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Deep Learning Techniques for Breast Cancer Detection

Abstract: According to current cancer data from India, 30% of
cases had breast cancer, and this percentage is projected to climb
shortly. According to the statistics, individual female is identified
every two minutes and individual dies every nine minutes. When
cancer patients are diagnosed early, their lives are saved.
Microcalcifications are recognized as a significant signal for
diagnosing early-stage breast cancer. Numerous scientific
investigations have out to battle this sickness, for different types of
machine been carried learning approaches widely used. Particle
Swarm Optimization (PSO) has been identified as one of various
effective and promising ways of detecting breast cancer and
supporting pharmaceutical experts in giving timely and suitable
treatment.

Index Terms——Breast cancer, Convolutional Neural Networks,
Mammogram, Microcalcifications.

I. INTRODUCTION

The goal of this study is to create an Al-powered breast cancer
identification system based on two-dimensional grayscale
ultrasound images. Diagnostic mammography can discover
abnormal breast cancer tissue in persons who have minor and
inconspicuous cancer symptoms. Because of the enormous
quantity of photos, this approach cannot applied to investigate
cancer-suspected locations adequately. According to one study,
over half of all breast cancers are missed during testing on
women with dense breast tissue [1]. Despite this, one-quarter of
breast cancer individuals are diagnosed within two years of
being tested. As a result, detecting breast cancer early and
accurately is crucial. An artificial intelligence technique that can
discriminate between benign and malignant breast tumours [2].

Dr. William H. Walberg of the University of Wisconsin Hospital
examined the breast cancer dataset using machine learning
approaches as well as LR, KNN, SVM, NB, RF, and revolution.
The results show that LR with all attributes achieved maximum
accuracy. Delen et al. [3] used a large dataset to create
prediction models by integrating two data mining approaches,
DT, artificial neural networks, and logistic retrogression as a
mathematical tool

To get unbiased estimates for the three prediction models, they
examined the performance of three prototypes through 12-fold
cross validation rules. To enhance breast cancer detection,
Google researchers have collaborated with teams from
DeepMind, Cancer Research UK Imperial Institute,

Northwestern University, and Royal Surrey County Hospital
during the past two years. The WDBC dataset was used to build
this model. The Al model reduced false positives by 5.7% and
1.2%, respectively, in the US and the UK. The prototype also
caused a 9.4% fall in counterfeit denials in the US and a 2.7%
decline UK.

Research worker also looked at the possibility of extending
the approach to different healthcare delivery systems The
model was trained entirely on data from women in the United
Kingdom before being tested on data from women in the
United States. The model decreased false positives by 3.5%
while lowering false negatives by 8.1%. This shows that the
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model can generalize to modern clinical situations while
outperforming specialists

Grap et al. studied six machine learning approaches that
predicted breast cancer: the Gated Recurrent Unit (GRU) with
SVM, LR, multilayered perceptron’s, K-Nearest Neighbors
Algorithm, softmax regression analysis, and Support Vector
Machine [4]. Most mammography-based breast cancer
screenings are done regularly for all women, usually once a year
or every two years.This "one-size-fits-all" screening strategy is
poor at identifying cancer on an individual basis and could
undermine screening efforts. Existing prediction approaches
may only assess mammographic images or demographic risk
indicators without taking into account other important factors.
Furthermore, because these models are precise enough to
identify high-risk women, more frequent screenings and
invasive sampling using Magnetic Resonance Imaging (MRI)
and Ultra-Sound may be necessary. Patients may face financial
and psychological difficulties.

The second phase was data preparation, which included the
removal of five male records. leaving a total of 1100 records.
When the laboratory results arrived, several of the patients'
laboratory characteristics that were outside of the permissible
range were sent to the central registry. Furthermore, for records
with missing data, the maximum frequency approach or the
same mod was applied. Finally, to balance the training data due
to the variation in the number of recorded study courses, the
Synthetic Minority Over Sampling Method (SMOSM) was
applied.

