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Abstract-Breast cancer is the most dangerous and deadly form of cancer. Initial detection of breast cancer can significantly improve treatment
effectiveness. The second most common cancer among Indian women in rural areas. Early detection of symptoms and signs is the most important
technique to effectively treat breast cancer, as it enhances the odds of receiving an earlier, more specialist care. As a result, it has the possible to
significantly improve survival odds by delaying or entirely eliminating cancer. Mammography is a high-resolution radiography technique that is
an important factor in avoiding and diagnosing cancer at an early stage. There are numerous procedures and approaches for detecting cancer in the
tissues of the breast. This work presents the image processing, segmentation, and deep learning methodologies and approaches for the diagnosis
of breast cancer. This research will help people make better decisions and use trustworthy techniques to find breast cancer early enough to save a
woman's life. Pre-processing, segmentation, and classification are some of this system's steps. We've included a thorough study of several
techniques or processes, along with information on how they're used and how performance is measured. The stated results lead to the conclusion
that, in order to increase the chances of surviving breast cancer, it is crucial to develop new procedures or techniques for early diagnosis. For
researchers to effectively diagnose breast cancer, segmentation and classification phases are also difficult. Therefore, the precise diagnosis and

categorization of breast cancer still require the use of more advanced equipment and techniques.
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I. INTRODUCTION

Breast cancer is currently the second greatest cause of
mortality for women worldwide, and more than 8% of women
will be diagnosed with it during their career. It is the important
reason of cancer deaths between women in poor countries. It
kills more people than any other disease and is the next
important reason of cancer demise between women in advanced
countries, following lung cancer. [1]. Mammography has played
a significant role in breast cancer screening and has resulted in
a reduction in disease mortality. The fundamental purpose of
these investigations is to appropriately detect cancer cells.
Incorrect detections in mammography pictures due to
radiologists' errors of diagnosis analysis due to physician fatigue
or optical illusion prompted the search for a way to automate the
process. In 10 to 30% of cases, radiologists fail to identify
tissue. Automatic segmentation algorithms were employed to
eliminate human errors in segmentation. One of the most
important phases in image processing is segmentation. For
better analysis, it separates digital images into various sections.
Patients with breast cancer who are diagnosed early have a
better chance of surviving [2]. Mammaography has been the best
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perfect for breast cancer screening, despite its efficacy in
lowering mortality rates [3], and its performance is determined
by breast density. Mammography also exposes women to higher
levels of radiation and is less effective in younger women [4]
[5]. Thermography, in contrast, offers a practical non-invasive
breast cancer screening option to mammaography that is non-
ionizing, non-contact, and inexpensive [5]. Modern
thermography-based analysis methods, according to research,
are capable of accurately diagnosing breast cancer [6].

The first stage explains the proposed algorithm for
noise removal, which is the New Average high noise density
median Filter. The next stage we proposed Automatic
SegmenAN, a novel end-to-end Adversarial Network planning
for semantic segmentation with a multi-scale L1 loss function.
To eliminate unnecessary complexities, it is suggested that it
outperforms the Convolutional neural network (CNN) for all
feature extraction and classification processes. A convolutional
neural network is suggested in this approach, which is based on
the Butterfly optimization algorithm. The key benefit of
employing Zernike moments for extracting form features is their
scale, interpretation, and rotation similarity trait, which in our
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situation enables skipping several pre-processing steps. The
breast cancer image dataset was compiled from archives of
tumour treatment. Here, the deep convolutional neural network
receives direct training data via the Butterfly optimization
algorithm. The single DCNN method utilizes feature removal,
decrease, and classification. By identifying the number of
periods of history and training pictures for the Deep CNN, the
optimization process enhances efficiency levels and lowers
error rates in this method. The next stage to diagnose malignant
mammograms and tumor size, features from pre-processed
pictures are retrieved and subjected to a variety of classifiers;
the findings of the best method, in this case DeepCNN, are then
taken into consideration for further analysis. There are six
categories for mammograms that DeepCNN has classified as
malignant. Once more, the classifier (DeepCNN) is utilised for
multi-classification employing the one versus all strategy. The
max, median, and mean rules are used to aggregate the outcome
of all classifications. It has been highlighted that the findings are
very encouraging and that the max rule's accuracy in classifying
anomalies is greater than 96%. This methodology includes
algorithms that help for the classification of the tumor and detect
the cells more accurately and take less time as well.

