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Abstract: One of the most common forms of cancer is breast cancer, and the key to treating it is early detection.
First and the most important phases of treating breast cancer is an accurate diagnosis. Numerous studies on predicting
the type of breast cancers may be found in the literature. This study used information on breast cancer tumors from
the BreCAHAD dataset to predict the types of breast tumors. To discover the region of interest, we used two distinct
CNN architectures: U-Net and its variant U-Net++. With 93.15% accuracy, U-Net++ model shows promise for breast
image segmentation. Shape and Tetrolet characteristics are used for feature extraction. This study examines how
well VGGNet and VGGNet adjusted using Remora Kill Herd Optimization (RKHO) architectures detect breast
cancer by analyzing histopathology images. We create reliable and accurate deep learning models by carefully
adjusting optimizers and hyperparameters. According to our research, the VGGNet model trained using the RKHO
performs exceptionally well in terms of metrics like accuracy, sensitivity and specificity. Corresponding scores
obtained are 0.925, 0.915, and 0.929.
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1. Introduction

Worldwide, breast cancer is one of the leading causes of death for women, which emphasizes how
vital early identification and treatment are [1-3]. In a various medical image processing domains tasks
like classification, detection, and segmentation, neural networks have demonstrated outstanding
performance, greatly enhancing diagnostic precision and accelerating treatment choices. Transfer
learning and data augmentation approaches, which get over issues like incomplete classification and data
scarcity are a contributing factor to deep learning's success in medical image analysis [4]. Breast cancer
has been identified using a variety of methods, such as self-examination, clinical evaluation, and
screening instruments like mammography. Because breast cancer involves a wide spectrum of complex
illnesses, diagnosing it can be challenging [5]. One histological diagnostic technique for determining
whether a suspicious region is malignant is a biopsy. As a widely recognized and definitive criterion for
confirmation, pathologists use a microscope to visually examine histopathological images in order to
make their diagnosis [6]. CNNs are now an effective technique for classifying breast cancer and offer
special advantages for analyzing medical images [7]. A specialized class of deep learning models called
convolutional neural networks, or CNNs, is made especially to perform well on image-related tasks.
These are particularly adept in identifying signs of diagnosis of breast cancer by examining histology
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and mammogram imagesCNNs' capacity to automatically extract intricate patterns, features, and
pertinent information from complicated medical images is one of their main advantages; it does away
with the need for laborious manual feature engineering [8]. This inherent ability improves the precision
and dependability of breast cancer classification while lessening the effort for medical personnel.
Furthermore, CNNs have demonstrated an impressive capacity for generalization, which allows them to
handle various datasets efficiently and adapt to variations in image quality. This is particularly helpful in
actual clinical settings where data may be naturally diverse [9]. Despite the effectiveness of these deep
learning models, Still several problems that need to be fixed in the segmentation of breast images [10].
The most popular deep learning models to segment biomedical images, such as segmenting breast images,
are U-Net and its variant U-Net++. They are designed such that spatial information as well as details
about the input image's context can be captured. U-Net architecture consists of a contracting path that
uses the features it has gathered to rebuild the extracted image and an expanding path is used to get
features from the input image. Since its first introduction by Ronneberger et al. in 2015, the U-Net model
[11] has gained widespread for a range of medical image segmentation applications, including finding
region of interest in breast images.

By investigating the effectiveness of deep learning methods, namely upgraded CNN architectures, in
deciphering histopathological pictures, in this work aims to advance the fields of medical imaging and
breast cancer detection. In order to support early detection efforts and possibly enhance patient outcomes,
we aim to draw attention to the possibilities of these tactics to increase the accuracy and dependability
of breast cancer screenings.

The remainder of this research is organized as follows: Section 2 highlights summary of related work
in the subject. The dataset description and methodology used in our analysis are presented in Section 3.
The execution process's outcomes and the resulting graphs are shown in Section 4. Finally, Section 5
concludes the work.