It has the potential to increase diagnostic accuracy while
decreasing the number of needleless breast biopsies conducted
in clinical settings. The study's major goal is to use BUS images
to recognize breast cancer, which is divided into three kinds
(benign, malignant, and aggressive). They employed 780 BUS
pictures in their investigation, and the support vector machine
classifier reached 95.60 percent accuracy. Drukker et al. (2014)
developed a computer-aided diagnostic technique for identifying
breast cancer.

They had a 92.95% success rate. Liu et al.19 used BUS images
to show a classification strategy for identifying breast cancer. To

decrease  dimensionality, they Laplacian
regularization.

used iterated

100 pathology photographs (50 of malignant tumours and 50 of
benign masses) were chosen to test the proposed methodology.
Log-compressed K-distribution was used by Takemura et al.
[20] to identify breast tumours. The proposed method was testedon
100 ultrasonic images, which included 50 carcinomas, 25 fibro
adenomas, and 25 cysts. Using the AdaBoost.M2 ensemble
classifier, they achieved 100% accuracy. An Artificial Neural
Network (ANN) method was created by Joo et al. [21] for the
purpose of determines breast chunks in BUS images. With 99
malignant and 150 benevolent cases, they were 91.40 percent
accurate. The accuracy of earlier BUS picture-based approaches
was average.

The ground-breaking grid-based mysterious feature generator
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presented by this paper is used to develop a unique computer
vision framework.

Our feature generator's primary objective is to provide robust
classification skills, comparable to those of exemplar- or patch-
based deep models, but with a more challenging temporal
burden. To make the sample feature creation more efficient
without sacrificing complexity, the used ultrasonic picture is
segmented into lines and columns. A grid of size 55 may contain
25 exemplars in an exemplar model, for instance. The 25
exemplars should be utilized to extract features for the feature
generator. However, we might be able to produce 10 grids for a
55-inch mask using the techniques we've mentioned. Making a
decision on which network to utilize is another difficulty with
deep learning-based models.

As a result, many researchers relied on tribulation and error to
choose the optimal model to tackle their issues. In this paper, we
presented a paradigm that used 16 CNNs. The offered system
engenders an error vector that is then utilized to select the best
model (or models). For this study's framework, a grid-based
feature generator is added in order to achieve high accuracy for
this assignment.

Currently, 88% of women who are diagnosed with breast cancer
survive the disease for 10 years. Around 12% of women in the
United States were identified during the course of their lifetimes,
and this was acknowledged as the second biggest cause of death
in women [2]. In numerous engineering sciences domains,
classifiers like artificial neural networks are being used
increasingly often to analyses time series and other classification
problems.

Patient survival rates have increased as a result of the recent
advancement of procedures for early detection of breast cancer.
Methods such as X-ray mammography and MRI (Magnetic
Resonance Imaging) are now widely used with few side effects
and limits. Because of the hazards of ionizing radiation, X-rays
should only be used on patients for a short period of time. MRI
technology, on the other hand, is costly, whereas mammography
is less expensive but more challenging to give consistency and
accuracy in detecting breast cancer. Errors also arise during the
analytical procedure.Algorithms for supervised machine
learning including KNN,SVM, and LSSVM are being developed
in order to increase accuracy and reduce errors. These models
effectively classify features as normal or pathological. These
methods are difficult, if not arduous, and have a low CR. To
address all of the disadvantages of breast cancer, an optimal
classification model is necessary, for which image-processing-
based machine learning algorithms are being developed to
identify cancer and non-cancer image, including mammography
images. The feature extraction process is crucial because
characteristics are critical in identifying benign from malignant
breast cancer. After obtaining the features, the segmentation
method is utilized to get picture properties such as depth,
coarseness, smoothness, and regularity.

