The experimental result on the
DDSM database with the said local search-embedded SSD
FS method is shown in Table 5. From Table 5, it is clear
that the ABHC embedded SSD technique outperforms the
LAHC embedded method in terms of classification accu-
racy as well as obtaining a smaller optimal feature set.

5.4 Comparison with various meta-heuristic
based FS methods

We perform experiments using various other meta-heuris-
tic based FS methods namely: Gravitational Search Algo-
rithm (GSA) [77], WOA [78], Gray-wolf Optimization
(GWO) [79], GA [80], PSO [81], Sine Cosine Algorithm
(SCA) [82], Harmony Search (HS) algorithm [83] and
Equilibrium Optimizer (EO) [84] for comparison of the
proposed method. Meta-heuristic-based FS algorithms need
to perform many mathematical operations to identify the
best feature subset. For this, the algorithms in the literature
use many sets of equations that are aided by different

Table 3 Performance of the
attention-aided different deep

Attention-aided TL model’s accuracy (%)

feature extraction models on the Simulation VGG16 VGG19 ResNet50 EfficientNet
DDSM database

1 92.42 91.89 89.96 89.89

2 91.86 91.94 91.14 91.17

3 92.12 91.77 91.32 90.78

4 91.41 90.34 91.23 89.89

5 91.51 90.78 91.86 90.34

Mean £ SD 91.86 £+ 0.42 91.34 £ 0.73 91.10 + 0.69 90.41 £ 0.56
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Fig. 8 Training and validation
accuracies (%) over the number
of epochs of the attention-aided
VGG16 model on the DDSM
database

Fig. 9 Training and validation
loss values (%) over the number
of epochs of the attention-aided
VGG16 model on the DDSM
database
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Table 4 Performance of the

proposed method on the test set Simulation Accuracy (%) Precision (%) Recall (%) #FS
of DDSM database over five 1 96.43 96.97 98.97 32
simulations
2 95.98 95.57 100.0 30
3 96.43 96.97 98.97 35
4 95.54 95.54 99.48 34
5 95.98 96.48 98.97 31
Mean + SD 96.07 £ 0.37 96.30 £ 0.71 99.28 £+ 0.21 32+2

Table 5 Performance of the ABHC and LAHC local search embedded SSD algorithm on extracted deep features from the VGG16 model.

Classification accuracy is in %

Simulation Local search embedded SSD
SSD + LAHC SSD + ABHC
Classification accuracy No. of selected features Classification accuracy No. of selected features
1 94.19 52 96.43 32
2 94.64 59 95.98 30
3 94.28 53 96.43 35
4 93.98 56 95.54 34
5 93.86 47 95.98 31
Mean + SD 94.19 £ 0.30 53+£5 96.07 £+ 0.37 32+2
;;;Iei;ar?nllfefteg:sn;rfztihgr FS algorithm Parameter(s) Value(s)
Valugs .for various meta—. Generic parameters Population size 20
heuristic based FS algorithms . .
considered for the Number of iterations 100
experimentation purposes Weight for accuracy (o o =0.98
GSA Initial gravitational constant (Gjp;,) Ginit = 6
Constant (&) 0.00001
WOA Encircling parameter (a) a lies in [0 2]
Shape of spiral (b) b=1
GWO Convergence operator (a) a lies in [0 2]
GA Gene selection Roulette wheel
Crossover probability 0.4
Mutation probability 0.3
PSO Inertia weight (Iy) Tw lies in [0 1]
Coefficients (ry, 1) r; and 1, lies in [0 1]
SCA Constant (a) a=3
Movement direction (r;) rq lies in [0 3]
HS Harmony memory HMCR = 0.90
Considering rate (HMCR)
EO Pool size 4
Constants (a;, a,) a;=2and a, = 1
Generation rate (GP) GP=0.5

the parameters and their values. The simulation results of
local search-based different meta-heuristics FS algorithms
are shown in Table 7.