2. Related Work

Computer-aided diagnosis systems use automated models based on machine learning and image
analysis methods to help medical practitioners with the diagnostic process. Analyzing nuclei to separate
malignancy from benignity is the focus of some research projects. In [12], nuclei in microscopic pictures
from tiny needle biopsies were segmented using a range of clustering techniques. In [13] An innovative
ensemble deep learning method was presented for the binary categorization of images showing breast
histopathology. In [14], the latest developments in deep learning were briefly covered. Numerous recent
studies on artificial intelligence based systems for support diagnosis of breast cancer and analysis was
automated. They including identification, segmentation and also classification of breast cancers [15,16].
In [17] a dual-view classifier is introduced. It is a pair of classifiers with a single-view where some of
the final layers are removed. It is observed that performance is improved by concatenating the outputs
for both viewpoints. In [18] when used for a binary classification test, feature fusion of two-view
mammograms yielded higher accuracy. Using the best model among those examined in this work on a
publicly available database, outperformed [19] in [20]. A study comparing mammography diagnostics
with breast cancer biopsy predictions was carried out in [21]. They employeddifferent tehniques for
classification such as support vector machine, logistic regression, random forest, linear discriminant
analysis. In [22], to determine the best solution to predict breast cancer, researchers applied data mining
techniques to a number of databases. A reliable technique for forecasting eight cancer forms, including
ovarian, lung, and breast cancer, was examined in [23]. In their study, they first normalized datasets using
particle swarm optimization, and then they separated features on a normalized dataset using statistical
feature selection techniques. A multilayer perceptron neural network was then used for categorization.
The contracting path, sometimes called down sampling, and the expanding path, also called up sampling,
makes up the U-Net encoding decoding architecture [24]. Ref. [25] Used the AlexNet CNN architecture
to apply the TL concept to the "BreakHis" dataset in order to classify the data as non-cancerous or
cancerous using HI. Ref. [26] To overcome the problem of limited data availability, "Inception V3" was
used to classify breast cancer using augmentation and transfer learning techniques. The accuracy of this
model was 89%. Ref. [27] It was suggested that a deep learning architecture be used to recognize and
categorize cytology breast images. By using various models of convolutional neural networks like
GoogVGGNet, VGGNet and ResNet feature extraction is done. Extracted features were passed to the
dense layer for classification [28] Employed four different DL models for the classification of breast
tissue histopathology pictures showing carcinoma and non-carcinoma: completely trained VGG-16,
VGG-19 which is fully trained, fine-tuned VGG-16 and VGG19. Ref. [29] Proposed a two-phase
technique that uses the BreaKHis data set to extract features using four pretrained DL models. Two CNN
models—VGG-16 and Inception-V3—use a transfer learning strategy in [30]. On the BreaKHis database,
they used a number of data augmentation methods, including rotation, flip, shift, and zooming.
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3. Methodology

This manuscript compares two models for diagonising breast cancer from histological images.One
model is VGGNet CNN architecture trained with an optimization algorithm and second is without using
optimization algorithm. Methodology diagram is shown in Figure 1. Initially, input histopathological
images are gathered from dataset and then subjected to image de-noising using the guassian filter to
eliminate noise from input images. After denoising the image, the blood cell is segmented by employing
U-Net and its variant U-Net++ architectures. U-Net++ architecture is designed such that it enhances the
U-Net architecture by inserting set of skip connections, that causes to increase segmentation efficiency
tremendously.Hence segmentation oupput of U-Net++ is considered and shape features namely area,
solitary, eccentricity, perimeter, and major axis length along with terolet features are used to extract
features. VGGNet is tuned by the proposed RKHO algorithm. RKHO is established by the integration of
ROA [31] and KH [32]. The trained model is employed for detecting breast cancer first. Then detection
of breast cancer is performed using VGGNet not trained with optimization algorithm. Performance of
these two models is anlysized. And the VGGNet trained with proposed optimization algorithm obtained
better performance metrics than the second model.
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Figure 1. Proposed model methodology.

3.1. Dataset Description

The Breast Cancer detection based on RKHO-CNN model utilizes the BreCaHAD dataset [33] for
the disease detection. BreCaHAD dataset is a breast cancer histopathological image dataset especially
used for Breast Cancer detection. This dataset includes ground truth images correlated with the original
histology images of breast cancer. The dataset's diversity and variability include carefully selected cases
with varying patient demographics, imaging characteristics, and illness severity. The excellent quality
BreCaHAD and diversity of the dataset served as a helpful basis for evaluating the segmentation models'
efficacy and generalizability.

Two .png files, one .zip file, one .json file, and one .xIsx file are among the several files that make up
the BreCaHAD dataset. The annotated image shows pink circles displaying non-tumor nuclei, orange or
green circles representing mitosis and apoptosis, blue circles displaying tumor nuclei, and yellow circles
indicating non-lumen. In this case, the JSON file contains two mitosis and one tumor nuclei annotation.
There are three directories in the BreCaHAD.zip file: groundTruth_display, groundTrut, and original
pictures. We took into consideration the groundTruth display and original pictures folders for
segmentation purposes.
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3.2. Image Acquisition & Pre-Processing

Input histopathological image is taken from the dataset. Gaussian filter is applied to the input
histopathological image to eliminate the noise and irregularities exist in the image. The expression for
Gaussian filter is

1
(x,y) = e” (p* + q%) /202 1
gluy) = p—=e Tt M
where p and q are the horizontal and vertical distances from the origin, respectively, and ¢ is the Gaussian
distribution's standard deviation. Augmentation technique is applied to increase dataset size to 10000.

