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Abstract

Females are affected by BC (Breast Cancer) more than any other type of cancer. BC has caused more deaths than any
other diseases such as tuberculosis or malaria according to WHO (World Health Organization). The mortality rates
due to BC in women are high making it a candidate for early detection for prevention and cure. Diagnosing BC is a
complex task as it is interleaved with normal breast tissues. Image processing methods have been proposed for
detecting BC, yet better segmentation methods are required. Fuzzy based approaches provide optimal results in
segmenting BC images. Hence, this work uses Fuzzy approach combined with ResCNN (Recurrent Residual
Convolution Neural Network) which is the optimized by a modified GA (Genetic Algorithm). The proposed ERResCNN
classifying results in detecting BC from images is accurate and efficient in comparison to other methods.
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divided in BC and these abnormal cells start
forming lesions in the breast which then grow into
a tumor [7]. Researchers have also found that
hormonal, lifestyle, and environmental changes
also contribute to increasing the risk of breast
cancer [2]. BC more often starts with
malfunctioning of milk-producing ducts (invasive
ductal carcinoma), though it may also begin from
glandular tissues called lobules or other cells or

Introduction

Cancer is highly fatal causing more deaths than any
other diseases around the globe. WHO agencies for
cancer research like IARC (International Agency for
Cancer Research) and AMC (American Cancer
Society) report 17.1 million new global cancer
cases in 2018 [1] which is about 25% of all cancers
diagnosed in women. Atleast 53% of the cases are
from developing countries, which represent 82% of

the world population [1]. WHO estimates that
cancer incidences might increase upto 27.5 million
by 2040, with an estimated 16.3 million deaths [1].
BC ranks 2nd in mortality rates and mostly affects
women [6] amongst four types cancers (ie, lung,
breast and bowel [including anus], stomach, and
prostate cancers. Breast tissues get abnormally

tissues within the breast. BC tumors are called
malignant when the cancerous cells spread to
surrounding tissues and eventually to other parts
of the body. BC is identified by breast lumps,
breast’s shape changes, dimpled skin, oozing fluids
from the nipple and scaling red patch on the skin.
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Manual screening and reading examined values
twice creates a heavy workload for radiologists
leading to lesser efficiency and even radiologist
scarcity [4]. At least twenty five percent of visible
breast disorders found in mammographic images
are missed [5] making it necessary to minimize
interpretational errors using other techniques.
Imaging techniques use images from medical
modalities like thermography, ultrasound and
mammography to detect BC. Mammography (Low
dosed x-rays) images have been found to be an
effective solution in BC detections. Mammography
screening has been helping physicians in reducing
BC mortalities [3] but even then, it is difficult for
the radiologist to detect tumour or cancerous
masses easily making the use of CAD (Computer
Aided Diagnostic) system necessary. CAD
techniques have also identified cancers in the
breast [9]. One major issue with Mammography is
its inability to detect micro calcifications (calcium
deposits) inside breast tissues of thick breasts. ML
(Machine Learning) techniques have also
contributed to BC predictions and its related
prognosis. ML techniques for BC’s classification
generally work in three stages namely pre-
processing, extraction of features and classification
[11]. For increasing accuracy in identifying BC
tumours, DL (Deep Learning) approaches have also
been used in researches as they help identify or
detect or classify BC in images due to their inherent
style of functioning like the human brain. This work
proposes a hybrid mixture of DL techniques called
ERResCNN ResNet (Residual Network) and RCNN
(Recurrent Convolution Neural Network). The
organization of the paper is a review of literature in
section 2 followed by ERResCNN’s methodology in
detailed section3. Section 4 displays results of the
proposed DL technique while section 5 concludes
this research work.

