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Abstract: The most common form of cancer, which is found in females in society, is breast cancer. The diagnosis of the disease is
very complex and hence often results in the mortality of the patient. Healthcare practitioners generally use different types of medical
imaging-based reports for the precise and timely detection of the disease. In this work, a custom ResNet50 model is trained using
the histopathological image samples of benign and malignant cases. A hybrid optimization approach has been used to improve the
model performance by resizing the image to 224 X 224 normalization and handling the class imbalance by augmenting the benign
samples. By limiting the augmentation to the training set, data leakage has been prevented. In this work, searching the hyperparameter
space and finding the optimal values of batch size, learning rate, and epsilon is treated as one of the most crucial parts for which
ant colony optimization (ACO) has been used. During model training, the amount of regularization is adjusted in such a way that
it minimizes overfitting and enhances generalization based on the gradient’s behavior, which has been introduced in an adaptive L2
ridge regularization scheme. Other than fine-tuning the model, ACO-based optimization and adaptive L2 regularization are performed
to enhance the generalization of the model on the histopathological data. The model has shown a promising performance of 98.86%

validation accuracy, which has proven the effectiveness of the customizations made to the model during implementation.
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1. Introduction

At present, breast cancer is appearing as one of the most
common and life-threatening diseases for females in society, with
an overall mortality rate of 10.6% [1]. Survival from this disease
is only possible if it is detected at an early stage. But once the
disease has gone to its advanced stage, then the treatment gener-
ally becomes more complicated, and chances of survival become
lower. The disease generally starts in the mammary glands and
later affects the milk-producing structures known as lobules or the
milk-carrying channels known as ducts. Mostly, the occurrence
of the disease starts with the irregular development of any muscle
that creates a tumor, which may be cancerous (malignant) or non-
cancerous (benign). A malignant tumor usually grows and affects
its neighboring organs rapidly. The common symptoms that are
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found at the initial stage of the disease are a breast lump, nip-
ple discharge, skin dimpling, change in breast shape, and chronic
pain. Frequent examinations and imaging diagnostics are essen-
tial for the reason being that many warning signals are not always
taken into consideration. Breast cancer still remains one of the
most common reasons causing cancer-related deaths in women
throughout the world. It accounts for approximately 15% of all
female cancer deaths.

Today, the traditional methods for detecting breast cancer
include various techniques such as mammography, ultrasound,
and MRI scanning. For early-stage screening procedures, mam-
mography is considered the most frequently utilized technique.
However, it might lead to false negative results as this technique
has low sensitivity in dense breasts. Whereas the secondary diag-
nostic techniques include ultrasound and MRI scanning, they are
highly dependent on the operator and cost, ultimately leading to
less availability in developing countries. So, in order to conclude,
the study and the interpretation of the tissue have been done under
a microscope using trained experts as part of the histopathological
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examination of the tissue samples. There has been a serious need
for more advanced and automated options that has arisen due
to a lot of inconsistency in interpretation, false positives, and
delayed diagnosis. Convolutional neural networks (CNNs) are
one of the deep learning techniques that have come into the pic-
ture for detecting breast cancer as more and more information
becomes available in the form of medical imaging. CNNs have
been found to automatically learn to extract prominent features
from histopathology images, which results in the reduction of
manual assessments and thereby enhancing diagnostic accuracy.
A special technique known as residual learning is being used by
a powerful CNN model called ResNet50, which trains very deep
neural networks effectively. To allow multiple layers and better
visual imagery features in the network and improve the accuracy
of classification, the issue of vanishing gradients is addressed.
As the performances are heavily dependent on learning rate,
batch size, and regularization strength, deep learning models are
extremely sensitive to hyperparameter choice. The selection of the
optimum value for the hyperparameters using manual observa-
tion makes the process tedious and computationally expensive. To
avoid this issue, a nature-inspired optimization algorithm known
as ant colony optimization (ACO) is used in this case.

The ACO algorithm works on the principle that is followed
by the ants during their food collection. The ants generally adopt
the optimum path selected through pheromone signals. In a simi-
lar fashion, the ACO algorithm explores all possible values in the
feature space to discover the best values of the hyperparameters
to be used in the proposed deep learning model. L2 regulariza-
tion is a method that helps to avoid the overfitting problem. In
this work, a customized L2 regularization strategy is developed
that varies the regularization strength as a function of gradient
fine-tuning, instead of a constant regularization strength. This
step helps the model to reach the point of convergence. Finally,
a transfer learning-based ResNet50 model is used along with the
inclusion of ACO-based optimization and customized L2 regu-
larization to improve the generalizability in terms of breast cancer
identification using histopathological data. Model training and
validation are performed using the BreakHis benchmark dataset.
The swarm-based hyperparameter optimization and adaptive reg-
ularization have helped the model deliver high classification
performance, as shown in the experimental results. The ability
of the system to detect breast cancer was improved at an effec-
tive and consistent level. Hence, the diagnosis process tends to
become more reliable and automated. Most research studies are
based on single training conditions with fixed regularization and
hyperparameters to be adjusted manually, despite the popular-
ity of ResNet50 in medical image analysis, and it is adaptable to
the dynamic training characteristics of histopathological images.
ResNet50 is also utilized in this work only as a backbone feature
extractor, and the main idea is an adaptive training framework,
which integrates ACO-based hyperparameter optimization with
gradient-aware 1.2 regularization to enhance generalization.