3.3. Segmentation Using U-Net and U-Net++ Architectures

The blood cell from the noise-free image is extracted using U-Net and U-Net++. In this work, the
pre-processed output is used as the input U-Net and U-Net++ for performing blood cell segmentation.
The U-Net++ model offers improved segmentation results.

U-Net

Designed for image segmentation, U-Net is an architecture built on convolutional neural networks.
Although it has been used to numerous fields, including satellite and microscopy pictures, its initial
purpose was biomedical image segmentation. The U-Net encoding decoding architecture is comprised
of two paths: the contracting path, also known as down sampling, and the expanding path, also known as
up sampling. High-level features such as Texture Patterns, Semantic Information etc.from the input
image are extracted via the contracting path's several convolutional layers and max pooling layers.
Although the image's depth increases, these layers decrease the spatial resolution. By reducing the depth
of the image and recovering its spatial resolution, the expanding route is made up of several convolutional
and upsampling layers. Through skip connections between the encoding and decoding paths, the network
makes use of pixel-level information from the encoder path to improve the results of segmentation
achieved through the decoder path. After U-Net processes an image, it produces a segmentation map that
names every pixel. A U-Net training dataset of histological pictures of breast cancer together with
matching masks is used for breast image segmentation. Which picture pixels are associated with the
breast are indicated by these masks. Next, by forecasting the likelihood that every pixel in the image
represents a blood cell in the input breast image, then U-Net model which is trained may be applied to
dataset images to segment breast cancer images. Architecture of U-Net model is as shown in Figure 2.
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Figure 2. Architecture of U-Net model.

U-Net++

By adding stacked skip connections and dense connections, U-Net++ is a variant designed to enhance
U- Net's operating efficiency. Dense skip connections link several U-Net modules, which make up U-
Net++ architecture. Two paths that extend and contract with skip connections make up every U- Net
module. While the network model can use all of the data gathered from the dataset images to improve
segmentation efficiency, U-Net++'s set of skip connections enable the network to obtain features in
various measures. Every pixel in the input dataset image is provided a label using segmentation map that
U-Net++ produces. A input images and corresponding mask image is trained using U-Net++ for the
purpose of segmenting breast cancer image. Next, by forecasting the likelihood that every pixel in the
image represents a cell in breast image, the trained model of U-Net++ may be applied on to set of breast
images. Architecture of U-Net++ model is as shown in Figure 3.
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Figure 3. Architecture of U-Net++ model.

3.4. Feature Extraction

Following the segmentation process, features are mined from segmented blood cell. Feature
extraction is accomplished by using shape and tetrolet features. The more prominent features in
segmented image are retrieved by feature extraction process. These shape features include area, solidity,
eccentricity, perimeter, and major axis length.

a) Area: Area is a shape feature. It can be computed as total amount of pixels exist in the boundary.

b) Solidity: Solidity is defined as the ratio among the area and convex region. Further, solidity is
computed using the below expression

Ty
T, ==
2 Ca

where, C, signifies convex area and T, represents solidity with size 1 x 1.
¢) Eccentricity: This feature is measured by considering maximum length of the major and minor
axes, and eccentricity is represented below

2

2(h) =(h,)’
7—;: (1) (2) (3)

hh,

where in, h; represents major axis, h, indicates minor axis, and T3 signifies eccentricity with size 1 x 1.

d) Perimeter: The length of a given region's boundary is known as its perimeter. Further, the
perimeter is signified by T4 with size 1 X 1.

e) Major axis length: The line sector that passes through focus of ellipse is known as major axis. It
is stated by Ts with size 1 x 1.

The shape features, include area, solidity, eccentricity, perimeter, and major axis length obtained are

combined to generate feature vector 7|, which is given by
n={T.,0,T;,T,,T;} )

Tetrolet features: An adaptive Haar wavelet transform is otherwise called Tetrolet transform [33]
that provides the effective image detection result. Tetrolet is wavelet transform scheme in which its
tetrominoes shapes are created by interconnecting four identical squares.For each level, the low pass
image is categorized into 4 4 x blocks. From every block the local Tetrolet is computed. For improving
the diagnosisability, the Tetrolet transform is considered.

