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Abstract
Breast Cancer is considered a significant health threat in women of all ages, and the incidence has been
rapidly increasing, particularly in the last decade. Usually, for diagnosis, characteristics such as skin
texture, color (redness), size variation, pain, and gene mutation are used. Binary classification is the most
frequent classification type to classify benign and malignant tumors. A deep learning-based mechanism has
been hugely popular and significant improvisation in binary classification, especially CNN-based
mechanism. Moreover, to take CNN advantage, several breakthroughs have been observed for image
classification, such as integrating layer-based features with the classifier. However, due to limited images
available for medical research, several areas are exposed, such as overfitting issues, memory issues, and
network architecture issues. Hence, in this research work, the design and development of an Improvised-
DeepResidualNetwork, aka IDRN, for binary classification on mammogram. IDRN adopts the Deep
Residual Network and enforces the improved transfer learning approach for training and testing the model.
IDRN follows the novel architecture, forcing the transfer learning-based task-specific layer to be integrated
to enhance the features and improvise the classification process. Further, IDRN is evaluated considering
the INbreast dataset considering the important metrics like accuracy, precision, recall, F1-score, and AUC;
a comparative analysis is also carried out with a state-of-art model of deep learning model.

Keywords: Breast Cancer, Residual Network, Transfer Learning.

1. Introduction

Breast Cancer is one of the dreadful diseases which affects women [1]; in the general breast, lesions are
classified into two distinctive categories, i.c., benign and malignant, depending on their respective stage. Breast
lesions develop through a slow process in normal breast tissue, which further causes to generate the cancer lump.
These stages are determined following the BI-RADS score [2][3]. Last year, Breast Cancer was also categorized
as one of the mischievous diseases that account for nearly 30% of novel cancer patients and almost 15% of death.
However, early prediction and classification simultaneously help in an increase in survival rate [4].

The detection and classification for many patients require to face significant issues as it involves radiology
experts and other causes massive effort and plenty of time; meantime, radiologists have been careful while
examining all mammogram views. Mammogram views exist in two categories, i.e., CC aka craniocaudal and
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Medio-Lateral Oblique aka MLO of each breast to inspect the potential tumor for identifying the potential tumor
[1,3,5].

Considering the shortcoming of the traditional approach in terms of accuracy, a deep learning approach was
adopted to improvise Breast lesion detection and classification accuracy. Thus CAD (Computer-Aided Diagnosis)
is designed to automate the method of detection and classification, however, it is observed that the second opinion
of radiologists is highly recommended for confirmation. Thus, the work was to focus on the automated mechanism
of CAD, which is achieved through the deep learning approach as described in [3] [5], and through the analysis,
unanimously, researchers and academic people agreed that deep learning is probably the best approach for
detection and classification. Figure 2 presents the typical process of the CAD model.

The Deep learning approach follows three distinctive stages i.e., pre-processing, utilization of parameters,
and feature extraction with recognition [3] [5]. Through the deep learning approach, high-level feature maps and
low-level features can be obtained directly from input breast image [9]; initial adaption of deep learning for breast
lesion recognition and detection were focused in [10] [11] and performed better than the traditional approach. An
automated approach for breast lesion detection is one of the important tasks which improvises the diagnosis of
breast cancer; other absolute detection of breast lesion plays an important role in achieving the high-TPR (True
Positive Rate), lesion detection is a challenging task due to varies in size, location, shape, and texture.
Classification is considered as the final step of the CAD mechanism; the main aim of this step is to identify the
detected and segmented ROI as malignant or benign; the classification approach depends on the derived features
which present the primary characteristics of the lesion [12] [13]. To recognize benign or malignant, a deep learning
mechanism requires fair characteristics distribution. Figure 1 shows the benign and malignant breast images,
which are classified according to the BI-RADS score.

benign malignant

Figure 1 benign and malignant image

Further research was carried out on the breast density classification, and a group of researchers develops the
BI-RADS score, which parts the breast into four distinctive categories. BI-RADS 1 represents the lowest densities,
and BI-RADS 4 represents the highest densities; in BI-RADS 1, the fat percentage remains between 0 to 25%,
BI-RADS 2 have a fat percentage with fibro glandular tissue of 26 to 50%, BI-RADS 3 presents the heterogeneous
breast of density 51 to 75%, at last BI-RADS 4 is exceptionally dense with 76 to 100%. Patients that have BI-
RADS 4 have a higher risk of developing breast cancer than BI-RADSI1 [14] [15].