2. Literature Review

Alam et al. [2] proposed a deep learning framework based on
the Unet3+ architecture for the classification of breast cancer from
images taken using ultrasound, where the optimization of hyper-
parameters is done with the Adam optimizer and skip connections
with deep supervision. The procedure includes image processing
and pixel-wise segmentation, comparing Unet3+ against Fully
Convolutional Network (FCN), Unet, SegNet, DeepLabV3+, and
PSPNet. The structure performs better than the other structures
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with 90.99% total accuracy, 8§2.53% mean accuracy, 52.57% mean
Intersection over Union (IoU), and 89.14% weighted IoU. In
reference [3], a modified ResNet50 has been used with Gradient-
weighted Class Activation Mapping (Grad-CAM) for breast
cancer detection. Adam optimizer has been used for the same
by fine-tuning the last 10 layers for hyperparameter optimiza-
tion. The approach that has been used in this paper has included
preprocessing using enhanced spectral mammography images,
data augmentation, and Grad-CAM heatmaps. The model that
has been used in this research work has successfully outper-
formed VGG16, VGG19, MobileNetV2, EfficientNet B7, and
standard ResNet50 by achieving §9.20% Contrast-Enhanced Spec-
tral Mammography (CESM) and 98.30% on Mammographic
Image Analysis Society (MIAS). In the research work [4], an
optimized CNN-based model for breast cancer classification has
been used. ReduceLROnPlateau and Early Stopping for hyper-
parameter tuning have been the preferred methods utilized in the
work that has been presented. Preprocessing of both mammo-
grams and histopathology images, CNN-based feature extraction,
and dynamic learning rate optimization have been included in the
approach. The model that has been trained used cross-entropy loss
and was optimized with Adam and RMSprop, which achieved
95.2% accuracy, overcoming the conventional models. In refer-
ence [5], the application of multiple deep learning architectures has
been explored, which has included CNN, ResNet50, and Xception
models for breast cancer detection. For performance enhancement,
data augmentation, contrast correction, and batch normalization
have been used. Preprocessing of the mammography images, seg-
mentation, and feature extraction have been used in the approach.
Adam optimizer has been used, and it has achieved an accuracy
of 98.3% for CNN, 92.2% for ResNet50, and 90.2% for Xcep-
tion, and it has been found out to be effective. Sureshkumar
et al. [6] proposed a hybrid framework combining Convolu-
tional Neural Networks with Pruned Ensembled Extreme Learning
Machine (HCPELM) for breast cancer detection, in which they
achieved 86% accuracy. This approach included preprocessing
mammography images, segmentation, and feature extraction. Vari-
ous optimization techniques included data augmentation, dropout,
and batch normalization, which also enhanced model generaliza-
tion. Abunasser et al. [7] utilized a deep learning framework based
on a Breast Cancer Convolutional Neural Network (BCCNN) and
pre-trained models Xception, InceptionV3, VGG16, MobileNet,
and ResNet50 in classifying breast cancer. They followed methods
such as preprocessing the MRI images of breast cancer and data
augmentation using a Generative Adversarial Network (GAN)
fine-tuned with deep learning models. The Adam optimizer is
employed, with the use of data augmentation, and the hyperpa-
rameters were tuned. The proposed BCCNN model shows 98.28%
accuracy, which beats the other models. Hai et al. [8] presented
a transfer learning-based breast cancer histopathology classifica-
tion system, in which fine-tuning the pre-trained CNNs (VGGI16,
ResNet50, and InceptionV3) on the BreakHis dataset was done
under binary classification of benign and malignant tissue sam-
ples. The training model used feature extraction using frozen
base layers and then selective fine-tuning of the additional layers.
As compared to other models, ResNet50 performed the best at
95.4% accuracy. The measures of model performance that were
used with ResNet50 were accuracy, precision, recall, Fl-score,
and AUC-ROC. Standard preprocessing and data augmentation
methods have been used in the study. After that, the hyperpa-
rameters were manually optimized with the Adam optimizer. The
research work by Humayun et al. [9] has proposed a deep learning
framework based on InceptionResNetV2 as the starting model for
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predicting breast cancer risk. The methodology that has been
involved includes preprocessing images of breast histopathology,
transfer learning, and classification. The optimization strategies
that have been used are fine-tuning the final layers, data augmen-
tation, and dropout with the help of the Adam optimizer. Having
achieved 91% accuracy in this research work, it has been stated as
a better model than the conventional deep learning approaches. In
reference [10], the work has introduced an improved Transformer-
based detection system, which emphasizes efficient multi-scale
feature fusion. There has been an exchange between local and
global representations due to the optimization, which has been used
to enhance the efficiency and performance of the detection. The
suggested architecture, with the help of structural feature fusion,
has been able to solve the limitations of traditional transformer
detectors. This article has been able to highlight the importance
of building innovation in the development of object identification
technologies. The paper by Yang et al. [11] has introduced an all-
in-one modality fusion framework for hyperspectral and LiDAR
classification through a Vision Transformer. By making use of a
cross-modal attention mechanism, architecture that is proposed
is able to effectively integrate heterogeneous spectral-spatial fea-
tures, which in turn shows excellent performance on benchmark
datasets. In this research work, a modality fusion block is used.
Now, this fusion block includes both cross-attention and spectral
self-attention mechanisms. These mechanisms help to reduce the
dependency on alignment and retain the spatial information. The
outstanding classification results are better than those of traditional
deep learning methods, as shown in the framework. The introduc-
tion of an efficient monocular depth estimation system is done,
where a combination of panoptic segmentation and instance-based
depth prediction takes place in the paper by Raman et al. [12]. To
enhance the practicability, the model has been able to correctly and
effectively differentiate the relationships between occluders and
oculars that too without the sensors being used. The results have
been quite excellent with both benchmark datasets and custom
datasets and have been able to show a high degree of robustness with
occlusion-aware perception tasks being used. The vision-based
transformer models have the capability of continuously grow-
ing, which highlights many advancements leading to extract and
fuse precise spatial, spectral, and depth information from highly
complex environments.