3.5. Breast Cancer Detection Using Proposed RKHO

In our research VGGNet architecture is used to detect breast cancer. The extracted features are
inputted to the VGGNet for detecting the breast cancer. Weight parameters of VGGNet are tuned by the
proposed RKHO algorithm.

e  Training of CNN model using proposed RKHO

The training process of VGGNet is carried out using RKHO, which is the assimilation of ROA [27]
and KHO [26] algorithm. To establish this, the weight parameters of VGGNet are adjusted using RKHO
algorithm. Remora Optimization Algorithm is a nature inspired algorithm.In this remora present in the
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ROA updates their position using two strategies first one is free travel strategy and second is eat
thoughtfully. The free travel strategy involving SFO and experience attack strategy, whereas the eat
thoughtfully strategy involving WOA strategy followed by host feeding. Moreover, the advantage of
WOA is it has high processing speed and quick convergence rate. In KHO, it is a biologically-inspired
approach used to resolve the optimization issues. Besides, the KHO algorithm is designed by adapting
the herding features of krill individuals. The least distance between every krill and food, and the krill and
herd with high density is selected as the objective function of krill’s movement. Moreover, the location
of each individual krills is based on the three major factors, such as random diffusion, foraging activity
and movement induced by the existence of other persons. In order to progress the exploration rate of
ROA, the advantage of KHO is adapted to update the locations.
Initialization

The primary step of this algorithm is to initiate the algorithmic parameter and the number of Remoras.
Fitness function

Fitness function is used to evaluate the optimal solution using the Mean Squared Error (MSE), which
is expressed as

P =31, (ai - bi)? )

Here ai is the expected result and bi is the classified result.
Free travel

The free travel or exploration strategy involves two phases, which are defined as below.
SFO strategy

In this state, the locality or placement of individual is updated based on the elite notion of algorithm,
which is modelled as

X1 = X+ X (Xpese — X¢) (6)

Here x; is the position, o is a random number, and x;,.¢; is the best position.
Experience attack

For evaluating the possibility of changing the host, the tuyu wishes to constantly make a small move
nearby the host. This behaviour is modelled as

Xep1 =X + . (% — xprev) @)

Here x;44 is the new position, x; is the current position, B is the tentative step, and X, is the
previous position
Eat thoughtfully

In this step, the location of individual is updated using the following two strategies.
WOA strategy

Based on the standard WOA, the updated position of Remora applied with the Whale is excavated,
which is given by

Xtp1 =X +y.D (®

Here D is the distance between the prey and the hunter, and y is a random number.
Host feeding

The exploitation step is partitioned into host feeding such that the best solution is shortened to the
location of host area. Thus, the incremental processing can be established as moving or encircle the host,
and is formulated as

Xeyr = X¢ + 6. (Xnost — X¢t) 9

Here xj,,; is the host position and 6 is a factor.
Evaluate the feasibility

The feasibility of every solution is calculated at every iteration for updating the best position based
on the fitness measure using MSE
Termination

All the above steps explained in this algorithm is continually processed till the best solution is attained.

4. Results and Discussions

The implementation of proposed model for breast cancer detection technique is done in Python
Language.
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4.1. Performance Metrics

Our research work is detection of Breast cancer. The extracted features are fed into the VGGNet. The
proposed RKHO algorithm fine-tunes the weight parameters of VGGNet. Proposed Model detects whether
disease is there or not. As it is a binary classification so metrics accuracy, sensitivity and specificity can be
applied for performance analysis.

Accuracy: Accuracy is the correctness of cases that are correctly detected as normal or diseased. The
accuracy is determined based on the true positive and true negative of normal and diseased cases based on
the extracted features.

[ = a+b
a " a+b+d+e

Here a, b, d, ¢ indicates the True Positive, True Negative, false positive and false negative.
Sensitivity: The correctly identified abnormal cases are determined by term specificity, which is
computed as

(10)

a

Ix=a+e an

Specificity: The correctly identified normal cases are determined by the term specificity, which is
computed as

I, = (12)

4.2. Experimental Results

Figure 4 refers to a sample input image from the dataset. The image 4 (a) is an example pathological
image in the BrecaHAD dataset and the image 4 (b) is the masked image. Like this for all input images
corresponding ground truth images are available in dataset.

Figure 4. (a) Input image. (b) Ground truth display image.

The U-Net model's segmentation results are displayed in Figure 5. The model has successfully
identified and located the region of interest in the target object, as demonstrated by the results, which
show that the comparison between the segmented result and the ground truth mask is almost identical.
These output results imply that the bias and variance are balanced by trained model successfully and is
efficient in precisely segmenting the target item. We have computed two evaluation metrics for
segmentation.

= - a

Figure 5. Segmentation results of U-Net Model.

i)  Dice coefficient
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Dice coefficient =2 x (Area of Overlap)/Total Area
i)  Accuracy

TP+ TN
TP+TN+FP+FN

Accuracy = (13)
where

TP is pixels correctly predicted as objects

TN is pixels correctly predicted as background

FP is pixels incorrectly predicted as objects

FN is pixels incorrectly predicted as background

Dice coefficient of segmentation using U-Net model is 0.891 and accuracy of the U-Net model
derived from the data is 85.70%.