Hence, considering the phenomena, Breast density plays an important role in early detection;
However, radiologists must inspect vast numbers of mammograms, which is timeconsuming and subjective, wit
h low intra- and interradiologist reproducibility. It is critical to developing an automated system that can reliabl
y identify mammographic densities.

Probable region

Dataset —» Pre-processin — .
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or Malignant

Figure 2 typical CAD process
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2. Literature Survey.

In this section of the research, a review of the various existing classification model of breast cancer is proposed,
with research having focused on computer-aided tools over the last two decades. Early research in [16]-[19] aimed
to ease the workload of radiologists by avoiding the fine needle aspiration. In general, these CAD model comprises
four distinguish steps which include pre-processing, probable ROI (Region of Interest) Identification, FE (Feature
Extraction) and task-based on these extracted features; out of these steps feature extraction is considered to be
more vulnerable. Hence considering the importance of feature extraction, a plethora of work has been carried out
and novel methodologies and networks were designed. Further, the development of the Deep learning domain,
especially neural network architecture like Convolutional Neural networks, provided a significant revolution in
the feature extraction domain. However, it required a fair amount of data and an ideal mathematical model where
CNN learns through an iterative approach. In recent, Deep Brief Network [1] was one of the improvised networks
designed; this was a basic CAD-based model developed to identify and distinguish the type of cancer into benign
and malignant; however, this mechanism requires a conventional CAD model. DBN mechanism was compared
with traditional classifier, LDA (Linear Discriminant analysis) based classifier and other DNN (Deep Neural
Network) based classifier and prove to be better than these classifiers. DBN-classifier were improvised through
integrating the convolution layer in [17]; here, deep features were extracted through the convolutional layer from
given input images instead of manual FE.

The extracted features were enforced into the DBN-classifier and perform better performance than the other
mechanism, still possesses various challenges such as the construction of feature map. Thus [20] adopted feature
map-based extraction instead of a unit feature vector. They focused on two types of feature maps, i.e., high level
and low level, through various convolution layers, and further were integrated for training. These derived features
were passed through the SVM classifier and possess impressive accuracy. To take advantage of the multilayer
feature, [22] adopted a SoftMax layer along with a multilayer perceptron classifier. Although this mechanism is
claimed to be deep learning-based CNN architecture adoption, it still requires manual detection of ROI. Hence,
the research was focused on an automated model for ROI for whole breast images, and these ROI detections are
directly passed for FE and classification steps.

With the rise in the competition of MIA (Medical Image Analysis), several architectures like VGG-16, Alex-
Net, GoogleNet, Inception, ResNet, and DenseNet were successfully deployed for breast classification [23]-[28]
respectively. [8] used the VGG-16 model and performed a detailed comparative analysis with ResNet-50 and
Inception-V3 model; here, FCN was adopted as the classifier for an above-discussed mechanism. Also, the
probable region was detected through a manual approach, and later it was passed to the classification model.

Deep Learning domain has proved to be better than shallow mechanism; however, two major challenge
remains major issue first is with the manual process, and another one is complexity in the training process. Only
a few mechanisms could develop fully integrated models as in [2] [3]and [6]; these models were designed with a
three-step approach, namely pre-processing, segmentation, and classification. To detect the lesion cascade DL,
which uses GMC and modified-DBN, another model used dual R-CNN, and the model uses CRF (Conditional
Random Forest). Extracted lesions were enforced to optimize False Positive per Image, aka FPI. Nevertheless,
segmentation was carried out through complex —DL, including contour refinement and dual DBNS integrated with
CRF classifier. Furthermore, other work like [29] used dilated convolution for image classification instead of
classic CNN used by the above model; the main issue with the classification model is a redundancy of the model
in a large number of feature maps. Thus, to avoid attention mechanism were used which highlights the desired
information and suppress the redundant; [30] uses spatial attention for essential regions. The improvisation is
carried out in [31] and [32]. Also, another recent model in [33] stratification approach is used for the classification
and deep learning-based stacked ensemble model in [33] and random projection algorithm in [34] and improvised
version of dilated convolution in [35].

Through the detailed review, it was observed that CNN was heavily adopted for classification of breast cancer;
there are several research gap which needs to be focused such as classification results in terms of performance
metrics, memory complexities, real-time application, and long prediction is a significant challenge. Thus this
research analyses the importance of residual network and adopts the DeepResidual-Network, and enforces the
improvised transfer learning for improvisation in performance metrics and flexibility.