Review of Related Literature

DCNN (Deep Convolutional Neural Network) and
SVM (Support Vector Machine) was used by Ragab
et al [12] in CAD system for classifying malignant
and benign BC tumours from mammography
images. They divided the image by manually
identifying ROI (Region Of Interest) and using
threshold values on the identified regions. The
divided region’s salient features were extracted
using DCNN which was then classified the data into
only two classes by AlexNet for further processing.
SVM is then connected to the network’s final layer
(fc) for better accuracy. The scheme used the

datasets DDSM (Digital Database for Screening
Mammography) and CBIS-DDSM (Curated Breast
Imaging Subset of DDSM) for implementations.
Their results of AUC (Area Under the Curve)
achieved showed high accuracy in their proposed
segmentation and subsequent use of classifiers.
Dual Thresholding was introduced by Badawy et al
[13] to segment BC areas in Mammographic images.
The proposal used an enhanced dual thresholding
and applied applying morphological operations. In
post-processing segmented image border contours
were added to original samples for helping
physicians diagnose BC affected areas easily. Their
results was very encouraging as manual
thresholding reduced costly processing time and
storage needs.

Gao et al [14] wused SD-CNN (Shallow-
Deep Convolution Neural Networks) for BC
diagnosis. This kind of network is a shallow CNN
which combines images to obtain a virtual image
and extracts novel features from the combined
image followed by an ensemble model which
classifies lesions as benign or cancer. Their
proposal was evaluated on 49 CEDM cases of Mayo
Clinic and they achieved an accuracy of 0.84 in their
AUC curve. The study followed it up with the
creation of a database with 89 FFDM virtual images
from the INbreast public database.

ELM (Extreme Learning Machine) was also used in
BC detections by Wang et al [15]. They used a
median filter to reduce noise in Mammographic
images followed by contrast enhancements. A
wavelet modulus and maxima transform with
morphological operations and regional growth
segmented tumour edges. The study extracted five
textural and morphological features. ELM
technique classified images into BC affected images
based on the extracted features. Their results
showed their model had better accuracy than SVM
in BC detection due to ELM’s learning and
generalization capability.

Hidden Markov Trees were used by Hu et al [16]
where in the model DTCWT (Dual-Tree Complex
Wavelet Transform) was also used for identifying
micro-calcifications  of  breast tissues in
Mammography images. Their scheme identifies
correlations between wavelet coefficients which
are then modelled as statistical dependencies or
non-Gaussian statistics of real signals for
characterizing micro-calcifications in breast tissues.
These DTCWT-HMT generated features are
optimized by GA and ELM to classify samples with
micro-calcifications as benign or malignant. Their
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evaluations on DDSM, MIAS and Nijmegen, datasets
showed the scheme’s effectiveness of classifying
Mammographic images with micro-calcification in
their AUC and ROC (Receiver Operating
Characteristic) curve values.

DL technique CNN was used by Tan et al [17] in
their study for detect BC in Mammographic images.
The system BCDCNN (Breast Cancer Detection
using Convolution Neural Networks) classified
mammographic images into three classes namely
non-cancerous, cancerous and normal. Their aim
was to quicken BC diagnosis in classification of BC.
Visual Images are converted into Digital image
sequences in pre-processing where they are
studied for getting a suitable parameter for CNN’s
training. CNN then recognizes Mammographic
images by comparing both types of images based
on the parameter. BCDCNN’s Mammogram
Classifications when evaluated was found to
improve the accuracy in BC classifications from
Mammographic images.

From the review, it can be said that heterogeneous
breast densities create a challenge in detecting

Preprocessing

Gaussian Noise (AWGN)

MIAS Image Data

Segmentation

masses in the breast. Traditional ML techniques are
specific to particular density type or dataset, while
DL techniques show promises in improving BC
diagnosis.