The U-Net++ model's segmentation output is displayed in Figure 6. U-Net++ model has done a good
job of accurately segmenting the target item. We can observe high degree of similarity between the
segmented output and the ground truth mask from the results. These output results shows target object is
segmented correctly by the trained model. Dice coefficient of segmentation using U-Net++ model is
0.929 and accuracy of the U-Net++ model obtained is 93.15%. U-Net++ model obtained more accuracy
and Dice coefficient values than U-Net model. Hence we considered the features extracted from U-Net++
Model to detect breast cancer.
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Figure 6. Segmentation results of U-Net++ Model.

Features are extracted from the output of U-Net++ model. These features are used to detect breast
cancer using RKHO-VGGNet.

4.3. Comparative Performance Analysis

Aim of this research is to compare Breast cancer detection using RKHO-VGGNet optimization and
without using RKHO-VGGNet optimization methods. Hence comparative graphs are presented for
RKHO-VGGNet optimization and without using RKHO-VGGNet respectively. The analysis of
performance for the RKHO-VGGNet is done by considering the percentage of learning data and
evaluation parameters.

The performance of RKHO-VGGNet for breast cancer is exhibited using result analysis graphs. The
accuracy measure of RKHO-VGGNet is given in Figure 7. Figure 7a is graph showing the accuracy of
the VGGNet model across different learning data percentages without using optimization, for various
epoch settings. Figure 7b is a graph showing the accuracy of VGGNet with optimization over different
epochs as a function of learning data percentage. It is observed that for each epoch setting, the optimized
model consistently outperforms the non-optimized model, showing higher accuracy at each level of
learning data. The accuracy gap between the optimized and non-optimized versions widens as both
learning data percentage and epoch increase, demonstrating the impact of optimization on model
performance over time and with more data.
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Figure 7. (a) Accuracy of RKHO-VGGNet with Optimization. (b) Accuracy of RKHO-VGGNet without
Optimization.

The sensitivity measure of RKHO-VGGNet is given in Figure 8. Figure 8a is graph showing the
sensitivity of the VGGNet model across different learning data percentages without using optimization,
for various epoch settings. Sensitivity improves gradually with more learning data and epochs. Figure 8b
is a graph showing the sensitivity of VGGNet with optimization over different epochs as a function of
learning data percentage. Sensitivity improves consistently with higher learning data percentages and
more epochs, indicating better true positive rate with optimization. It is observed that sensitivity values
are more for optimized model than model without optimization.

Sensitivity

s0 @

70
Learning Data (%)

70
Learning Data (%)

(a) (b)
Figure 8. (a) Sensitivity of RKHO-VGGNet with Optimization. (b) Sensitivity of RKHO-VGGNet
without Optimization.

The specificity measure of RKHO-VGGNet is given in Figure 9. Figure 9a is graph showing the
specificity of the VGGNet model across different learning data percentages without using optimization,
for various epoch settings. Figure 9b is a graph showing the specificity of VGGNet with optimization
over different epochs as a function of learning data percentage. Specificity graph shows a steady increase
with higher learning data and more epochs, indicating improved true negative rate due to optimization.
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Figure 9. (a) Specificity of RKHO-VGGNet with Optimization. (b) Specificity of RKHO-VGGNet
without Optimization.

5. Conclusion

This paper proposes comparative analysis of two CNN models RKHO-VGGNet and VGGNet not
trained with RKHO optimization algorithm for diagonising the breast cancer from the histological images.
The input imageis pre-processed using Gaussian filter that eliminates the noise from the images. The
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blood cell segmentation is accomplished using U-Net++ which separates the blood cells from the pre-
processed images. Moreover, the significant features, like shape featuresand Tetrolet features are
extracted that significantly aim to progress the detection performance. Consequently, the extracted
feature is prosecuted to detect the breast cancer using VGGNet. Performance of the model is measured.
And then weights of VGGNet are tuned by the RKHO algorithm, which is the assimilation of ROA and
KHO algorithm. Performace of RKHO VGGNet models is computed and observed that proposed
optimization algorithm helps to enhance the accuracy of breast cancer detection. The effectiveness of
experimental result is validated in accordance with the metrics, sensitivity, specificity and accuracy. The
visualization clearly demonstrates the advantage of using optimization techniques to enhance model
performance.

Author Contributions

Eliganti Ramalakshmi contributed in identification, conceptualization of the research problem and also worked
towards methodology& implementation. Dr Loshma Gunusetti and Dr Sumalatha Lingamgunta contributed towards
Supervision and guidance of the research work.