The importance of network depth is prominent in designing a neural network-based architecture; however, the
deeper network remains challenging to train due to the network complexities, and this can be overcome through
the approach of residual learning and eases the network training deeper, which improvises the image processing
task like breast cancer classification.
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Figure 3 Residual block

The main advantage is they require small parameters to train as parameter optimization is carried out along
with task-specific layers; when the models are trained deeper, their accuracy gets saturated and reduces
shockingly, which is not caused through the overfitting and adding further layer causes the higher training error.
Deep Residual Network is an improvised version of convolution neural network that has the residual network
connection and deep architecture; as shown in figure 3, this residual network comprises the lesser convergence
without overfitting.

2.1. Formation of residual blocks
Here, we consider a residual network with series of residual blocks; these blocks comprise various
convolutional layers, and the residual block can be written as:

G**1 = UnitFunc(mf(G*,V¥) + V¥) (D

In equation(1), G* indicates the input of residual block whereas G*** represents the output of the residual
block. UnitFunc(.) indicates the unit function. mf represents the function that maps the residual layer and
V¥ Indicates the parameter of residual. It was observed that mf (G*, V¥) can be either equal or unequal; so
when they are unequal, the equation (1) can be reformulated as:

G**1 = UnitFunc(func(G*,V¥) + Z*G*) ()

The convolution layer comprises many neurons, and these neurons consist of bias and weights; these
convolution layers consider the receptive fields of a previous layer as the input and given as:

L 3)
XD = Af(Z ah + (o] + x1h_1)>

1=1

In equation (3), v} represents the weight of feature map, Af as the activation function and a as bias, also
rectified linear is used as the activation function, and the network is replaced from two convolution layers to
1xX1+3x%x34+1x1,i.e.,dimension is reduced and restored later. Thus, this phenomenon can be formulated
as:

K1 @
G = 6K+ Z mf (G", v}
h=1

In equation(4), a sum of input of complex mapping and residual input is expressed through variable K; the
backpropagation is derived as:

da a9 ®)
3Gk ~ 5GK (36K Z mf(G,VE) + 1)
h-1

DOI : 10.21817/indjcse/2021/v1214/211204222 Vol. 12 No. 4 Jul-Aug 2021 1139



e-ISSN : 0976-5166
p-ISSN : 2231-3850 Rajasree.P.M et al. / Indian Journal of Computer Science and Engineering (IJCSE)

2.2. Enhanced-Deep Residual network

o In this section, we present the enhancement of deep residual as unsuitable gradient possesses adverse effects,
we propose supervision of the hidden layer training layer; in here, if features are hidden in a designed network,
then features maps are trained in discriminative fashion, and feature map of this layer is used as the final
classification. The intermediate and low feature maps are considered as additional de-convolutional layers, and
other full-feature maps are given for prediction.

The w; is considered as the weight of the main network and (S |wy; V) indicates the prediction probability
and loss can be formulated as:

o(V; W) = Z —logo(V; Sylwy)
WhHEW
In the equation (6), W indicates training dataset and S, indicates target label of an input image wy,.
BV vis W) = D" —logo(Sylwi; Ves v2)

Wh EW

An objective function is designed as per equation (8).

o= (D P +WVIR)+ D ocm WiVsw) + w(W;V)
cec cec

To convolute the absolute path for the output layer

Transfer Learning

Transfer learning is an approach where a particular model developed for the task is again used for the initial of the
second task; in this research work, the focus is on developing the improved transfer learning approach for
enhancement in terms of metrics.

2.3. Domain adaption

Let's consider the source domain and target domainas C" = {( wy, x}?;)}'lfnr and C" = {Wy }?;31 with labeled and
unlabeled as mg and m,; these two are characterized with estimated distribution with variables as o and p. To
construct the network which can learn the features and form the classifier x = Y(w) that optimizes ns(Y) =

Tew,x)~[Y(w)] through supervision.

2.4. Network Design

To design the network, the assumption is made that there is no loss of generality; also, let's consider Y; and
Y/ is a parameter for weights and bias respectively of a given filter. The model is trained by optimizing the loss
function.
KW, W, X5|1Y",Y*)=Kpry + K, + K )

wr ) (10)
Ke= ) O W5 x0) (577)
Vi (11)
K=Y bMWD (5]
Ky = B WO Y (@) (12)
Kipry = ((Yr»ys|wr: WS) (pvqe) (13)

In equation (13), b(Y" Wy, x1,) indicates the is classification loss.