Il. RELATED WORK

Since pre-processing algorithms have a substantial
impact on the accuracy of segmentation and classification
methods, Hanife Avci [2023] [7] proposed to identify the best
mix of pre-processing processes to improve the explanation and
organization of mammography pictures. The effectiveness of
combining various pre-processing techniques in identifying
benign and malignant breast tumours was examined in this
study. The mini-MIAS database utilised all lesion detection
image processing techniques.

In order to increase the segmentation performance of
changing tumour sizes, Narinder Singh [2022] [8] suggests a
cross spatial attention guided beginning U-Net (RCA-I Unet)
typical with minimal training parameters for tumour
segmentation utilising breast ultrasound imaging. On double
widely accessible datasets, the proposed model's segmentation
performance is validated using traditional segmentation
evaluation criteria, and it outperforms previous state-of-the-art
segmentation models.

In her review paper, Rashmi R [2022] [9] examines a
variety of conventional and deep learning-based methods for
analysing breast cancer histopathology images. First, the
features of histologic breast cancer images are discussed. There
is a comprehensive description of the many potential areas of
interest, which is essential for the creation of Computer-Aided
Diagnostic systems. They give a rundown of current
developments and decisions in the arena of medicinal image
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processing. Finally, a comprehensive assessment of the several
challenges that BCHI analysis entails, as well as the future
scope, is provided.

Saliha Zahoor [2022] [10] suggests an algorithmic
method for diagnosing breast cancer using a CAD system. In
this method of selecting the elements, recursive feature
elimination (RFE) and deep neural networks (DNN) were used
for free. DNN with many types of layers outperformed SVM in
terms of classification rate. Therefore, deep learning was
employed by the researchers to classify excitable data. On the
source of sensitivity, accuracy, specificity, and recall and
precision the device's effectiveness is evaluated. According to
the findings, the accuracy was 98.72%, which is higher than
other cutting-edge techniques. The outcomes demonstrate that
the system operates knowingly improved than the current
system.

Jabeen Kiran [2022] [11] The suggested framework is
divided into five major sections.: (i) A DarkNet-53 typical is
taken into consideration, and the production level is changed
depending on the programs in the enlarged dataset; (ii) the
altered typical is qualified expending learning system, and
structures are removed from the world normal combining level;
(iii) training dataset is executed to enhance the size of the
existing set of data for great educational of Convolutional
Neural Network (CNN) designs; (iv) The results are attached
expending a novel possibility established serial procedure then
categorised expending ml systems. (iv) The greatest structures
are picked utilising 2 enhanced methods identified as RDE and
rehabilitated grey wolf (RGW). The accuracy obtained in the
trial, which used an enhanced dataset of Breast Ultrasound
Images (BUSI), was 99.2%. The suggested framework works
better than current methods when evaluated to them.

For Muhammad Junaid Umer's [2022] [12] goal of
multi-class breast cancer diagnosis, a new 6B-Net deep CNN
ideal, with new processes, remained established. The BreakHis
database, which has 8 categories and 7908 pictures, and the
breast cancer histology dataset, which has 3861 pictures in 4
categories, were both utilised to evaluate the suggested
technique. With a classification training stage of 225 seconds
for 4 categories of breast cancer, the suggested technique
obtains a multi-class average accuracy of 93.20%.

Asma Baccouche [2022] [13] pioneered the final stage
of breast mass categorization and detection by employing a
stacked ensemble of ResNet models. The aim in this piece is to
determine whether identified and divided breast masses are
malignant or benign, and to diagnose the Breast Imaging
Reporting and Data System (BI-RADS) evaluation group with
a mark between two and seven, as well as whether the mass is
oval, spherical, lobed, or uneven. The outcomes show that our
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suggested effective system could exceed the most recent deep
learning techniques by taking advantage of all computerized
phases.

Subasish Mohapatra [2022] [14] analysed the
efficiency of numerous Architectures, including AlexNet,
VGG16, and ResNet50, by creating sections of them from
scratch and utilising transfer learning with which was before
values on others. Using mammography pictures from the mini-
DDSM data, which is freely accessible, the aforementioned
system classifications were evaluated and trained. Therefore, a
90:10 ratios are employed as the testing approach. When
adjusted using pre-trained weights, AlexNet demonstrated
precision of 65%, while VGG16 and ResNet50 shown accuracy
of 65% and 61%, correspondingly. When learned from
beginning, VGG16 fared noticeably worse whilst AlexNet beat
another. The performance of VGG16 and ResNet50 was good
when transfer learning was used.