Funding
This research received no external funding.

Conflict of Interest Statement
The authors declare no conflicts of interest.

Data Availability Statement
BreCaHAD dataset from kaggle repository.

Acknowledgment

We sincerely thank everyone who supported us in completing this work. Our heartfelt appreciation goes to
supervisors Loshma and Sumalatha, for their invaluable guidance and expertise, which greatly influenced in
understanding and implementation of the model.

References

1. J. R. Benson, I. Jatoi, M. Keisch, F. J. Esteva, A. Makris, and V. C. Jordan, “Early breast cancer,” The Lancet,
vol. 373, no. 9673, pp. 1463— 1479, 2009, https://doi.org/10.1016/S0140-6736(09)60316-0

2. C. E. DeSantis, J. Ma, M. M. Gaudet, L. A. Newman, K. D. Miller, A. Goding Sauer, A. Jemal, and R. L.
Siegel, “Breast cancer statistics, 2019,” CA: a cancer journal for clinicians, vol. 69, no. 6, pp. 438451, 2019,
https://doi.org/10.3322/caac.21583

3. N. Giaquinto, H. Sung, K. D. Miller, J. L. Kramer, L. A. Newman, A. Minihan, A. Jemal, and R. L. Siegel,
“Breast cancer statistics, 2022,” CA: a cancer journal for clinicians, vol. 72, no. 6, pp. 524-541, 2022,
https://doi.org/10.3322/caac.21754

4. E. Livieris, A. Kanavos, V. Tampakas, and P. E. Pintelas. An ensemble SSL algorithm for efficient chest x-
ray image classification. Journal of Imaging, 4(7):95, 2018, https://doi.org/10.3390/jimaging4070095

5. G. Nguyen et al., “Machine learning and deep learning frameworks and libraries for large-scale data mining:
a survey,” Artificial Intelligence Review, vol. 52, no. 1, pp. 77-124, Jun. 2019,
https://doi.org/10.1007/s10462-018-09679-z

6.  C. Shorten and T. M. Khoshgoftaar, “A survey on image data augmentation for deep learning,” Journal of Big
Data, vol. 6, no. 1, Dec. 2019, https://doi.org/10.1186/s40537-019-0197-0

7. F. Al-Turjman, H. Zahmatkesh, and L. Mostarda, “Quantifying uncertainty in internet of medical things and
big-data services using intelligence and deep learning,” IEEE Access, vol. 7, pp. 115749-115759, 2019

8. S. Kumar and M. Singh, “Big data analytics for healthcare industry: impact, applications, and tools,” Big Data
Mining and Analytics, vol. 2, no. 1, pp. 48-57, Mar. 2019, https://doi.org/10.1109/ACCESS.2019.2931637

9.  L.-M. Ang, K. P. Seng, G. K. [jemaru, and A. M. Zungeru, “Deployment of loV for smart cities: applications,
architecture, and challenges,” IEEE Access, vol. 7, pp- 6473-6492, 2019,
http://dx.doi.org/10.1109/ACCESS.2018.2887076

10. E. Ramalakshmi, L. Gunisetti and L. Sumalatha, "A Review on Breast Cancer Detection for Histopathology
Images Using Deep Learning," 2023 International Conference on Artificial Intelligence and Smart
Communication (AISC), Greater Noida, India, 2023, pp- 685-688,
https://doi.org/10.1109/AISC56616.2023.10085116

11. M. Robin, J. John and A. Ravikumar, "Breast Tumor Segmentation using U-NET," 2021 5th International
Conference on Computing Methodologies and Communication (ICCMC), Erode, India, 2021, pp. 1164-1167,
https://doi.org/10.1109/ICCMC51019.2021.9418447

12.  Tools, 24(1):1540004:1-1540004:22, 2015. [12] M. Kowal, P. Filipczuk, A. Obuchowicz, J. Korbicz, and R.
Monczak. Computer-aided diagnosis of breast cancer based on fine needle biopsy microscopic images.
Computers in Biology and Medicine, 43(10):1563— 1572, 2013,
https://doi.org/10.1016/j.compbiomed.2013.08.003

359


https://doi.org/10.1016/S0140-6736(09)60316-0
https://doi.org/10.3322/caac.21583
https://doi.org/10.3322/caac.21754
https://doi.org/10.3390/jimaging4070095
https://doi.org/10.1007/s10462-018-09679-z
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1109/ACCESS.2019.2931637
http://dx.doi.org/10.1109/ACCESS.2018.2887076
https://doi.org/10.1109/AISC56616.2023.10085116
https://doi.org/10.1109/ICCMC51019.2021.9418447
https://doi.org/10.1016/j.compbiomed.2013.08.003