In order to identify the key research gaps, a thorough inves-
tigation of the literature and methodologies has been done. The
detailed summary of the literature review has been provided in
the Table 1.

1) Many times, it has happened that there has been a require-
ment for models requiring hand-tuning of hyperparameters to
identify breast cancer, but that might result in inaccuracy and
poor scaling to various other data collections.

2) There have been many cases in which overfitting has been
found, along with compromised regularization effectiveness by
most commonly used algorithms like Adam that have failed to
decouple weight decay from gradient updates.

3) Multiple studies have been found to employ static L2 reg-
ularization that has been found to struggle to adapt to the
altering training behavior and fail to avoid overfitting in deep
networks.

4) Various earlier models fail to address the class imbalance prob-
lem, specifically in histopathology datasets where malignant
samples tend to dominate as compared to other samples.

5) For the complete model training and output receiving part, one
of the most important parts is the integration of metaheuris-
tic optimization techniques like ACO, which often have been

omitted for exploring intricate, high-dimensional hyperparam-
eter domains.

6) Even though adaptive regularization strategies that can adapt
to the gradient behavior during training have played a crucial
role in enhancing model capability, there have been only a few
studies that have been carried out in this domain and area to
generalize medical image analysis tasks.

7) While some of the models demonstrate strong classification
results, the practical insights into applicability in the clinical
environment still remain uncertain and fail to satisfy the needs
of medical exposure. Many of the problems have been found to
be insufficiently addressable like inference speed, medical imag-
ing system compatibility, and robustness across various imaging
environments.

8) Although ResNet50 has been widely adopted for breast can-
cer classification, the proposed work distinguishes itself by
optimizing model hyperparameters and adaptive L2 regu-
larization. ACO has been used to enhance both predictive
performance and generalization capability for the same.

Table 1
Summary of models, optimization methods, and performance in
literature review

Hyper
Model -parameter
Paper used Optimization tuning Accuracy
[2] UNet3+ Adam Skip connec-
tions, deep 90.99%
supervision
[3] Modified Adam Fine-tuning
ResNet50 last 10 89.20%
layers
[4] Optimized  Adam, ReduceLROn-  95.2%
CNN RMSprop Plateau,
Early
Stopping
[5] CNN, Adam Data aug- 98.3%
ResNet50 mentation,
batch norm
[6] Hybrid Adam Dropout, 86%
CNN batch nor-
malization
[7] BCCNN, Adam GAN aug-
Xcep- mentation, 98.28%
tion fine-tuning
[8] VGGle, Adam Fine-tuning 95.4%
ResNet50,
Incep-
tionV3
[9] Inception-  Adam Fine-tuning, 91%
-ResN- dropout
etV2

3. Research Methodology

3.1. Research design

In this study, a research framework has been developed
which is using a supervised deep learning model for binary clas-
sification of breast cancer based on histopathology images. Two
types of tissue samples, that is, benign and malignant, have been
used in this research work. Using the ACO algorithm, a 6-
framework global hyperparameter search has been driven with a
gradient-aware adaptive L2 regularization technique, which has
enhanced the model’s generalization. The framework has been
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strictly focused on standard performance measures like accuracy,
precision, recall, and area under the curve (AUC) so that it can
pass all the reliability clinical tests and can also be compared with
the current existing literature work.

3.2. Participants

The information used in this paper was based on the
BreakHis dataset derived from histopathological images of a clini-
cal study on 82 patients. These individuals were subject to surgical
open biopsies to provide their tissues to be examined. A total
of 7,909 images were produced from these patients and shared
among various magnified image levels to record various cell
structures.

3.2.1. Instruments

Integrated with a digital camera, the Olympus BX 50
microscope system is the main imaging technique used for the
acquisition of images in the BreakHis dataset. For high-resolution
histopathological images of breast tissue slide samples, this device
was used. Through surgical open biopsy, the acquisition of these
samples was done, which is also known as partial mastectomy or
excisional biopsy. To follow the standard data acquisition pro-
cess, certain specific technical details, methods, and features were
utilized:

1) Staining Technique (Hematoxylin and Eosin): In order to
increase contrast for enhancing the visibility of the structures, the
staining process was performed on the tissue samples.

2) Magnification Levels: To obtain the microscopic images,
four different optical magnifications were applied. The magnifi-
cations of those microscopic images were 40x, 100x, 200X, and
400x.

3) Image Resolution: Raw images were acquired from the
tissue samples, and they were in the form of 3-channel RGB true
color with an initial resolution of 700 X 460 pixels.

4) Digital Format: The data acquisition has been carried out
using a bit depth of 8 bits per pixel and PNG format in order to
get accurate results by following the digital format properly.

4. Proposed System

The proposed methodology is illustrated in Figure 1.

4.1. Dataset collection

The BreakHis dataset contained breast tissue’s high-
resolution cellular-level images, so for precise diagnoses of cancer,
it was critical to make use of cellular-level images. Usage of
the BreakHis dataset does not require specific licensing as it is
available publicly for academic purposes. 7,909 histopathological
images gathered from 82 patients are present within the dataset
and distributed through different magnifications such as 1,995
images at 40x, 2,081 images at 100x, 2,013 images at 200X, and
1,820 images at 400x.