Proposed Methodology

The proposed ERResCNN-HGGWA follows three
steps namely Pre-processing, Segmentation and
Classification. First is the pre-processing stage
where AWGN (Additive white Gaussian Noise)
removal technique removes noises from the image
followed by a Gaussian blur while blurs the image.
For segmentation, the second stage, FLAME (Fuzzy
Local Approximation of Membership) groups image
parts that can be segmented. ERResCNN, extended
from CNN and HGGWA (Hybrid Genetic Grey Wolf
Algorithm) which optimizes parameters classify BC
affected Mammographic images. The architecture
of ERResCNN was designed for Kaggle’s MIAS
which has Mammographic BC images Figure 1
depicts the architecture of ERResCNN.

Noise Removal-Additive white

Fuzzy clustering by Local Approximation
of Membership (FLAME)

Proposed ERResCNN with HGGWA

Classification

Enhanced Recurrent Residual

Optimized Hidden Neurons
(ERResCNN)

Proposed ERResCNN with
HGGWA

Convolutional Neural Network

Hybrid Genetic Grey Wolf Algorithm

(HGGWA)

Softmax classifier

Result

Figure 1. Architecture of ERResCNN
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Preprocessing

Digital imageis composed of picture elements
(Pixels) which are finite, discrete numerical
representation of its intensity or gray level and can
be output astwo dimensional spatial coordinates
denoted as x,y. Noises in images reflect different
intensity values in place of true pixel values. AWGN
can mimic Information theory’s randomizations
[18]. It is basically a noise model which uses
modifiers denoting specific characteristics. It is
Additive as more noise is added to any information
that is intrinsic. Gaussian noise is statistical where
the PDF (Probability Density Function) equals a
normal distribution. The Gaussian random variable
is given in Equation (1)

P(x) = : (x-w)?
(UVZ_”)*ME—uW
here: P(x) - Image’s Gaussian distribution noise; p
/o -mean/SD (Standard Deviation).

Gaussian noise can be reduced using conventional
spatial filtering techniques which include mean
filtering, median filtering and Gaussian smoothing.
Mean Filtering: The filtering is done using a sliding
window that replaces the centers with mean of the
pixels within the window. The filter removes noises
like Gaussian noise but blurs the image. This
smoothening may have undesirable results on high
quality image pixels [19]. Assume I, as co-
ordinates of the window of size m X n, with center
at (x,y). The mean of the corrupted image is g(x,y)
in I, restoration of a point (x,y) is the mean
computed using the pixels of I and given in
Equation (2)

fy) =—Yaver, 90 t) (2)
Median Filtering: This filter is statistical nonlinear
filter on the image f(x,y) outputting image g(x,y) =
med{f (x — 1,y —j),i,j € W} where W-two-
dimensional mask, n X n -: mask size (n =1,3,5.....).
An image having zero mean noise and normal
distribution, median filtering noise variances can
be approximated as Equation (3)

2 _ 1 o =

Omed = iy ¥ w12

(1)

(3)

where o7 - input power of the noise, n - filter size,
f(n) - noise density function where averaging noise
variances are depicted in Equation (4)

(4)

Median filters perform better than average filter in
reducing random noises and specifically when
narrow pulses are apart the filter’s g pulse width is

2 1 2
Oy = —0;
0 not

effective.

Gaussian smoothing or blurring by a Gaussian
function is used to reduce noise in graphics
software. The function transforms each pixel and
can be depicted as equations (5) and (6) for

unidimensional and two dimensional blurs.

x2

1 _xX

G(x) = W7ok 207 (5)
_x24y?

Gx,y) =5—e 2 (6)

where x -Horizontal distance from origin, y -
Vertical distance from the origin, o - SD of Gaussian
distribution.

Segmentation

Image segmentation divides an image into smaller
segments or objects with the aim of simplifying
image representations into meaningful information
for analysis. These segments together form the
image where contours can be extracted. Pixels with
similar characteristics like intensity, Colour and
texture can be computed for identifying regions of
similarity. This study uses a Fuzzy based clustering
or soft clustering technique for its image
segmentation. The objects in such a process can
belong to more than one cluster as a Fuzzy process
can assign membership which is then used for
assigning objects to clusters. FCM (Fuzzy C-Means)
in a popular algorithm [20] where memberships
are assigned to pixels based on its distance from
the cluster center in a cluster. The pseudo code is
listed below.

e Pseudo Code

Let D is image dataset, D = {x;}, where i=
1,2 .. n; n is the size of D and kis number of
clusters.