As a result, the edge, shape, and other static qualities of the
lesion, as well as its early development and signal change,.
which have dynamic features, are critical in determining
whether a tumour is benign or malignant. Because of the
multi- angle, multi-faceted imaging, MRI pictures are
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typically clear and comprehensive. Surface coils have been used
for therapeutic purposes in the breast, and MRI technology has
improved. Nonetheless, both the true positive and true negative
rates of breast cancer diagnosis are improving concurrently [6].
The remainder of this work is shown below. Section 2
summarizes important research; Section 3 elaborates on the
suggested strategy; and Section 4 summarizes the experiments
and assesses the outcomes.

Il. RELATED WORKS

This section highlights a few comparable breast cancer
diagnostic initiatives that employed varied optimization
methodologies. Breast cancer is widely recognized as one of the
most fatal and devastating cancers among women, thus detecting
it early is more advantageous in terms of giving treatment and
saving patients' lives. Many methods for detecting breast cancer
have been developed to overcome various challenges, and a few
of these are discussed here. In 2016, Asri et al. [7] forecasted
and classified WBC actual datasets using machine learning
algorithms. SVM, Nave Bayes, KNN, and decision tree C4 were
among the classifiers utilized. When used with the Weka tool,
SVM produced an accuracy [8].

The cancer tissues were subsequently segmented and separated
using a probabilistic Fuzzy Clustering technique. As a result, our
method showed acceptable for processing bigger cancer datasets
in order to enhance accuracy. Textural characteristics were then
extracted utilizing techniques like the gray area coefficient and
the linear binary pattern. Although dealing with more datasets is
tough and adds processing time, the attained accuracy was 94%.
Aalaei et al. [9] classified breast cancer using genetic meta-
specificity reduction. The datasets WBC, WDBC, and WPBC
were utilized to select which Artificial Neural Network (ANN)
cluster was employed.

Using the WBC, WDBC, and WPBC datasets, the technique's
estimated accuracy was 96, 96.1, and 76.3, respectively.
Accuracy may be improved even with a limited feature set.

Nilashi et al. [10] developed a fuzzy logic-based knowledge- based
system in 2017. The process was carried out in three stages: First,
data from the Wisconsin Breast Cancer Study were analyzed. Using
the Expectation Maximization (EM) clustering technique, the data
was then divided into comparable groups. Finally, once the features
were reduced using PCA, the fuzzy rule set was classified as data
using a regression tree.

The categorization process may be challenging at times when rules
that are learned are used with datasets. In [11], the Bat algorithm
was used to choose the best features for identifying breast cancer.
286 samples from the WDBC dataset were selected for feature
selection using a straightforward random sampling strategy. An
accurate overall ranking was carried out after feature selection
based on categorization similarity utilizing Random Forest (RF).
Selecting attributes may be difficult when samples are picked at
random. The Bat algorithm

[12] was enhanced by Dore Swamy et al. to recognize breast cancer
image.

The goal was to calculate the incidence of breast cancer. After
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lowering specificity, the PSO algorithm and decision tree C4.5
were used to classify the 699 pre-processed UCI data samples
into two categories: malignant and benign.

The accuracy percentage was 95.61 percent. Sahu et al. [14]
classified and diagnosed breast cancer using a hybrid method. It
was discovered that ANN classification beat PCA feature
reduction and other clusters by 97%. The trial employed 699
samples and 9 criteria to determine whether they were benign or
malignant. Even if the outcomes are better, each approach has
flaws and limits. Gao et al. combined shallow and deep Al to
create SD-AI [15]. Shallow.

Deep Al was utilized to uncover LE-related innovative
characteristics, whereas Al was employed to extract the "virtual"
recombination of photos using less energy.

Furthermore, LE information on nonlinear mapping was
acquired to recombine photos. Deep Al and shallow Al were
constructed utilizing 49 CEDM each. The accuracy of the
methodologies used was enhanced, as was the AUC
performance. Ting et al. created Al-BCC [16],

which assisted doctors in the early identification of breast
cancer. Images of breast cancer were categorized as benign,
malignant, or healthy using this model, which improved the Al
classification. Based on the study, this approach improves
sensitivity, accuracy, and AUC.