The images in the dataset have a standard resolution of 700
X 460 pixels and are mainly classified into two categories, namely,
benign (2,480 images) and malignant (5,249 images), whose sam-
ples are shown in Figure 2. The overall number of samples present
in both categories shows a class imbalance.

For better classification of cancerous tissues, it was impor-
tant to have highly detailed inner and outer layers of tissues at
the cellular level, which was made possible with the adoption
of histopathological images because of their microscopic nature.
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Figure 1
Methodology flow diagram
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Traditional imaging methods such as X-ray and conventional
photography fail to detect early stages of malignancies due to their
nature of imaging at surface levels, as cancer usually develops
and spreads from within. Histopathological imaging allows deep
tissue analysis, hence playing a critical role in detecting cancers
in their developing stages and identifying their classes accurately,
making it a reliable choice for developing Al-based diagnostic
systems.

4.2. Data preprocessing

4.2.1. Data augmentation

Application of image augmentation as a preprocessing step
[2] was carried out to handle the class imbalance present in the
dataset and contribute to improved model performance [13]. With
the use of this technique, new samples were generated in order to
handle the class imbalance in the dataset. By this, the model would
be more robust toward identifying the features of both classes
and better generalize across different input combinations without
biasing toward the dominant class.

Methods involved the use of operations such as random rota-
tions, zooming, cropping, scaling, and horizontal and vertical
flipping, which are mainly used for geometric manipulation [4, 7];
alongside this, different positions of the tissue samples were syn-
thesized by applying a specific rotation of +40°. Furthermore, a
zoom factor of 0.2 and a shear range transformation of 0.2 were
utilized during preprocessing to emulate physical stretching of tis-
sue and different magnification levels. Moreover, to ensure the
focus remains on the histological features, the movement range
of the horizontal and vertical flipping was constrained to 20%
of the image dimensions. The transformations that are used were
a particular combination of specific parameters. This was used
for selection in order to produce the maximum variety of the
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Figure 2
Histopathological images of breast tissue: (a) malignant sample; (b) benign sample

samples while preserving the underlying biological morphology
of the benign and malignant samples. Through the transforma-
tions, the augmented images derived from the normal images are
shown in Figure 3. The model to extract features from images at
various positions, angles, and scales was enabled by the transfor-
mations that generated variations. Data augmentation techniques
resulting in 5,249 samples per class equalized the sample count
across both classes as a result. The distribution of the samples in
both categories before and after applying the data augmentation
approach is presented in Figure 4 accordingly. This modifica-
tion helped achieve structural consistency in the dataset, which
enhanced the training conditions and strengthened the model’s
recognition capability with regard to the initially underrepresented
benign class [2, 4].

Moreover, the use of a special operation known as fill mode
was employed during the augmentation process. The empty bor-
ders that are observed by the rotation of an image at specific
angles are filled using this, as depicted in Equation (1). The use
of neighboring pixels is made to interpolate and construct empty
regions in the fill mode technique to complete the image [4, 7],
providing visual continuity and monitoring formations so that no
unnatural patterns are formed that the system would have diffi-
culty interpreting. It should be noted that to avoid data leakage,
no augmentation was performed on the test set, allowing evalu-
ation metrics to reflect real-world scenario performance without
bias [2, 4, 7].

. 2 2
(Xnearest> Vnearest) = arg min \/(x’ -xX)"+0' -y 1
(x.p)el

where 7 represents the original image, (x, y) are the original pixel
coordinates, (x’, y") is the transformed pixel location, argmin finds
the (x, y) in 1 that is closest to (x’, ¥"), and (X pearest> Vnearest) 1S the
selected nearest pixel used to fill the new position.

It was noted that once these techniques were implemented,
a significant enhancement was made in the generalization capa-
bilities of the model. Deep architectures like ResNet50, which
are prone to overfitting to a biased medical dataset, were greatly
reduced. The process of backpropagation became fairer through
the trade-off between the benign class, which resulted in greater
recall of the undersampled class. Furthermore, the divergence
gap between training and validation accuracy was reduced out of
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the model’s necessity toward learning invariant structure rather
than memorizing particular orientations of pixels; as a result, a
balanced dataset was obtained by applying these techniques.

4.2.2. Normalization considerations

As a step in the preprocessing pipeline, all dimensions of
images from the BreakHis dataset were resized from their original
resolution of 700 x 460 pixels to 224 x 224 pixels to effectively
train the ResNet50 model, meeting its input requirements [3, 7].
This standardized size is commonly used across many CNNs and
provides consistency while reducing computational load, which is
beneficial given the dataset’s large size [7, 8].

Image resizing leads to loss of some fine-grained image details,
but the positive outcomes that come from using standardized input
sizes and increased computational efficiency overcome this lim-
itation. Also, pixel values were scaled down to the range [0, 1]
through division by 255 with the use of normalization; to avoid
data leakage, this step was only performed on the training set [2].

5. Model Training
5.1. ResNet50

In terms of deep learning applications related to complex
medical images, one of the most difficult challenges is the decline
in model accuracy associated with the increasing network depth
[8]. In order to overcome this problem, a CNN with a depth of
50 layers (ResNet50) was used based on the approach of residual
learning (Figure 5). Instead of the direct input-output mapping,
which is the output of the neural network, the network learns
the residual function, which represents the difference between the
input and output of the neural network. The output according to
Equation (2) [3] is shown below.