I1l. PROPOSED FRAMEWORK

This section presents the recommended framework for
breast cancer classification using pictures. Figure 1 depicts the
proposed new framework design. First the acquisition process,
pictures were collected. It is possible to obtain accurate
diagnosis images by removing these noises without affecting the
edges and tiny features. Second automatic segmentation of the
breast part using Mammography pictures can help reduce the
area available for cancer search while also saving time and
effort compared to manual segmentation. Third to eliminate
unnecessary complexities, it is suggested that it outperforms the
Convolutional neural network (CNN) for all feature extraction
and classification processes. A convolutional neural network is
suggested in this approach, which is based on the Butterfly
optimization algorithm. To diagnose malignant mammograms
and tumor size, features from pre-processed pictures are
retrieved and subjected to a variety of classifiers; the findings of
the best method, in this case DeepCNN, are then taken into
consideration for further analysis.
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Fig.1. The framework for Brest cancer detection using DeepCNN
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A. High Noise Density Median Filter (HNDMF)

This section explains the suggested system for noise
removal, which is the New Average high noise density
median Filter. A 3*3 window is selected from the image, and
the processing pixel is examined in the designated 3X3
window to see if the processing pixel is degraded by the noise
or not. The New Average high noise density median Filter.
(HNDMF) was proposed in this paper, and it operates in two
steps for each pixel. filter can decide whether the test pixels
is degraded by SPN. A detector recognises faulty pixels in the
first stage, in the second stage, an algorithm replaced by noise
free processed pixel, the New average suggested Filter
produced for this window. When the computation pixel's
pixel value is between the image's maximum and minimum
grey level values, it is mentioned to as a non-noisy/noise free
pixel; otherwise, it is referred to as a noisy pixel. The noise
removal performance of the High Noise Density Median
Filter is evaluated for SPN in this paper. The HNDMF results
are compared to the existing filters such us Wiener Filter,
Gaussian Filter and PDBTMF for cancer image. The basic
aspects of the denoising technique are the recognition of
strident pixels and the additional of noisy pixels with noise-
free pixels through filtering techniques. The simulation
results of this planned method, as well as existing denoising
algorithms such as Wiener Filter, Gaussian Filter and
PDBTMF for cancer image, are analyzed in this part. To

Conv4x4  Conv 4x4 Conv 4x4

Input image Conv 4x4 Conv 4x4

Fm—————

Conv3x3  Conv3x3 Conv 3x3 Conv 3x3

evaluate the denoising system, both subjective and
guantitative evaluations are done. benchmark images are used
to put the following image processing methods to the test. The
outcomes of the various algorithms are checked using images,
and the findings are compared both visually and
quantitatively.[15]

B. SegmenAN Architecture

Segmentor: For the segmentor S network, we adopt a fully
convolutional encoder-decoder structure. We utilise a
convolutional layer with kernel size 4 x 4 and stride 2 for
down sampling, and a factor of 2 image resize layer and a
convolutional layer with kernel size 3 x 3 stride 1 for up
selection. We also follow the U-net and create hidden layers
among the relevant layers of the encoder and decoder.

Critic: The decoder in S and the critic C both share a similar
structure. The multi-scale L1 loss is calculated using
hierarchical attributes collected from various levels of C. This
techniqgue may capture long- and short-range spatial
interactions between pixels by wusing hierarchical
characteristics such as pixel-level features, low-level (e.g.,
super pixels) features, and middle-level (e.g., patches). Figure
2 depicts additional data such as activation layers (e.g., leaky
ReLU), batch normalisation layers, and the total number of
feature maps used in each convolutional layer.
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Fig. 2 Semnan’s suggested architecture, which comprises critic networks and a segmentor. Encoding is done using 4 x 4 convolutional layers at speed 2 (S2) and
the necessary number of feature maps (e.g., N64), while decoding is done with image resize layers at factor 2 (R2) and 3x3 convolutional layers at stride 1.
Masked images are formed by multiplying a label map pixel by pixel with (the various channels of) an input image. Although only one label map is presented here
(for comprehensive breast cancer segmentation), the segmentor can generate several label maps in a single path (e.g., for breast cancer core and Gd-enhanced
breast core core).