The diagnosis and classification algorithms were not tested and
evaluated using three different breast cancer datasets. The
current study sets itself apart by reducing detection costs, using
a superior classifier without the drawbacks of aggressive
methods, achieving higher detection accuracy than the cited
paper, using titles appropriate for the available data, and
conducting extensive comparisons with prior research.
PROPOSED METHODOLOGY

Computer vision methods based on deep learning have
improveddetection performance.. Deep models, on the other
hand, have extremely high temporal complexity as a result of
their intense training approach. Transfer learning was used to
tackle this challenge. Transfer learning and sixteen CNNs are
used to createa simple and effective approach. Furthermore,
CNN's categorization abilities differ. A new deep learning
framework is provided to choose the finest CNNs for the
exciting computer vision challenge. Furthermore, local
characteristics have an important influence in achieving high
performance. Deep models based on patches, such as
multilayer perceptron mixers and vision transformers, have
achieved remarkable classificationperformance as a result.

Patch/exemplar-based models, on the other hand, generate
extremely big features. Using 16 pre-trained CNN models, a
novel grid-based deep feature generator is presented to
capitalizeon the efficacy of patch- or exemplar-based models
with less features. Difficulties are managed by utilizing the
given framework and picking the appropriate deep feature
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generator, resulting in excellent accuracy with less features (less
complicated feature development technique).

Fig. 1 below depicts the methodology's process in its entirety.
This section discusses the phases, which include pre-processing,
segmentation, and feature extraction. To ensure classification
accuracy, an Al classifier is used.

Fig. 1. Architecture of the Proposed technique

— T
R —

Input Dataset

-~—

v v v

Validation
Split

A. Preprocessing Steps

Step 1: Find a breast image to use as input.

Step 2: The raw picture given as input is shrunk to 256 256
pixels.

Step 3: Because the majority of image processing is done with
2D imagery (i.e., RGB photographs are converted to grayscale
images), 3-dimensional (3D) images are converted to 2D when
supplied as input.

Step 4: For de-noising, the following filtering techniques are
used:

Step 4.1: A Laplacian filter is applied to the grayscale imagine
using Out 1.

Step 4.2: After applying the mean filter to the grayscale image, Out
2 0ut 3=0ut 1 - Out 3 in step 4.3. Step 4.4: The pre- processed
breast imagine is the result of the pre-processing stage.

Out 3 is the sixth step.

Training
Split

Testing
Spilit

B. Segmentation Steps
Output 3: Pre-processed Image as Input

Step 1: The gradient along the X and Y axes is calculated using the
Out X and Out Y variables.

In step two, gradient values are concatenated to form the gradient
vector G val, which is equal to G val=[1/(1+(Out X + Out Y)].

Step 3: To get the orientation information of the image pixels, Gval
is converted from radians to degrees.

In step 4, the third image is split into grids (GRi).

Step 5: Ti Intensity and Direction The threshold values are
established.
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While velocity is dynamically changed, weight regulates
the exploration and exploitation of the search space. The
influence of earlier velocities on the present one is also
influenced by weight. Local and global swarms thus restrict
study.

Greater weight helps with global searches for new areas,
while less weight helps with local searches. When the weight
is properly adjusted, the swarm's global and local exploration
is balanced, resulting in a superior solution. Weight can be
set to a greater value to boost overall search space
Step 6: Repeat for each grid in the GRi Histogram. 6.1 Pjis are
computed for each pixel across grid GRi.
6.2. The grid GRi's FreqH reflects the determined histogram.
6.3. A random pixel Pj linked to FregH is chosen and the values
Intensity Ip and Orientation Op are assigned to the pixel
information seed point (SP).
6.4. The constraints of adjacent pixel intensity and orientation
are proven.
When both conditions are satisfied, the region is decided to be
expanded; otherwise, the next grid is considered for further
processing.
Step 7: As a Result, a Segmented Image

C. Weighted PSO based Feature extraction Weighted

The Particle Swarm Optimization (WPSO) technique, a heuristic
tool for global optimization, is used to determine the ideal
position in a multidimensional space. This method makes use of
a population of particles, commonly referred to as a swarm, in
the search space. Position (X) and velocity (v) are used to
calculate each particle's state (_i=vil, vi2, vid).

individually particle's state is defined by these two factors. Each
particle modifies its real search direction in an attempt to get the
best response (ghest), which is based on two concepts: the best
location for the individual particle (pbest) and the one decided
earlier by the swarm. WPSO finds the best answer by
recalculating the position and velocity of each particle in the
equations.