2.5. Improved domain adaption

Let's consider an architecture that has the three fully connected layer and five convolutional layers where each
FCN-layer is trained through non-linear mapping gf = af*(ak + V*¥gf=1) with its layer | where af* is the
activation along with V¥ weights and a* bias with hidden layers unit and rectifier units for the output layer as
shown in figure 4.introducing a general parameter g = { ak, Vk}zzl
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my 1
min ) 1(xf,ed) ()
h=1 z

In the equation(14), I indicates the loss function; g(w7,) is the probability where label assignment is carried out,
the initial three convolutions learn the generic features which are transferable, whereas the fourth and fifth
convolution is domain-based. In here, the first three blocks are freeze and fine-tuned the fourth and fifth.

Source output Target output
[|ZSE5|——| IDRN [ O O ]

£ (OO 1 wow T 10 O)
([ OF - wew 1 O O] |
fz (ST === TS TS ]
3 [T —mme e T ]
= [T == T T ]
2 (ST —=—==== S > ]
g [CSCc> ——===-= c> <> ]
i o oo o o |

Figure 4 Improvised adaption

Figure 4 presents improvised adaptions; it comprises a three-layer module, i.e., freezing layer module, fine-
tuning layer module, and training module. The freezing layer module shall consist of three convolution layers. A
fine-tuning layer is made less transferable; hence, these are trained through fine-tune approach; the training layer
comprises a complete connected layer deployed for the task. Therefore, they are made non-transferable and should

be adopted.

k, mg
1
min ¢ Z ¢ (CF,CE) + —Zl(xﬁ,g(wﬁ)) (15)
Q my,
k=ky h=1

2.6. Parameter optimization
In this section, optimization of the parameter is done. At first, the filter function is computed and given through
the equation(16):
C(0,0) = Dysyyr sf (WS, W'S) + Doy rj(WT, W'T) — 2D s sj (W, W) (16)
In equation (16) w™ is approximately equal to 0 and the computation causes the time complexity of 0(m?)
which is not acceptable for deep learning-based architecture, thus unbiased estimation is carried out, which is
given as:

c2(o,p) = Zprt? £i (yn) 2(m)™H) (17)

The equation (17) quad tuple y, = (Wh,_1, W3, Wy;—q, W3, ) is evaluated on multiple filters through the
approach:
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fin) = jwap_1, W) + jWip_q wap) — j(Wap_y w3y ) — jwap, wip_1) (18)

The designed architecture is trained to consider the only gradient for an earlier designed tuple with given data

. . opn(vf)
points and the computation of o

oQm

A gradient of designed parameter concerning the defined layer is given as:

Vo= afh(Yr]f)_l_ 01(yn) (19)
k=9 20k 00k

For a given filter j, as integration of adopted filters denoted as{jt(wh,wj) = e Iwn-will?/ t} ; gradient is
computed through mathematical chain rule:

al(ghk_,,, gk : MR 2a;
W == 1 (o] - H [gh 7)) (5 (g ) (85 —g5)  (20)

J2n-1
t=1

R
In the equations (20), H ([, g2 jgglk__ll) —H [ggh(k_l)]) computes the gradient of a defined layer with g as an

indicator such that two considered are considered as given in the following equation:
-1) _ . _
HlghtV] = gt if vight+al>0 @1

H gV | 0

2.7.Error minimization

Proposed architecture tends to minimize the error by integrating the test power and error observed; this error
can be formulated as:
max ¢/ (CE, CFY9? (22)

Where the variance is estimated and computation of same is through the given equation:
- 2
972 =Dy () — [Dyy; 3] (23)

Considering the number of filters, covariance is computed as R = cov(h;) € S™" and equation (23) is
minimized to the mathematical equation given as:
min ak (P + H)a (24)

EVa=1,a=

2.8. Analysis

Considering the basic theory of transfer learning, analysing the proposed mechanism through two distinctive
scenarios. The first scenario is that let o be some hypothesis and then estimated risk of source and target domain
is given as:

t;(0) < 1,(0) + 2¢j(o,p) + B (25)

Where B is the complexity constant, thus, through optimization in an explicit manner for multiple layers, features
and classifier learned through the proposed mechanism reduces the upper bound and provides the best-achieved
accuracy to date.