parameters. These parameters are crucial for controlling
the optimization process and they have their own signifi-
cance. The standard values of these parameters of various
algorithms are used in this study. Table 6 contains a list of
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Table 7 Results from five simulations, including average and standard deviation (SD), after deep features from the VGG16 model are extracted
and fed to several FS algorithms with embedded local search

FS method LAHC embedded FS method ABHC embedded FS method
Classification accuracy (%) No. of features selected Classification accuracy (%) No. of features selected
GSA 93.30 65 95.08 70
94.28 54 94.19 63
94.19 51 94.28 56
93.30 67 92.41 57
93.33 65 93.30 64
Mean + SD 93.68 £ 0.51 54 +7 93.85 £ 0.92 62+ 6
WOA 94.64 48 94.64 55
93.33 58 93.75 58
93.75 59 93.33 61
94.19 68 94.64 69
94.19 48 94.64 60
Mean + SD 94.02 + 0.50 56 £ 8 94.19 £+ 0.55 61 £5
GWO 94.64 76 94.64 69
93.33 65 93.30 78
93.75 81 93.33 63
94.64 74 93.75 79
93.33 65 94.64 75
Mean + SD 93.94 + 0.67 72 +£7 93.93 £+ 0.59 73 +£7
GA 94.64 70 94.64 67
93.30 59 93.75 62
93.30 57 93.75 55
93.33 56 93.33 59
94.64 70 93.30 59
Mean + SD 93.84 + 0.73 62 £ 7 93.75 £ 0.48 60 £+ 4
PSO 93.30 41 94.64 55
93.33 42 94.19 52
94.19 50 93.30 51
92.86 46 93.33 48
93.33 52 94.64 57
Mean + SD 93.40 + 0.48 46 £ 5 94.02 + 0.59 53+4
SCA 93.30 59 94.19 70
93.33 71 93.75 67
94.19 73 93.75 64
93.33 65 93.33 63
93.41 57 94.19 70
Mean + SD 93.51 £ 0.38 65+ 7 93.84 £+ 0.32 67 +3
HS 93.30 63 92.41 60
94.28 63 91.16 73
95.08 56 93.33 53
93.33 55 91.52 62
92.42 65 91.96 68
Mean + SD 93.68 + 1.02 60 + 5 92.07 £ 0.75 63 + 8
EO 93.75 53 94.64 55
94.28 56 94.64 69
94.64 56 93.30 55
94.64 50 94.28 63
93.41 55 93.33 55
Mean + SD 94.14 £ 0.55 54 +3 94.04 £ 0.60 59+6
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Fig. 10 Results of different FS algorithms embedded with LAHC local search
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Fig. 11 Results of different FS algorithms embedded with ABHC local search (a) Classification accuracy (b) No. of selected features

From Tables 5 and 7, we can say that ABHC local
search-embedded SSD algorithm outperforms others in
terms of classification accuracy. Besides, it provides a
subset of 32 features which is just 25% features of the
given input features obtained from the VGG16 model. The
comparative analysis with different combinations of vari-
ous meta-heuristics and local search is shown in Figs. 10—
11. The sine and cosine functions complicate the move-
ment direction of the agents, which is the most essential
feature of this SSD-based FS technique. This allows the
algorithm to diversify, and the parameter 4 in Eq. (3)
ensures that the algorithm remains stable between explo-
ration and exploitation, allowing it to converge to better
solutions. Furthermore, ABHC aids the algorithm to
improve the solutions, thereby overcoming the local
optima, thus leading to a better outcome.

Besides, ABHC based SSD method achieves not only
better classification accuracy but also yields high precision
and recall values which is crucial for medical image
analysis. However, LAHC and ABHC, both the local
search methods are based on the hill-climbing optimization
technique. The methods differ in the way of finding the
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better agent having better fitness value toward the final
reduced solution.