1. Randomly select ‘c’ images as cluster

centers.
Repeat
2. Calculate the fuzzy membership 'y;;" using:
1
Wj =———1"

a2\ m-1
2t (3)
3. Update the fuzzy centers 'V}’ using:
m
Z?ﬂ((uij) xi)
Vi = m
n
=1 (uis)
Until V; estimate stabilize.
where 1 <i<nand1<j<C.nisthe number of

images and c is the number of clusters, u;;is the
membership of ith image in the jth cluster. d;;is the

,Wherej=1,2,..,c
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distance between the ith image and jth cluster
center. m is the fuzzification parameter and it
should be more than one. If m =1, then the
problem is a crisp clustering. m € [1, %] and
usually m is set to 2. V; is the jth cluster center and
is the number of cluster.

o FLAME Segmentation

In FLAME clusters are defined in denser parts
where assignment of cluster members is based on
an object’s relationships with its neighborhs. It
constructs a kNN graph to locate outliers and
cluster centers. Images with high local density or
CSO (Cluster Supporting Objects) are assigned full
membership for being cluster centers. Values lower
than a threshold value are treated as outliers. They
are also assigned memberships to create an group.
Images outside the group get varying degrees of
memberships for clustering supporting objects. In
FLAME number of clusters and outliers are
automatically determined based on a given k-NN
number and threshold value. The pseudo code is
listed below.

e Pseudo Code
1. Extracting Information structures from the
dataset
1. Create a KNN graph
2. Compute object densities for all types

(CSO, Outlier, Others) based on
nearness in KNN
2. Approximations of Fuzzy Local

memberships
1. Fuzzy Initialization of membership
e Assign CSOs a fixed membership to
be in one cluster

Qutputs
A
G
RN
Iy
A v
W _-\‘. . ' \1
Conv. + J Conv. + Y,
RelU RelLU
T -""J’f-h\l 4 -“".
Conv.+ )/ Conwv.+ |
.I.?;ELLI ) RELU 3
Inputs

Figure 2. Displaying the Recurrent Residual Unit (RResU)

e Assign Outliers a fixed membership
to form an outlier group
e Assign Others with
memberships
2. Update all three objects iteratively with

equal

linear combination of its nearest
neighbors fuzzy memberships
(Local/Neighborhood Fuzzy

Membership Approximation).
3. Cluster construction
1. Assign objects to clusters with highest

membership (One-to-one object-
assignment)
2. Assign objects to clusters with

membership values higher than the
threshold  value (One-to-Multiple
object-assignment)

Classification

Classification predicts data point classes called
categories or labels. It is a part of
supervised learning where targets are provided
along with input data. DL techniques have been
successful in labeled data and have been used
healthcare and computer vision [21]. RResCNN
(Recurrent Residual Convolution Neural Network)
is an improved DCNN architecture based residual
networks and RCNN architectures [22]. Its
advantage lies in better recognitions with fewer
network parameters when compared to residual
networks and RCNN. The networks have a
concatenated inception unit and recurrent
convolution layers with residual units (summation
of inception unit and input features).The proposed
model uses a combination of RResU stacks and
transition units. Fig. 2 depicts a RResU

Conv. + RelLU —
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RResU which has RCLs (Recurrent Convolution
Layers) with a residual layer is the most important
part of RResCNN [23]. Recurrent convolutions on
the residual unit are performed with different sized
kernels. The outputs of the execution’s time step
are added to outputs of the previous time step. In
Figure 2, t = 2 (0~2) implies one feed forward
convolution along with 2 RCLs and the
corresponding RCLs w.r.t different time steps are
(t = 2(0~2))and (t = 3(0~3)). RResU
accumulates feature maps w.r.t time steps for
ensuring better feature representations. RCLs work
with discrete time steps expressed based on
RResCNN. Assume x; is the input sample in the [*!
layer of RResCNN block, (i,j) is an input sample in
the k" feature map in RCL and O%jk(t) is output at
time step t the the output can be expressed an an
Equation (7) given below.