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

S. H. Kassani, P. H. Kassani, M. J. Wesolowski, K. A. Schneider, and R. Deters, “Classification of
histopathological biopsy images using ensemble of deep learning networks,” arXiv preprint arXiv:1909.11870,
2019, https://doi.org/10.3233/CBM-230251

Majid Nawaz, Adele A. Sewissy, and Taysir Hassan A. Soliman "Multimagnificent Breast Cancer Class
Learning to Use Deep Convolutional Neural Networks,"International Magazine of Superior Computer Science
and Application, vol. 9, no. 6, pp. 316-322, 2018, http://dx.doi.org/10.1371/journal.pone.0256500

M. Madani, M. M. Behzadi, and S. Nabavi, “The Role of Deep Learning in Advancing Breast Cancer Detection
Using Different Imaging Modalities: A Systematic Review,” Cancers, vol. 14, no 21, Art. no. 21, Jan. 2022,
https://doi.org/10.3390/cancers14215334

L. Fulton, A. McLeod, D. Dolezel, N. Bastian, and C. P. Fulton, “Deep Vision for Breast Cancer Classification
and Segmentation,” Cancers, vol. 13, no. 21, Art. no. 21, Jan. 2021, https://doi.org/10.3390/cancers13215384
D. G. P. Petrini et al., “Breast Cancer Diagnosis in Two-View Mammography Using End-to-End Trained
EfficientNet-Based Convolutional Network,” IEEE Access, vol. 10, pp. 77723-77731, 2022,
https://doi.org/10.48550/arXiv.2110.01606

H. Li, J. Niu, D. Li, and C. Zhang, “Classification of breast mass in two-view mammograms via deep learning,”
IET Image Process., vol. 15, Feb. 2021, https://doi.org/10.1049/ipr2.12035

R. Walsh and M. Tardy, “A Comparison of Techniques for Class Imbalance in Deep Learning Classification
of Breast Cancer,” Diagnostics, vol. 13, no. 1, Art. no. 1, Jan. 2023,
https://doi.org/10.3390/diagnostics13010067

M. Bobowicz et al., “Attention-Based Deep Learning System for Classification of Breast Lesions—
Multimodal, Weakly Supervised Approach,” Cancers, vol. 15, no. 10, Art. no. 10, Jan. 2023,
http://dx.doi.org/10.3390/cancers15102704

Oyewola D., Hakimi D., Adeboye K., Shehu M. Using five machine learning for breast cancer biopsy
predictions based on mammographic diagnosis. Int. J. Eng. Technol. [JET.2017;2:142-145,
http://dx.doi.org/10.19072/ijet.280563

Wang H., Yoon W.S. Breast cancer prediction using data mining method; Proceedings of the 2015 Industrial
and Systems Engineering Research Conference; Nashville, TN, USA. 30 May-2 June 2015,
https://doi.org/ISERC2015

Vard A., Firouzabadi F., Sehhati M., Mohebian M. An optimized framework for cancer prediction using
immunosignature. J. Med. Signals Sens. 2018, https://doi.org/10.4103/jmss.JMSS 2 18

Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation.
In Proceedings of the International Conference on Medical Image Computing and Computer-Assisted
Intervention, Munich, Germany, 5-9 October 2015, https://doi.org/10.48550/arXiv.1505.04597

Titoriya and S. Sachdeva, "Breast Cancer Histopathology Image Classification using AlexNet," 2019 4th
International Conference on Information Systems and Computer Networks (ISCON), Mathura, India, 2019, pp.
708-712, https://doi.org/10.3390/cancers16122222

Chang J, Yu J, Han T, Chang HJ, Park E. A method for classifying medical images using transfer learning: A
pilot study on histopathology of breast cancer. In 2017 IEEE 19th international conference on e-health
networking, applications and services (Healthcom) 2017 Oct 12 (pp- 1-4),
https://doi.org/10.1109/HealthCom.2017.8210843

Anil K. Jain, Data clustering: 50 years beyond K-means, Pattern Recognition Letters, Volume 31, Issue 8,
2010, Pages 651-666, ISSN 0167-8655, http://dx.doi.org/10.1016/j.patrec.2009.09.011

Hameed, Z., Zahia, S., Garcia-Zapirain, B., Javier Aguirre, J., & Maria Vanegas, A. (2020). Breast cancer
histopathology image classification using an ensemble of deep learning models. Sensors, 20(16), 4373,
https://doi.org/10.3390/s20164373

Gupta, K., & Chawla, N. (2020). Analysis of histopathological images for prediction of breast cancer using
traditional classifiers ~ with  pre-trained  CNN. Procedia Computer  Science, 167, 878-889,
https://doi.org/10.1016/j.procs.2020.03.427