H(x) = F(x) + x (2)

Here, H(x) denotes the target function, x represents the
input, and F(x) represents the residual that is added to the input
to produce the final output. This was made possible through the
use of skip connections, which allowed the input to bypass some
layers and be added directly to the output (Figure 5).
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Figure 3
Visual comparison of normal and augmented tissue samples: (a) normal sample 1; (b) augmented sample 1; (c) normal sample 2;
(d) augmented sample 2

Figure 4
Class distribution analysis: (a) before augmentation; (b) after augmentation
(a) (b)
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Skip connections prevent vanishing gradients during training
to help maintain gradient flow. To enhance the overall learning
efficiency.

The ResNet50 architecture starts with a 7 X 7 convolutional
layer with 64 filters and a stride of 2. It then uses Batch normal-
ization layers to add stability to training and rectified linear unit
(ReLU) activation layers for nonlinearity (Figure 5). A 3 X 3 max
pooling layer follows to decrease spatial size while keeping essen-
tial features, which also has a stride of 2. The network then goes
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through four key stages after this initial stage: Residual blocks
[3, 8] are used to generate composite blocks. The design of
each residual block is a bottleneck design with a convolution
of 1 X 1. A 3 x 3 convolution is used to capture spatial fea-
tures, and a final 1 X 1 convolution is used to restore the original
dimensions. Between these layers, except after the last layer, batch
normalization and ReL.U are applied in each block.

Batch normalization throughout the network assists in
network stability, quick convergence, and better performance.
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Figure 5
Architecture of the proposed ResNet50 model
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Training efficiency is improved by using normalization of the
input values of the layer. This is for consistency of activation
during training improves the values and minimizes the internal
covariate shift [7]. Allows quicker convergence rates, and a larger
learning rate was used, thus making the network more powerful
and less dependent on the initial weights. In the identity blocks,
the input is fed directly into the output, and in the convolution
blocks, the input is convoluted. A 1 X 1 convolution is applied
to make the output dimensional. This model allows for successful
learning, spanning several scales and depths of features, including
detecting fine-grained and complex features, which is essential.
The histopathology images contain patterns that can be used to
detect them [5].

5.2. AdamW optimizer

In this study, AdamW is an optimization algorithm that was
derived from the Adam optimizer and was used here. To train the
deep neural network successfully and correctly on the BreakHis
dataset, there needs to be a better and more efficient technique
to do that. It should be noted that the Adam optimizer usually
performs poorly when it comes to weight decay regularization due
to its too-simple way to put on weight decay during the gradient
update, which can incite unwanted interference with the adaptive
learning mechanism and reduce the effectiveness of regularization
[4]. Models trained using Adam are able to converge fast, but
sometimes, they overfit the training data, which is very common
in medical image classification tasks [9].

Separating the weight decay from the gradient calculation
helps make the optimization approach better. Instead of mixing
decay into the gradient step, AdamW applies decay directly to
the parameters after the gradient step. The mathematical update
formula for AdamW is given in Equation (3), where the param-
eter value is updated at time step ¢ + 1. This small modification
ensures that regularization does what it is supposed to do: draw
the weights successively and separately from the learning dynamics
toward zero [14].

et+1=e,—n<\/_+ >+/w 3)

Here, € is a small constant providing numerical stability and
preventing division by zero when the denominator becomes very
small [4]. For the proposed model, tuning this € value was a crucial
step, especially due to the high-resolution nature of histopatholog-
ical images, where even minor numerical instabilities could impact
gradient updates [12]. To counter the risk of overfitting, AdamW

was employed. The aim of AdamW is to enhance the ability of
the model to generalize to unseen samples.

5.3. Adaptive L2 regularization

L2 regularization is an approach that mitigates the problem
of using excessively large weights in the model. However, it helps
to prevent the overly complex pattern from being learned when
training the model, since this is what it makes sure of in training.
This is because penalties are applied to large weight values in this
method [8]. It operates by adding a penalty term to the loss func-
tion, which is proportional to the sum of the squared weights as in
Equation (4) [7, 15]. This is critical in avoiding overfitting, which
is a major problem with deep learning models used in medical
image analysis so that the model can generalize well to unknown
data [5, 16].

A
Lossiotal = Lossoriginal + 5 Z W? 4)
i

In this case, A is a regularization parameter that determines
the force of the penalty. The importance of proper tuning of 1
is very Important: If it is too large, it can lead to underfitting;
if it is too small, it will not be effective in preventing overfitting.
The optimum balance in the model was determined using cross-
validation [12, 15].

For the implementation, the L2 regularization was added as
the weight decay parameter in the optimizer. Since the AdamW
optimizer was employed, which separates the weight decay from
the gradient updating, the L2 penalty was better and more effec-
tively implemented than the one with Adam [4]. This led to smaller
and more uniform weight values, thereby making smoother deci-
sion boundaries and resulting in better generalization [10]. This
is also consistent with Bayesian construal, working similarly to
a Gaussian prior on weights [16, 17]. This model was able to be
generalized and fused with L2 regularization; it achieves reduced
overfitting but maintains the performance of the network dur-
ing training. With L2, the regularization caused the model to not
overfit on the training data and allowed it to generalize, without
sacrificing the training performance [18]. The proposed method
never uses a fixed A4 as with traditional L, regularization and
scales the 1 dynamically, depending on the changes in gradient
magnitudes from one epoch to another.

A=A (L+y-[IVWD (%)

The update of the penalty term is dependent on the norm
of the weight gradients in Equation (5), which ensures that the
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strength of regularization is adjusted in accordance with the
training dynamics.