IJRITCC | July 2023, Available @ http://www.ijritcc.org

274


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 11 Issue: 8s
DOI: https://doi.org/10.17762/ijritcc.v11i8s.7206

Article Received: 24 April 2023 Revised: 11 June 2023 Accepted: 26 June 2023

C Training SegmenAN

SegmenAN segmentor S and critic C are trained via
backpropagation from the predicted multi-scale L1 loss. In the
first stage, we fix S and train C alternately using gradients
calculated from the loss function, and in the second step, we fix
C and train S alternately using gradients computed from the
same loss function supplied to S by C. As shown in (2), S and
C's training is comparable to a min-max game in that G wants
to minimise multi-scale feature loss while C tries to maximise
it. The S and C networks both gain strength as training
progresses. Last but not least, the segmentor will be able to
predict label maps that are very similar to the actual data as
labelled by experts. Additionally, we found that S-predicted
label maps are cleaner and have less noise than manually
derived ground truth label charts.

D.Deep CNN.

CNN is an illustration of a deep learning technique. The
DNN model of the convolutional neural network does the
same action. The suggested Deep CNN is designed to
differentiate among normal, benign, and malignant cancer
based arranged their respective features.

E.Butterfly Optimization Algorithm(BOA)

The method called the butterfly optimization
algorithm was developed. A description of butterfly foraging
and pairing is created by the method. 3 possibilities are put up
by BOA: (1) All butterflies give off a scent that draws them to
one another; (2) Every butterfly flits about at random or flies
toward the one with the strongest fragrance; and (3) The
geography of the fitness function determines the butterfly's

() Normal

(b) Benign

stimulation level. The scent adjusts to the butterflies'
movements. The global search phase is when butterflies fly
haphazardly because they are unable to sense the scent network
that all butterflies build. This stage is known asthe local search
phase and occurs as the butterflies approaches the butterfly
with the maximum density of smell. The preceding
mathematical formulation is used by BOA to tackle the
optimization model using both global and local search.

F. Malignancy detection.

Malignancies are categorised to help in diagnosis.
Categorization is a method for organising input sequences into
similar  classes.  Classification  accuracy, technique
effectiveness, and high computational power should all be
considered while picking a positiveness. Unsupervised and
supervised classification are the two main categories of
categorization. Within multi-spectral information, unsupervised
categorization uncovers innate groups or patterns. Unsupervised
categorization has the benefit of not requiring considerable prior
knowledge of the area, therefore the algorithm is not explicitly
directed. The method of classifying samples with uncertain
identities is known as supervised classification. Information
sequences are given along with the classifications, and
supervised classification has the characteristics of requiring in-
depth domain expertise. Therefore, supervised classification is
more focused and under supervision, which unquestionably
improves accuracy. By evaluating training data to assess how
well they have been accurately categorised, it ought to be able
to spot serious mistakes. Figures 3 depict the mammogram
images for benign and malignant tumours

(c) Malignant

Figure 3: Mammogram image. (a) Normal, (b) benign, and (c) malignant

G. Digital breast tomosynthesis (DBT)

Digital breast tomosynthesis (DBT), which has
improved screening and diagnostic imaging results, is
increasingly used for breast mammography imaging. Lesion
recognition, characterisation, and localization are improved
thanks to the additional information gained from the
tomosynthesis acquisition, which reduces the confusing
influence of overlapping tissue. Additionally, compared to
solely using two-dimensional full-field digital mammography
for imaging, the reconstructed DBT data set's quasi three-

IJRITCC | July 2023, Available @ http://www.ijritcc.org

dimensional information enables a more effective imaging
work-up.[16]

IV. EXPERIMENTAL RESULTS.

The proposed method calculates the 2-D discrete
cosine transform of the image. To simplify calculation and
boost system throughput, we restrict the number of features
vectors used for categorization to the top seven highest
frequency content. We have employed a variety of
classifications to categorise mammograms, and our results have
shown that DeepCNN, Support Vector Machines (SVM), and

275


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 11 Issue: 8s
DOI: https://doi.org/10.17762/ijritcc.v11i8s.7206

Article Received: 24 April 2023 Revised: 11 June 2023 Accepted: 26 June 2023

KNN are the best. The outcomes listed in Table 1 and table 2 as
well as Figures 5 and 6 of both the plot represent the best of 100
runs. Results vary between 5 and 10% depending on the
predictor. The Mammaographic Institute Society Research
served as the project's data (MIAS). The mammography has a
resolution of 200 microns and a size of 1024 x 1024 pixels. This
collection covers 322 mammograms of the right and left breast
from 161 women, of which 54 had cancer, 69 had benign
cancer, and 207 had ordinary cancer. This data containing a
folder that tilts the mammograms in the MIAS record and offers
pertinent information, such as the category of abnormality, X, y,
and estimated size (in pixels) of a round surrounding the
irregularity. The types of detected anomalies are used to
categorise the abnormalities.