D =wvt +crp —xt)+crp —-) (D
id id 11 id id 22 gd id
t+1) _ ¢ (t+1D)
ia =Xid i )

Where t and d represent the evolution space cycle process and
the search space dimension, respectively. W denotes the weight
of inertia. C1 and C2 reflect personal and societal learning. rl
and r2 are made up of randomly generated integers ranging from
0 to 1. PID and PGD are acronyms that stand for PID and GID
in dimension d, respectively.
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exploration, and then gradually reduced to achieve a more exact
result. When the weight of the inquiry is lowered, the focus
switches from global to local.

Non-linear search techniques must be available. Because of a
few statistical properties, and the right weight is established for
the next iteration, PSO search is straightforward to grasp. When
total generation grows, weight w decreases linearly while
optimizing in regard

Wimax — Wmin

W = wpae — ( ) *iter 3)

itermax

The optimum position for that particle is the location | visited
(its prior value of Xi), which delivers the maximum fitness
value. A location with a low function value is seen to be suitable
for minimization. The smallest objective function of the
modified equation is represented by f(X).

(t+1) tiff t+1)=rt (4a)
bestid ™~ id id bestid
Or
t+1)  _ (t+1)iff t+1) =Pt (4b)
bestid id id bestid
D. CLASSIFICATION USING CONVOLUTION NEURAL

NETWORKS

As a classification input, Al employs the breast cancer imagine
collection. The next step is to train deep convolutional kernels
using the recently supplied Al architecture. Convolution layers
are utilized in RELU nonlinearity and are described as:

f(x) = { x,ifx>0 (5)

ax, otherwise

Generally, convolution layer is stated as:
yi =fb + ), kil + xi (6)

In this instance, yi stands for the throughput map and xi for
the it input map. Bij is the convolutional kernel used between
the i and j maps, bj is the bias parameter of the thwap, and *
denotes the convolution procedure between two functions. The
max-pooling layer comes after the convolutional layer. Each
neuron in the max-pooling layer outputs yi pools vs s * s non-
overlapping xi regions in the output map. The max-pooling layer
is often described as follows:
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yj = maxosm<{x'  } @)

After fully linking the max-pooling and convolutional layers,
a SoftMax classifier with output classes equal to the number of
outputs follows. Tanh is a non-linear protocol that is used to
connect one layer to another in the architecture presented. When
a k-dimensional dataset is re-normalized with the SoftMax
function, real values in the range of 1 to 2 are created.

This is represented mathematically as:

e forj=1,..k @)
(Z)] -_ m’ ] LA

Training and generalization flaws uncovered when
developing ML algorithms. The former is recorded when the
neural network is trained, and the latter is created as the
suggested classifier is evaluated. Over fitting and under fitting
frequently have an effect on training throughout the deep
learning process.

To solve these issues, the proposed BCC architecture
performs batch normalization after each layer. A dropout layer
followed the first entirely connected layer. Figure 2 depicts the
full architecture created for breast cancer categorization.

A. Training of Al

The suggested Al architecture is divided into two categories:
benign and malignant. The suggested Al classifier was trained
using a weighted loss function.

1 N k

E(W; an }’n = -_N Z an Z tknlnykn (9)
n=1 k=1
Here, xn represents the input vector, yn the classifier
prediction for anticlerical input, and tn the actual answer. K and
N are the total number of clinical sample classes.