5.4. Hyperparameter optimization using ant colony
algorithm

Due to the huge search space of ResNet50 and its sensitivity
to various combinations of hyperparameters, tuning the hyperpa-
rameters of ResNet50 was difficult. Hyperparameters such as the
learning rate, batch size, and dropout rate ranged widely, result-
ing in a complex, highly nonlinear, and non-smooth search space
[2]. This makes it difficult and tricky to explore the search space
through conventional optimization techniques [10].

A nature-inspired metaheuristic optimization algorithm
called Ant Colony Optimizer (ACO) was taken into account. This
is partly because it can survive and function in very complicated
environments [19]. ACO simulates the ants’ foraging behavior—
they generate a possible solution from a probability distribution
that can be determined using pheromone trails and heuristic cues.
Such trails become reinforced in areas offering more promising
results, making it possible to concentrate efforts toward high-
yielding directions without trapping into local optima [20]. ACO
allowed for efficient exploration of such hyperparameter space
and helped improve model generalization and robustness based
on pheromone deposition mechanisms [21]. Instead of applying
ACO solely for tuning the values of learning rate or batch size as
performed in existing studies, this work tried to integrate ACO
into a dual optimization loop that jointly influenced the learn-
ing rate, dropout rate, and the adaptive regularization procedure,
hence changing the effective training trajectory of ResNet50.

The ants, in this study, symbolize the hyperparameter con-
figuration candidates that are used to help train the model [22].
The trajectory followed by the ants in searching hyperparameters
can be described with the help of a discrete vector:

S=1{b,n,d}

where:

1) b represents the batch size,
2) 7 represents the learning rate, and
3) d represents the dropout rate.

The ants sequentially select hyperparameter values from
the predetermined hyperparameter nodes for ACO search graph
construction.

5.4.1. Pheromone initialization
The optimization process begins by initializing pheromone
trails for all hyperparameters. The pheromone value of each
hyperparameter option, denoted as 7;, is initialized at + = 0 as
follows:
7(0) =19 (6)
whereas T, is a very small positive value for initialization. This
will make sure that all hyperparameter configurations are done

uniformly, so that exploration can be done in an unbiased fashion
during the process in the initial stages.

5.4.2. Heuristic information
Heuristic information helps ants make informed decisions
when identifying superior hyperparameter configurations. The
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heuristic evaluation function 7; for a hyperparameter option is
defined as:

1
Lval +e€

n; = @)

where L,, stands for the validation loss and € is a small
constant used to prevent division by zero. The evaluation func-
tion facilitates convergence quickly while favoring hyperparameter
settings that improve generalization by minimizing the loss
function.

5.4.3. Pheromone trail update

Tyt + 1) =(1 - p)T;(1) + ATy ®)

Here, T';(¢) denotes the pheromone intensity on edge (i, /) at time
t, p is the evaporation rate controlling pheromone decay, and AT;
represents the new pheromone deposited on the edge during the
current iteration.

5.4.4. Pheromone deposition

T;; = Zk;AT;; )

where AT f‘/ represents the pheromone deposited by ant k& on edge
)2
5.4.5. Ant’s probabilistic decision

K _ [T3/(01%[1;;1
v zleallowedk [sz(t)]“[mz]ﬁ +¢€

(10)

In this equation, Pf.;. represents the likelihood of ant k choos-
ing edge (7,/) when constructing its path. T;;(#) indicates the
amount of pheromone deposited on edge (7, ) at time t, while 7,
is the heuristic value of edge (i, j), for example, the reciprocal of
its distance. a and beta regulate the impact of the intensity of
pheromones and heuristic value, respectively. textallowed,, refers
to the set of edges that ant k is allowed to select from at a given
step.

A small constant ¢ (typically 10710) is added to the denomi-
nator for numerical stability and to prevent division by zero [23].
The computational complexity of the proposed ACO method for
hyperparameter tuning is defined as follows:

04 x I X E)

where:

1) A = the number of all ants in a colony.
2) I = number of iterations of the algorithm performed
3) E = number of epochs in evaluation of each hyperparameter.

In this model, E is the number of partial epochs in the final
epochs of training during the training phase, to ensure the com-
putation is efficient. The continual updates over the course of
the trail by evaporation and condensation are called iterative trail
updating. With reinforcement, the algorithm will be able to con-
verge to the optimum configurations quickly [24]. The technique
has lower computational complexity than the Grid Search tech-
nique, making it much more efficient. It could be adapted for
optimal hyperparameter selection in real-time applications [25].
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6. Results of Using Optimized ResNet50 for Breast
Cancer Classification Based on Histopathological
Samples

The performance of the proposed model for benign and
malignant classes was assessed with standard performance mea-
sures such as accuracy, precision, recall, ROC, and confusion
matrix. These metrics are a good way of measuring the ability
of the model, as both false positives and false negatives have
tremendous implications in the medical domain [26].