Oljx = (W,{)T s x]ED () + W)« Pt — 1) +
y bre (7)
Where xlf(”)(t) and xlr(”)(t—l)
standard convolution layers and [*"* RCL, w,{ and
wy, - weights for standard convolution layer and
RCL of the k" feature, b, - bias. ReLU (Rectified

Linear Unit) activation function is depicted in
Equation (8)

- inputs for

y= f(O%jk(t))
= max (0, 0} (1)) (8)
Where f - standard. Outputs of kernels and average
pooling layer can be defined as y;,q(x), V3,3(%),
and yfxl(x) respectively and F(x;,w;), the final
output of RCNN is Equation (9)
F(x,wWp) = Y101 () Oy (x) Oyp; (%)
(9)
Where ©® - concatenation operation of a feature
map axis or channel. RCNN outputs are added to
RResCNN imputs where the residual operation is
depicted as Equation (10)

X141 = X1 + F(x), wy) (10)
Where x;,; - inputs for next transition block, x; -
inputs of RResCNN block, w; - kernel weight of the
I*" block, F(x,w;) - of [*" layer output from of
RCNN unit. However, feature maps number equals
residual unit feature maps. This RResU ouputs
become the inputs of the immediate next transition
unit.

Transition unit operations include pooling,
convolution and dropouts based on placement of
the model. Non-overlapping max-pooling operation
impact on model regularization negatively, hence

overlapped max-pooling is used for regularizing the
network. Moreover, late use of a pooling layer
increases non-linearity in features resulting in
higher dimensional feature maps in the network’s
convolution layers while keeping the parameters to
a minimum. Addition of a 1x1 filter increases the
decision function’s non-linearity without impacting
convolution layers. This proposed scheme uses
HGGWA for optimizing network parameters.

a. GWO (Grey Wolf Optimization) Algorithm
GWO imitates grey wolf hunting which move in
packs with a four level hierarchy and number
between 5 and 12 in a pack. GWO considers four
levels namely alpha (), beta (f), delta (§), and
omega (w)where Male and Female Leaders are
alpha and decide on pack activities like hunting.
Beta assists in decisions by feedbacks. Delta is a
scout and caretaker, while omega wolves obey
other levels [24]. Thus in GWO these four
parameters are used. The encircling behavior of the
wolves can be depicted as equation (11)

Xt+1)=X,)+AD (11)
where A, C - coefficient vectors, ip - prey position
vector, X - position of wolves in d-dimensional (d is
the no of variables), (t) i- nof of iterations. D is
denoted by Equation (12)

D = |C.X,(0) —X(®)|
where A = 2d.7 —dand C = 2.7
and 77, 1, - random vectors in the interval [0,1]. d -
Linear vector decrease from 2 to O in iterations.
During hunting alpha is the optimal solution, delta
and beta are know about prey's possible position.
These solutions are in use which forces omega to
modify positions and reach the target. The updates
are listed as Equation (13)

Rt +1) = et

(13)

where x7, x; and x3 - Be%c possible solution at an
iteration tand ¥; =X, —A4;.(D,), X = )_(E -
A,. (D_B)), X3 = X5 — As.(Dg) and A;, Ayand A, are
computed from the Equations. D_a), D_ﬁ), D—g) are
calculated using E; = |51X_)a - )?|, D_[; =
|52.)Tﬁ)—)2)|, l_); = |53.)75—)?| and 51,5'2,5'3 are
computed based on the equations.

d is linear while 77 and 7, are randomized. GWO has
a drawback in selecting random variables in

deciding optimum positions. Hence, this work
introduces GA in GWO to cross this hurdle.