C3: feature maps
g Sk pokd s

O1: eature maps
64@74)(74p §2:pooed maps 12891815

HaaT

) X b X

Fig. 2.
Classification

Proposed Al Architecture for Breast Cancer

The gbest provides a faster rate of convergence at the expense of
robustness, and only one best solution—the global best
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particle—is kept. This particle's role is to act as an attractor,
attracting all other particles.

Because every particle eventually converges at this place,
updates must be made often to avoid premature swarm
convergence. Using the goal function, the fitness value is
determined for each particle in the swarm. Following that, Pid
and Pgd values are evaluated and updated with the best particle
position or best global location, depending on what is
discovered.

I1l. PERFORMANCE ANALYSIS

Early identification of breast cancer is critical for optimal
treatment and disease control. The strategies utilized to create
the methodologies and how they are applied in cancer
identification were thoroughly explained in this research. The
effects of the identified number of glandular tissues are
investigated using the tissue segmenting technique.

It has been demonstrated that the presence of several
glandular tissues reduces the imaging impact. At the same time,
a progressive strategy for detecting several malignancies is
introduced. The three imaging processes—preliminary
evaluation, focusing, and image optimization—allow for the
accurate identification of any cancer. WPSO-AI is used here for
feature extraction and tumor classification, which has enhanced
accuracy.

The characteristics discovered were used to classify the
histopathological image. The recovered features from the
histopathology picture are displayed in Fig. 3 below using
WPSO-AL. Figure 4 is a malignantly classified image.

—

v

Fig. 4. Classified image of histopathology detecting malignancy
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Figs. 5, 6, 7, and 8 show the accuracy, precision, recall, and F-1
score graphs. The graphs below contrast the parameters of
existing and suggested techniques. The link between the various
types of machine learning algorithms used for breast cancer
diagnosis is displayed in Figure 5.

100 ~ B Multi-
90 - ResNet34+SE
MG + IN
80 -
B Multi-
70 ResNet50+SE
60 - MG +IN
50 = Multi-
40 - ResNet101+SE
30 - MG +IN
20 - H Multi-
Inceptionv3+SE
10 1 MG + IN
0 - B Proposed (MDL
1 2 3 4 > IIA) MG + IN

Figure 5 Different types of machine learning Method

The figure 6 illustrated that segmented and non-segmented
data set in machine learning methods.

10 T
0 -

90 |
80 |
70 -

" Segmente
A

. " Non -
60 Caamantad

50 |
40

A o
005 & <

®$’
& &

&

Figure 6 Resultant data set for Segmented and Non Segmented
data set

Figure 7 depicted a comparison of accuracy in deep learning
methods in a graph between comparisons of accuracy in
different methods.
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200 - B Number of
Epochs
150
H Al-BCC
100
[ WBPC-ANN
50 A
= WPSO-AI
0 .
1 2 3 4 5

Figure 7. Comparison of Accuracy

Figure 8 depicted a comparison of precision in deep learning
methods in a graph comparing precision in different methods.

20 7 " Number
~F
15
= Al
10
= \WRP(-
g
= \WPSO-
n

Figure 8 Comparison of Precision

Figure 9 displayed a comparison of recall in deep learning
methods in a graph comparing recall in different deep learning
methods.

20 7
0 - = Number
18 - of
0 4
| -
16 Al-BCC
0
14 -
0| WBPC-
12 | ANN
0 |
1 2 3 4

Figure 9 Comparison of Recall in different machine methods

V. CONCLUSION

The purpose of this study is to detect breast cancer more
precisely using computer-aided design (CAD) technology. A
framework was provided with this purpose in mind, as well as
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flow and simulation-related parameters for the framework.
Using a publicly available dataset, the algorithm's utility in
recognizing normal and abnormal breast images of diverse
individuals is investigated. In this case, WPSO-AI, also known
as weighted particle swarm optimisation, is applied. The
technique seeks to diagnose breast cancer using a kernel density
estimation-based classifier by extracting the features and
calculating the error between the estimated and real density.
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