6.1. Performance metrics

6.1.1. Accuracy

The accuracy score helps in computing the overall correctness
of the system [27]. Regardless of the class of the image being tested,
this metric considers the overall correctly classified images out of
the total number of test images [6]. The accuracy of the model is
determined with the help of the confusion matrix by the following
equation: no. of correctly predicted positives by the classifier, no. of
positives not predicted by the classifier, no. of negatives predicted
by the classifier, and no. of negatives not predicted by the classifier.
Accuracy = true positive rate * true negative rate + (1-true positive
rate) * (1-true negative rate). That is, we can use Equation (11) to
calculate the accuracy of the classifier:

TP+ TN
TP+ TN + FP+ FN

Accuracy =

(11)

6.1.2. Precision

Precision, also called positive predictive value, is the number
of correctly predicted malignant cases out of the total number of
cases predicted as malignant [5]. For breast cancer diagnosis, if it
is more precise, the false positive increases are decreased, which
reduces unnecessary treatment in benign patients [28]. Recently,
precision was calculated as shown in Equation (12):

TP

Precision = TP+ FP

(12)

6.1.3. Recall

Recall, also referred to as sensitivity, measures the ability of
the model to classify malignant tumors accurately [29]. A high
recall implies that most of the malignancies have been identified
correctly. Recall can be determined using the confusion matrix
with the help of Equation (13):

TP

Recall = m

(13)

6.1.4. ROC-AUC curve

The receiver operating characteristic (ROC) curve, as shown
in Figure 6, graphically represents the performance of the model’s
true positive rate (recall) against the false positive rate varying
over different thresholds. The area under the curve (AUC) gives
the numerical summary of the entire ROC plot into a single value,
whereby a value of 1.0 means perfect classification while a score of
0.5 represents a random guess [8]. A larger value of AUC denotes
a good discrimination ability of the model to distinguish between
benign and malignant classes [7].

Figure 6
The proposed framework’s receiver operating
characteristic(ROC) curve
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6.1.5. Confusion matrix

The graphical representation of the results obtained by the
classification performed by the proposed model is carried out with
the use of the confusion matrix as shown in Figure 7 showcasing
the numbers in expressions of TP (true positives), TN (true nega-
tives), FP (false positives), and FN (false negatives) based on the
model’s output as shown in Table 2.

Figure 7

Confusion matrix based on the metrics of the proposed system
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6.2. Hyperparameter tuning

The performance of the ResNet50 model was optimized by
rigorous experimentation on the major hyperparameters of the
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Table 2 Table 5
Confusion matrix of the proposed framework Learning rate effect on the model’s performance
Predicted Predicted Learning rate Accuracy Precision Recall

benign malignant 0.0001 98.35% 0.9615 1

Actual benign True negative (TN) False positive (FP) 0.00001 98.16% 0.9523 1

Actual False negative (FN) True positive (TP) 0.000001 94.05% 0.8461 0.99

malignant

model, which are batch size, dropout of fully connected layers of
the CNN, and learning rate. Initially, the behavior of the model
during convergence was effectively studied by manually selecting
different values of these hyperparameters while keeping the other
two constant.

6.2.1. Batch size

Learning rate = 0.0001, Dropout = 0.2

Observations: The model with batch size 32 shows early con-
vergence and stability but was unable to improve after a certain
epoch. Batch sizes 64 and 128 had increased instability initially
due to overfitting, with batch size 128 being the most unsta-
ble. Batch size 64 achieved the highest accuracy as shown in
Table 3.

Table 3
Batch size effect on the model’s performance
Batch size Accuracy Precision Recall
32 98.29% 0.9611 0.99
64 98.48% 0.9615 1
128 97.91% 0.952 1

6.2.2. Dropout

Learning rate = 0.0001, Batch size = 64

Observations: Dropout follows a linear trend of decreased
accuracy performance over increased dropout due to underfitting
as shown in Table 4. The graphs also indicate increased instability
over epochs.

Table 4
Dropout effect on the model’s performance

Dropout Accuracy Precision Recall
0.1 98.67% 0.9615 1
0.15 98.48% 0.9615 1
0.3 98.10% 0.9611 0.99

6.2.3. Learning rate

Batch Size = 64, Dropout = 0.15

Observations: Higher learning rates show instability dur-
ing convergence but higher performance over epochs, and lower
learning rates show high stability but delayed convergence, hence
lower performance as indicated in Table 5.

6.2.4. Ant colony optimization

To obtain the optimal set of hyperparameters, the ACO tech-
nique was utilized, rather than relying on manual selection, which
might not yield the most effective configuration [30]. ACO, being
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a metaheuristic algorithm [31], tries to mimic the ants’ exploration
behavior, which is considered an ideal choice for solving discrete
optimization problems [32], such as selecting the best configu-
rations yielding the highest accuracy and searching through the
hyperparameter search space [33].

To explore the hyperparameter [34] search space in each iter-
ation, 10 ants were appointed as agents in this study. The different
values of batch size, learning rate, and dropout considered in the
ACO are presented in Table 6. As a result, a total of 10 combina-
tions of hyperparameters were evaluated in each iteration, while
only 5 iterations were performed to carry out the whole process
[35]. The distinct points showing the parameter ranges.

Table 6
Different values for batch size, learning rate, and dropout used in
ACO
Batch size Learning rate Dropout
32 0.0001 0.1
64 0.00001 0.15
128 0.000001 0.2
- - 0.3

The proposed framework underwent 15 epochs of training
and testing as shown in Figure 8 to yield the best accuracy
each time with the combination of hyperparameters. There-
fore, the best-yielding combination of hyperparameters using the
ACO is:

1) Batch size: 32
2) Learning rate: 0.00001
3) Dropout: 0.1

The final model’s performance is shown in Table 7.

The model’s reliability is demonstrated by achieving a high
accuracy of 98.86%. The precision of 0.9708 suggests a very
low false positive rate. The recall of 1.0 indicates high sensitiv-
ity of the model, successfully identifying all malignant cases. The
near 1.0 AUC indicates strong classification and generalization
capability.

7. Comparative Analysis

This particular model is the best of all the comparative mod-
els on all measures. Special attention is given to the high accuracy,
in particular, not only due to the model architecture but also
because of some strategic improvements that are selected such as
the optimization techniques.