Figure 12 depicts the suggested method’s Receiver
Operating Characteristic (ROC) curve, which has an AUC
value of 0.881. The ROC curves depict the trade-off
between a classifier’s true positive rate (TPR) and false
positive rate (FPR). Classifiers with curves that are closer
to the top-left corner perform better. If the curve approa-
ches the ROC space’s 45-degree diagonal, the classification
result becomes less accurate.

Besides, from Fig. 11, it can be said that our proposed
model yields a promising result not only in terms of the
classification accuracy but also the same is achieved with a
very less number of features that we get from the ABHC
embedded SSD FS algorithm as compared to other FS
algorithms.

Here the FS algorithm produces the optimal subset of
features by discarding redundant or less informative fea-
tures from the deep features obtained from the CNN model
and local search increases the exploitation capability of the
FS algorithm by finding the location of an agent in the
search space having better fitness value.
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Fig. 12 The ROC curve with the AUC value of the DDSM database
using our proposed method

Table 8 Comparative results for different combinations of the pro-
posed model in terms of classification accuracy (%) on the test set of
the DDSM database

Method Classification accuracy (%)
End-to-end VGG16 91.41
VGG16 + KNN 90.70
VGG16 + SSD 4 KNN 92.86

VGG16 + ABHC aided SSD 4+ KNN  95.98

Furthermore, we experiment with different modules of
our proposed method to observe the effectiveness of each
module and noted the experimental results in Table 8.
From the table, it can be observed that an attention-aided
VGG16 model yields a classification accuracy of 91.41%
on the test set, whereas if we use the KNN classifier to it,
the classifier produces a classification accuracy of 90.70%
which is low compared to end-to-end VGG16 model. Also,
if we apply FS using the SSD algorithm, improved clas-
sification accuracy is observed. Further, if the ABHC local
search is incorporated with the SSD-based FS method, we
achieve improved classification accuracy. Therefore, from
these experimental results, it can be ensured the effec-
tiveness of the individual modules (i.e., deep feature
extraction with VGG16, FS with ABHC aided SSD
method) of our proposed method. The gain in performance
has to be attributed to both the DL and FS approaches.

5.5 Computational complexity analysis
of the proposed method

The asymptotic analysis is performed on the proposed
ABHC embedded SSD method. The space complexity of
the proposed method is Big — O(PS * Dim), where PS is

the population size and Dim is the feature dimension. The
time complexity of the ABHC-embedded SSD method
shows that the worst-case time cost in asymptotic notation
is

Big — O(Max iteration x PS x (Tj + Tyun + Dim)).

where the Maxiteration is the maximum number of itera-
tions for the local search-based FS method, T is the time
to calculate fitness function and Ty,, is the time to run
KNN algorithm.

5.6 Statistical analysis of the proposed method

We perform a statistical significance test to assess the
proposed algorithm’s robustness in comparison to other
meta-heuristic algorithms embedded with the ABHC-based
local search. The following statement is taken into account
as a null hypothesis while we do this test: “The proposed
ABHC local search aided SSD method gives similar out-
comes when compared to other meta-heuristic techniques
embedded with the ABHC based local search.” We use the
Mann-Whitney U test [91], a widely used nonparametric
statistical technique, to reject this null hypothesis. This test
is predicated on the notion that two distributions, X and Y,
are ranked in ascending order according to their respective
values. The majority of the samples in X must be above or
below the majority of the samples in Y for a condition to
hold [91]. We take into account the classification accuracy
of different FS techniques for each of the five simulations
to construct the statistical evidence. The results obtained
from performing the test are shown in Table 9. If the cal-
culated p-value is higher than 0.05 (5%), we conclude that
the null hypothesis has sufficient statistical support to be
accepted. If not, we reject this hypothesis. It can be seen
from Table 9 that for every case p-value is less than 0.05
which means that the ABHC local search aided SSD

Table 9 Results obtained on statistically analyzing the ABHC aided
SSD algorithm with other FS algorithms embedded with the ABHC
based local search using Mann—Whitney U test

ABHC embedded FS method p-value
ABHC + GSA 0.01167
ABHC + WOA 0.01066
ABHC + GWO 0.01141
ABHC + GA 0.01192
ABHC + PSO 0.01141
ABHC + SCA 0.01115
ABHC + HS 0.01218
ABHC + EO 0.01208
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method is statistically different from the other methods
considered here.