(12)
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b. Proposed HGGWA

The main motivation of proposing HGGWA is to
cross the problem of random variable selection in
GWO with a genetic algorithm. GWO uses static
values for 77 and 7, which may lead to the problem
of local minima. The proposed technique’s GA cross
overs and mutations help in selecting optimum
control parameters.

HGGWA based on GA generates a population of nl
no of positions for GWO and n2 no of initial
population for GA. In the the hunting process, grey
wolfs circle the prey for it to stop moving. HGGWA
uses two control parameters (r; and 7,) using
genetic operators. HGGWA'’s dynamic crossover
ratio and mutation ratio obtains a new population
using: ranking the population based on fitness;
average of fitness values; fixed as threshold value;
discarding least fitness based on the threshold
value [25].

GWO hunts follow a social hierarchy where
optimum position is selected based on the fitness
where, Xa = the first search agent, X =
the second search agent and, Xy =

the third search agent. The proposed system uses
a softmax classifier as detailed below. In an input
sample x, weight vector W and K distinct linear
functions as softmax operation for the it" class can

be defined as equation (14)
T

) eX wi
P(y =ilx) = S o (14)
RResCNN model was evaluated with many

convolution layers in blocks where the no of layers
were determined w.r.t the time step t. The proposed
BC recognition model uses: two convolution layers;
four RCNN blocks; transition blocks; fully
connected/hidden layer; softmax layer. The last
hidden state is used to classify data based on
Equations (15) and (16)

y = Softmax(W,{hT, +bk)

y = softmax(wy hr + by)

(15)
(16)
where y - predicted gait type, W,{ and wy, - output
weights, by- output bias, respectively. The softmax
classifier recognizes image patterns using its
trained features. Every patch of a BC image x; is
transformed into a fixed-length trained feature
vector X. Hidden layer is used by softmax classifier
to classify BC as malignant or benign. It estimates
the probability of each class with which the data is
classified where the total probability of all classes
equals to 1. The softmax function uses
normalization and exponentiation in finding class
probabilities.

Results and Discussion

MIAS (Mini Mammographic) BC data set was used
to test the proposed system. The MIAS dataset with
benign and malignant tumors is available online
and contains important risk factors which are used
to diagnose BC in labs. and give reliable results. The
tested set contained 322 breast images. The
proposed framework of ERResCNN is compared
with existing methods like Recurrent Neural
Network (RNN) and Deep Neural Network (DNN)
[26]. Performance metrics are like recall, f-
measure, precision, and accuracy were used for
analyzing ERResCNN-HGGWA framework’s
performance. The metrics used is dependent a
confusion matrix as it allows visualization of the
performance of an algorithm [27] and is tabulated
in table 1. Additionally, recall, precision and f-
measure were used to analyze correct and incorrect
decisions of the classifier. TP (True Positive)
implies no of true detections of BC, FP (False
Positives) is the no of non-mitosis mis-classified as
BC. FN (False Negatives) is number of objects that
were not detected and TN (True Negatives) implies

no of detected non-breast cancer cases.
Table 1. Confusion Matrix

Predicted
Positive | Negative
Positive | Tp Fp
Actual
Negative | Fn Tn

Performance Measures used

Precision: Precision is finding how
precise/accurate a model is from predicted positive
to how many of them are actually positive.
Precision is a good measure to determine, when the

costs of False Positive is high.
True Positive

Precision =
True Positive + False Positive

Recall: Recall calculates how many of the Actual
Positives a model capture through labeling it as
Positive (True Positive). Recall shall be the model
metric to select the best model when there is a high

cost associated with False Negative.
True Positive
Recall =

True Positive + False Negative
True Positive

“Total Actual Positive
F1 Score: F-measure is a measure of a test's

accuracy
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F

Accuracy =

1

— Score 7
2

1

1

recall

precision

)

Accuracy: It is the percentage of the test tuples that

are classified properly by any algorithm.