Residual convolutional architecture, ResNet50, is used for
stable gradient propagation and effective deep feature learning.
In this study, richer cellular information is obtained from the
histopathological pictures, which has improved the performance
compared to other traditional mammographic or ultrasound
modalities. The hyperparameters are adjusted dynamically by
the suggested ACO-based adaptive regularization scheme and
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Figure 8

Accuracy and loss curves that have been observed during the training of the model: (a) accuracy over epochs; (b) loss over epochs
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Table 7
Performance of the final model after
ACO-based hyperparameter tuning

Metric Value
Accuracy 98.8%
Precision 0.9708
Recall 1.0
AUC ~1.0

regulates the intensity of regularization in training results. One
can easily say that this increase in performance is ultimately the
result of the combination and mixture of the swarm-based hyper-
parameter optimization and gradient-aware regularization and
not only ust the architecture. The summary of the comparative
analysis is as shown in Table 8.

1Y)

2)

3)

From this study, it was analyzed that the ACO method for
hyperparameter tuning is more efficient than the traditional
Adam optimizer because it is one of the reasons in enabling
a global search for the best parameters, such as batch size,
learning rate, and dropout. This ensures faster convergence and
prevents local minima traps. The class imbalance problem is
handled by our model through strategic image augmentation.
There is no class bias in the dataset, and the dataset is balanced
having 4334 images per class. This is also a limitation in other
models that rely on real-world or uneven datasets.

In order to reduce overfitting and improve generalization,
adaptive ridge regularization is applied to the model, and by
applying this, the penalties are adjusted dynamically based
on the weight magnitudes. By this, the model is being
made robust to noisy or high-dimensional histopathological
images.

If one compares the ResNet50 model with other models like
HCPELM or standard CNNs, the ResNet50 turns out to be
enabling the maintainability of the deep feature hierarchies
along with superior gradient flow while having less manual

4)

5)

(b)

—— Training Loss
Validation Loss

0 10 20 30 40 50 60 70
Epochs
Table 8

The proposed ResNet50 model vs comparative analysis of
existing models

Reference Model used Accuracy
[2] UNet3+ 90.99%
[3] ResNet50 with Grad- CDD-CESM:
CAM 89.20%,
MIAS: 98.30%,
[4] Optimized CNN 95.2%
[5] CNN, ResNet50, CNN: 98.3%,
Xception
ResNet50: 92.2%,
Xception: 90.2%
[6] Hybrid CNN 86%
(HCPELM)
[7] BCCNN, Xception, 98.28%
ResNet50
[8] VGG16, ResNet50, 95.4%
InceptionV3
[9] InceptionResNetV2 91%

pruning as well. It can also retain interpretability if gets to be
integrated with methods like Grad-CAM.

To differentiate from various other methods (e.g., [2], [4],
[5] that depend on manual tuning and fixed configurations,
our framework stands out in such a way that it consists of an
automated and optimized training pipeline to reduce the time
and increase scalability.

Models such as Ensemblers and InceptionResNetV2, which
are extremely powerful although they are still lagging in clin-
ical applications. Their structure is complex, and they are so
configuration-dependent that they are not adaptable. Com-
pared to these, our model is lightweight, fast convergence, and
consistent, which is suitable for clinical deployment.
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8. Conclusion

In this research work, in order to obtain better classi-
fication results for breast cancer diagnosis, an adaptive deep
learning model applying swarm-based hyperparameter optimiza-
tion and gradient-aware regularization to the ResNet50 model is
used.

Here, one of the major things kept in mind is ACO, which
was used for effective hyperparameter tuning, where many of the
model’s key parameters were used, such as batch size, dropout
rate, and learning rate. Along with this, the model performance
has been improved by amalgamating 1.2 regularization and the
AdamW optimizer.

The results of the evaluation metrics of the model on
the BreakHis dataset were calculated as an accuracy of 98.8%,
precision of 0.9708, and recall of 1.0.

Apart from this, the classification strength and the general-
ization features of the model led to a nearly perfect AUC score.
These results demonstrate that the adaptive deep learning system
can be applied effectively in medical image processing and cancer
detection.

9. Future Work

The proposed model is to be trained with large-sized and
diverse images in the near future. The use of a larger and more
diverse dataset will achieve greater generalizability across all data
samples. The proposed method ensures optimization and also
considers all design aspects for obtaining better results across all
clinical diagnosis test cases. The investigation has proven the deep
learning model to be a useful tool for the analysis and predic-
tion of cancer disease using medical imaging data. The further
extension of this work can be made for the multi-stage classifi-
cation of breast cancer by clearly specifying different statuses of
the tumor such as fibroadenoma or carcinoma. To achieve better
trust in the prediction made by the model, explainable Al (XAI)
can be integrated. Along with XAI, Grad-CAM heat maps can
also be helpful to better visualize and understand why the predic-
tion is made by the model. To identify the most frequently used
algorithm, various metaheuristic algorithms can be compared
to each other using a computationally efficient model. Person-
alized regularization techniques can be used during the actual
“inferencing.”

Recommendations

Achieving 98.86% classification accuracy with the use of
the ResNet50 model framework optimized using the ACO tech-
nique demonstrates its potential to serve as an assistance tool
for radiologists to classify cancerous (malignant) cells of human
organs with high precision. Thus, it was theorized that the system
can be applied in medical screening procedures to give real-time
clinical decision-making capabilities along with reducing manual
human inspection, especially in case of intricate diagnostic cases.
Moreover, the system’s work efficiency in different types of high-
dimensional clinical image-based modalities was improved with
the utilization of adaptive L2 regularization.
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