Improvised-DeepResidual-Network is evaluated considering the various performance metrics, and evaluation is
carried out in the next section.

3. Performance Analysis

Breast Cancer classification is a final and significant task of CAD-based mechanism; in this section of the
research, evaluating the IDRN model considering the INbreast dataset. Using CNN based approach, the system's
computation and configuration play a vital role; the system configuration model includes 16GB of CUDA-enabled
graphics with 2TB of storage and 16 GB of RAM. Machine learning libraries like TensorFlow and CUDA are
used for processing; also, python is used as the base language, and other graphs like AUC is plotted through
MATLAB 2020.
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3.1. Dataset and other details.

INbreast is considered to be one of the finest publicly available datasets which can be requested from the [37];
this particular dataset has the ground truth annotations regarding the breast class as benign or malignant along
with their coordinates. INbreast Mammograms are considered as the FF(Full Field)-Digital Mammograms, which
are obtained through follow-up cases, diagnostic, and screening. The screening process has been carried out
following regional and national standards. This dataset comprises 410 Full Field (FF)- Digital Mammograms with
three distinctive classes benign, malignant, and normal. It follows the format of DICOM and includes the
CC(Craniocaudal) and MLO(Mediolateral oblique) from 115 patients; pixel values have the 14-bit contrast
resolution, and the dimension of mammogram is 2560x3328 and 3328x4084.

For evaluation, all mammograms with CC and MLO views are used in a total of 112 cases; also, IDRN uses
the BI-RADS score for binary classification of mammograms into benign and malignant. BI-RADS score is a
standard numerical scale range of cancer classification between 0 to 6. The INbreast dataset has 36 mammograms
which belong to score of 2 and 3 as benign, whereas 76 mammograms with a score of 4,5 and 6 as malignant.

3.2. Performance Metrics and comparison.

Any deep learning-based approach is evaluated through a set of metrics which includes accuracy, sensitivity,
specificity, F1-Score and AUC, and MCC (Mathews Correlation Coefficient) through confusion matrix; confusion
matrix summarizes the various combination of higher metrics suggests the efficiency of the model. The model is
evaluated with the same parameter.

The deep learning domain is an ever-growing domain, and in medical image analysis, mechanisms are
proposed often; hence to prove the model efficiency, comparative analysis plays an important role. Thus the
comparison is made with IDRN models like an improvised version of U-net, which shows fine potential for
classification as MS-UNet [38], MS-FCN-8s[39], MS-U-SegNet [40], MS-SegNet [41], MS-Res-CNet [42] and
InceptionResNet-V2[43]; these models are considered as the state-o-art model, a further comparison is carried out
in the next sub-section.

3.3. Accuracy

In general, accuracy can be described as the model efficiencys; it is one of the significant metrics to evaluate
any classification mechanism; it is computed as the number of all correct prediction which can be formulated as:

accuracy = (truepsitive + truepegaiive) / (POSstitive + negative) (26)

Figure 5 presents a comparison of various mechanisms like MS-U-net, MS-FCN-8s achieves reasonable
accuracy of 80.88 and 86.76%; further improvised mechanism of these methods MS-U-SegNet and MS-SegNet
achieves good accuracy of 88.24. Similarly inspired by these mechanisms, MS-ResCU-Net achieves an impressive
result of 94.12% of accuracy. Further, using the ResNet architecture, InceptionResNet-V2 performs an accuracy
of 95.32 %; this method has computed only accuracy and AUC and omitted other metrics, whereas IDRN
(Improvised DeepResidual Network) achieves massive accuracy of 98.21%.

Accuracy
94.12 95.32 98.21
88.24 88.24
100 80.88 86.76
80
60
40
20
0
X, S X, X X N\
& éfb Q§e Q?e & X QQ§
N & o 32 > NA A
& S N S & &
< S N\ f &
@ V@ Q;&\O
Q)
\0(’

Figure 5. Accuracy Comparison
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[11 F1-Score

F1-score is defined as the test's accuracy measure; it is one of the major performance metrics for evaluation;
it is computed through the equation (27); figure 6 shows the comparison of various algorithms on the F1-score.
CNN architecture model MS-U-Net achieves 83.12% and MS-FCN-8s achieves F1-score of 88.89%; another
improvised version of U-Net MS-U-SegNet achieves good F1-score of 90.7%, further improvisation is made, and
existing model MS-ResCU-Net achieves 95.24% whereas proposed model i.e. IDRN achieves massive F1-score
0f 98.77%.