# of true positives + # of true negatives

# of true positives + false negatives + false positives + true negatives

The comparative performances of classification methods is listed in table 2.
Table 2. Comparative Performances of Classification Methods

Methods Metrics
Precision | Recall F- Accuracy
(%) (%) | measure (%)
(%)
DNN 85.6 85.6 84.8 91.2
RNN 87.2 89.8 88.6 93.2
ERResCNN | 92.5 91.4 92.5 94.6

Figure 3 depicts comparative performances of

classification methods in terms of precision with

the proposed ERResCNN and existing methods like

DNN and RNN. It can be seen that the proposed

method has a higher precision rate of 92.5% and
rediction.

can detect BC better. Comparatively DNN and RNN
precision rates are 85.6% and 87.2%, lower than
the proposed method. Hence, the proposed model
is effective and meaningful for short-term disease
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Figure 3. Comparative Performances of Classification Methods in Terms of Precision

The  correlation  comparison in  various
classification = methods  between  proposed
ERResCNN and existing methods such as DNN and
RNN are shown in figure 3. From the above figure 3,
proposed method can obtain high precision rate
when compared to other existing methods. It is best
way of getting the breast cancer exactly with the

high precision rate of 92.5%. When comparing the

precision among the existing methods such as DNN
and RNN are providing good precision rates of
85.6% and 87.2%, however which is lower than the
proposed method. Hence, the proposed model is
effective and meaningful for short-term disease
prediction. Figure 4 depicts comparative
performances of classification methods in terms of
their recall values.
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Figure 4. Comparative Performances of Classification Methods in Terms of Recall

The recall values from Figure 4 show that its performance higher than DNN and RNN which
ERResCNN-HGGWA value of 91.4% in comparison have recall values of 85.6% and 89.8%. Figure 5
with other classification methods shows its good depicts Comparative performances of classification
detection rate. The proposed scheme’s effective methods in terms of F-Measure.

image enhancement and HGGWA optimization puts
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Figure 5. Comparative Performances of Classification Methods in Terms of F-Measure

The proposed ERResCNN-HGGWA in Figure 5 system indicates it is suitable for BC detection from
shows higher F-measure (above 90%) in images. Figure 6 depicts the accuracy of the
comparison to other existing methods DNN and proposed system in comparison with other
RNN which are less than (90%). Thus the proposed methods.
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Figure 6. Comparative Accuracies of Classifiers
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Figure 6 clearly indicates thatbthe proposed
ERResCNN-HGGWA is effective in identifying BC
with an accuracy of 94.6%. Comparatively RNN
and DNN score 93.2% and 91.2% which is lesser
than the proposed system’s accuracy.

Conclusion and Future Work

BC has high mortality rates and specifically in
women. There is an imperative need to reduce
this dreaded disease by early prognosis. Many
systems have been proposed for identifying BC
from Mammographic images. This work
continues the same further by proposing a DL
techniques for better efficiency and accuracy in
detecting BC cases. Image Datasets have to be
pre-processed, segmented and classification have
issues when it comes to automating them. The
proposed scheme of this work attempts to
overcome many issues in healthcare disease
diagnosis of BC from image datasets. The novelty
in this work is in the techniques used in each and
every stage, but end with optimizing network
layer outputs. The results of the proposed
ERResCNN-HGGWA model’s evaluations also
show considerable improvement than other
existing methods. It is an accurate and
computationally efficient method to detect BC
from Image datasets as it scores highest in terms
of accuracy with 94.6%. It can be concluded that
the proposed scheme with its demonstrated
results is a viable and implementable system for
CAD systems. Future work can be in combining
RCNN and auto encoders, using Hybrid
optimization methods on large datasets using
Grey Wolf Algorithm (GWA) with Cuckoo Search
(CS) for improved classification accuracy results.
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