5.7 Comparison with state-of-the-art approaches

Finally, we compare the performance of the proposed
method with some recently developed classification meth-
ods and tabulate the same in Table 10. The performance of
our method is superior to that of four DL-based methods
used in [4, 41, 85], and [86]. Moreover, the performances
of the method described in [87, 88], based on feature fusion
to classify benign and malignant masses, are slightly lower
than that of our method. Hence, from Table 10, it is clear
that the proposed model outperforms these previous works
with a good margin and the experimental results establish
the superiority and robustness of our proposed method.

5.8 Advantages and limitations of the proposed
method

Although our proposed method poses good results for
cancer detection in mamograms, there are some pros and
cons to this work. In this section, we discuss the advan-
tages and limitations of our proposed method. The core
advantages of this current research work are as follows:

1. We create a model for breast cancer classification from
mammograms that combines the principles of deep
learning and optimization algorithms.

2. We introduce an attention mechanism on a deep CNN-
based transfer learning model, called VGG-16, and
fine-tune it for the extraction of deep features from the
input images.

3. We embed a local search, namely ABHC with SSD
based FS algorithm to produce an optimal feature
subset from the features produced by the said CNN
model.

4. We achieve state-of-the-art classification accuracy,
high precision and recall values with just 25% of
features of the original feature set obtained by the CNN
model when evaluated on the DDSM database.

The limitations of this research work are described as
follows:

1. The initialization in the optimization algorithm is
random. So it may sacrifice some results in terms of
accuracy and convergence time. Instead of random
initialization, techniques like a chaotic map can be
explored for better results.

2. Time complexity is a factor on which we need to put
more emphasis in the future.

3. Another issue is it may result in early convergence for
some inputs.

6 Conclusions and future works

Breast cancer is a significant problem that affects women
all over the world, therefore it is critical to recognize any
early signs of the disease and treat it with the help of
medical specialists. We present a model for breast cancer
categorization based on mammography masses in this
paper. First, we extract features from the VGG16 model
with care. We use the GAP layer instead of the fully
connected layer to implement an attention mechanism over
the original VGG16 model. Because it enforces the rela-
tionship between a feature map and the category, it is more
organic to the convolution construction. We then fed the
retrieved features into a local search embedded FS model,
and it was discovered that the ABHC embedded SSD
technique outperforms the local search embedded FS
model with a smaller number of features. The FS algorithm
minimizes the quantity of features, but local search
improves the FS method’s exploitation potential and yields
the best subset of features. With just 25% of features
extracted by the DL model, our proposed model achieves
state-of-the-art classification accuracy, precision, and recall
on the DDSM dataset. Other medical image datasets of
other modalities can be examined in the future to verify the
resilience of the proposed model, as the notion of the
present study is dataset independent. Also, the present work
deals with a classification problem, whereas the segmen-
tation of breast lesions is another challenging area in the

Table 10 Performance

comparison of the proposed Model

Dataset

Accuracy (%) Precision (%) Recall (%)

model with state-of-the-art

Levy et al. [4]
models on the DDSM database

Falconi et al. [41]
Xiao et al. [85]
Arias et al. [86]
Zhang et al. [87]
Li et al. [88]
Proposed

DDSM

929 92.4 93.4
84.4 - -

- 82.2 94.9
92 - -
94.30 - 89.97
94.7 - 94.1
96.07 96.30 99.28

@ Springer
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medical image analysis that can be explored in future
research attempts. Furthermore, the SSD algorithm’s fit-
ness function and position updating approach are essential
variables for feature reduction that may be enhanced fur-
ther. Also, parallel methods can be used to speed up
computations on higher-dimensional datasets.
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