A. Comparative analysis of clinical data and pathological
characteristic data in patient’s breast cancer tumor size.

The results demonstrated that the triple-negative and
HER2-overexpressed subtypes had larger tumours than the
luminal A, B, C, D, and luminal E subtypes in these subtypes
(Fig. 4). The tumour diameters were 11.86+0.59, 2.31+0.92,
3.74+1.94, 3.12+ 1.74 and 3.26+1.81, in the luminal A, B, C,
D, and luminal E, triple-negative, and HER2 overexpression,
respectively. However, statistical analysis showed no

appreciable variations in tumour size between these five groups
in fig 3. The HER2 overexpression tumour had a considerably
greater calcification score than the other tumour.

Figure 4. Tumors in different types of breast cancer. The yellow circles indicate the location of the lesion. (A) Luminal A subtype. Tumor size,
1.7x1.5 cm. (B) Luminal B subtype. Tumor size, 2.3 cm. (C) Human epidermal growth factor receptor 2-overexpression subtype. Tumor size,
7x6 cm. (D). Tumor size, 1.4x1.0 cm (D). (E) Tumor size, 1.7x1.5 cm

V. PERFORMANCE MEASURES.
A.Classification accuracy

This section explains the experimental results
derived for breast cancer classification using DeepCNNs.
Implementation has been made in the Python framework.
classification results in table and graphical form are shown in
Table. 1 and Fig.5, respectively.

TABLE 1 DISPLAYS THE CLASSIFICATION OF MALIGNANT MAMMOGRAPHY

OUTCOMES.
Method Accuracy (%)
Neural Network with DCT 63.03
Bayesian Network with DCT 63.01
K-NN with DCT 89.5
Support vector Machine with 98.1
DCT
DeepCNN with DCT 98.9
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Fig. 5 Graph representation for accuracy results
B.Framework overall results

We calculated and analysed the MEFBUD DCNN
Model classifier's accuracy, sensitivity, and specificity for
detect tumor size in order to evaluate its efficiency.
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TABLE 2 DISPLAYS THE MEFBUD DCNN MODEL CLASSIFIER'S ACCURACY

Method | Accurac | Sensitivi | Specifici | Precisio | F1

y ty ty n Scor
e
MEFBU 98.21 99.83 67.3 99.7 99.7
D
DCNN
Performance Measure Of MEFBUD
DCNN
120
98.21 99.83 99.7 99.7
100
80 67.3
8
=) 60
©
>
40
20
Accur  Sensit Specif = Precis F1
acy ivity icity ion Score
MEFBUD DCNN 98.21 99.83 67.3 99.7 99.7
METRICS

Fig .6. Graph representation of MEFBUD DCNN results
VI. CONCLUSION AND FUTURE WORK.

The proposed MEFBUD DCNN system was
created to classify breast cancer from mammography pictures
and determine the size of the tumour. This technology does
evaluation in many stages. These phases are utilised to
categorise mammograms into malignant and benign tumor
size. Then, to identify any abnormalities found in the
mammograms, malignant pictures are once more identified
using the one against all technique, which includes DCNN
with DCT. The data are chosen for their dependability and
have also been anonymized, guaranteeing privacy. The
estimation result of the DCNN with DCT technigque has 10
attributes, with a single class representing the dependent
variable making it 11 fields. The performance of
classification was already found to be superior to that of the
competition. This is as a result of the dataset's uniformity.
SVM and DCNN classifiers are preferred by the developed
framework for categorising malignant and benign
mammograms. Excellent outcomes were achieved using one
against all methods for multiple classification. All trials
demonstrate that, when matched to recently suggested
technique, the suggested technology offers remarkably
successful outcomes. In order to recognize malignant in
mammography, we have an average classification accuracy
of 98.99%. The proposed method will offer us a single

IJRITCC | July 2023, Available @ http://www.ijritcc.org

dominant abnormality but is unable to detect other
abnormalities that are present in mammography images. In
this case, the mean rule, which is producing the best results,
should be used. Future work will address this problem. The
research's next steps will be to optimise the features so that
we may only use those that maximise accuracy. The second
step will be to quantify the thickness and area of the tumour
region.
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