Lim, M., Kim, D., Chung, D., Lim, H., & Kwon, Y. (2018). Deep convolution neural networks for medical
image  analysis. International  Journal — of  Engineering  and  Technology, 7(3.33), 115-119,
https://doi.org/10.1016/j.procs.2020.03.427

Jia, H., Peng, X. and Lang, C., “Remora optimization algorithm”, Expert Systems with Applications, vol. 185,
pp-115665, 2021, http://dx.doi.org/10.1016/j.eswa.2021.115665

Wang, G.G., Guo, L., Gandomi, A.H., Hao, G.S. and Wang, H., “Chaotic krill herd algorithm”, Information
Sciences, vol. 274, pp.17-34, 2014, https:/link.springer.com/article/10.1007/s10462-017-9559-1
BreCaHADdataset, “https://figshare.com/articles/BreCaHAD A Dataset for Breast Cancer Histopathologi
cal_Annotation_and Diagnosis/7379186", accessed on October 2020

360


https://doi.org/10.3233/CBM-230251
http://dx.doi.org/10.1371/journal.pone.0256500
https://doi.org/10.3390/cancers14215334
https://doi.org/10.3390/cancers13215384
https://doi.org/10.48550/arXiv.2110.01606
https://doi.org/10.1049/ipr2.12035
https://doi.org/10.3390/diagnostics13010067
http://dx.doi.org/10.3390/cancers15102704
http://dx.doi.org/10.19072/ijet.280563
https://doi.org/ISERC2015
https://doi.org/10.4103/jmss.JMSS_2_18
https://doi.org/10.48550/arXiv.1505.04597
https://doi.org/10.3390/cancers16122222
https://doi.org/10.1109/HealthCom.2017.8210843
http://dx.doi.org/10.1016/j.patrec.2009.09.011
https://doi.org/10.3390/s20164373
https://doi.org/10.1016/j.procs.2020.03.427
https://doi.org/10.1016/j.procs.2020.03.427
http://dx.doi.org/10.1016/j.eswa.2021.115665
https://link.springer.com/article/10.1007/s10462-017-9559-1

Author Biographies

First Author Eliganti Ramalakshmi is currently working as an Assistant Professor in the
department of Information Technology, Chaitanya Bharathi Institute of Technology and having an
overall 22 years of teaching experience. She Completed her B. Tech from JNTU, Kakinada and
Masters from JNTU, Anantapur. She is pursing Ph.D. from JNTU, Kakinada. Her area of interest is
Image Processing, Computer Vision, Microprocessors and Internet of Things. She guided around
40 UG projects. In her Credit she published around 20 research papers in international conference
and international journals. She has been invited to take guest lectures as part of Infosys Campus
Connect Program in the Campus. She can be contacted at email: eramya2@gmail.com.

Second Author Dr. Loshma Gunisetti , has a BE, MTech and PhD (CSE). She is a Professor and
Head of the AIML Department at Sri Vasavi Engineering College, Andhra Pradesh. She completed
her BE at Priyadarshini College, Nagpur, MTech from JNTUK, and PhD in Text Mining from
JNTUH. With 22 years of teaching and one year of software industry experience, she has held
administrative roles as HOD of CSE and MCA. She has published 37 papers and specialises in text
mining, Al, ML, data science, and deep learning. She has received awards for her contributions,
including the ‘Outstanding Woman Researcher in AI” and ‘Distinguished Faculty in CSE. She can
be contacted at email: loshma@gmail.com.

Third Author Dr. Sumalatha Lingamgunta, is a Professor of CSE at University College of
Engineering Kakinada, INTUK, has over 22 years of experience. She holds a BTech from Acharya
Nagarjuna University and MTech and PhD from JNTU in CSE. She has supervised around 80 PG
and 68 UG theses, focusing on Cyber Security and Machine Learning. She is currently supervising
15 PhD scholars. With 58 research publications, 196 citations, an h-index of 8, and an i10-index of
6, she is an accomplished researcher. She is a Senior Member of IEEE, Fellow of IETE, and holds
other professional memberships.She can be contacted at email: Isumalatha@jntucek.ac.in.

361



	1. Introduction
	2. Related Work
	3. Methodology
	3.1. Dataset Description
	3.2. Image Acquisition & Pre-Processing
	3.3. Segmentation Using U-Net and U-Net++ Architectures
	3.4. Feature Extraction
	3.5. Breast Cancer Detection Using Proposed RKHO

	4. Results and Discussions
	4.1. Performance Metrics
	4.2. Experimental Results
	4.3. Comparative Performance Analysis

	5. Conclusion
	References