2 (true ositive) (27)
F1 —Score = L
Z(truepositive) + falsenegative + falsepositive
F1 - SCORE
00 98.77
95.24
95
90.7
89.74
S0 88.89
85
83.12
80 I
75
MS5-U-Net MS-FCN-8s MS-U-SegMet MS-Seghet MS-ResCU-Met IDRN
Figure 6. F1-score comparison.
Sensitivity

Sensitivity is the statistical measure of binary classification test performance, it measures the actual proportion
identified correctly, and the value should be higher. Figure 7 shows the comparison of IDRN with another state-
of-art technique model; In here, MS-U-Net and MS-SegNet achieve fair sensitivity of 78.05% and 85.37%,
respectively, whereas the improvised architecture of U-net achieves 87.8 and 95.12 % of sensitivity. In comparison
with these models, MS-ReSCUNet and achieves similar sensitivity of 97.56%.

[o Q
Recall(Sensitivity)
9 9 9
100
8
90
7

80
70

o 60 o]
50
40
30
20
10
o

MS-U-MNet MS-FCN-8s MS-U-SegNet MS-SegNet MS-ResCU-Net propsed
O O

Figure 7: sensitivity comparison

DOI : 10.21817/indjcse/2021/v12i4/211204222 Vol. 12 No. 4 Jul-Aug 2021 1144



e-ISSN : 0976-5166
p-ISSN : 2231-3850

Specificity

Specificity is the measure of actual negative, which is identified correctly, and it is computed as in the given

Rajasree.P.M et al. / Indian Journal of Computer Science and Engineering (IJCSE)

formula concerning the confusion matrix.

Figure 8 presents the comparison of various techniques with the proposed IDRN model; to observe that MS-

specificity =

truenegative
truenegative + falsepositive

(28)

U-SegNet achieves the lowest 77.78 % of specificity; MS-FCNS8s and MS-UNet achieve 85.19% of specificity.

MS-RESCU-Net achieves 88.89 % specificity, whereas MS-SegNet achieves 92.59 %; in comparison with all

these, the proposed model outperforms all these with a specificity of 93.75 %.

£

o
Specificity
100
90
80
FOo
80
(@] C
50
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20
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o o
MS-U-Net MS-FCN-8s MS-U-SegNet MS-SegNet MS-ResCU-Net propsed
o- Specificity 85.19 85.19 F7.78 92 59 8889 93.75 -
o
Figure 8: Specificity comparison
AUC (Area under Curve)

AUC-ROC is considered as the major metric for any classification mechanism, and AUC is plotted considering

O

various thresholds; figure.9 presents the AUC graph of a proposed model, which represents the degree of
separability. The graph in figure.9 is plotted as true positive against false positive rate.
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Figure 9: Proposed AUC model
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3.4. Comparative analysis and discussion

This section analyses the performance of the proposed model IDRN (Improvised DeepResidual Network)
through various models, i.e., Accuracy, Sensitivity, Specificity, Fl-score, and AUC. To prove the model
efficiency, we compare the model with several state-of-art mechanisms, and it is observed that in terms of
accuracy, IDRN achieves nearly 3% than the Inception-V-Net model and 4% than the existing model. Moreover,
Inception-VNet computed only accuracy and AUC and ignored the other parameter. In terms of F1-score, the
proposed model IDRN achieves 3.03% better than the existing model; in terms of sensitivity, IDRN achieves a
similar value of 97.56%; in terms of specificity, IDRN achieves 1.19% to the MS-SegNet model. At last, AUC
was considered for evaluation and observe that IDRN performs impressive AUC improvisation of 2.8% than
the Inception-V3 model

4. Conclusion

MIA (Medical Image Analysis) through Deep Learning has a significant impact in the research world in
comparison with the traditional ML-based mechanism; recent development shows the major growth for learning
medical images through discovering the feature patterns in the given raw image. The application of the deep
learning-based approach focuses on feature extraction, segmentation, detection, and classification; thus, this
research adopts the DeepResidual-Network and proposes IDRN for mammography diagnosis; in the previous
research of the same work, we have proposed segmentation, which achieved remarkable performance. In this
research work, a classification technique is proposed, which classifies the region into benign or malignant i.e.
non-cancerous or cancerous, based on the BI-RADS score. IDRN is evaluated considering the INbreast dataset
and five important measuring metrics namely Accuracy, precision, specificity, Recall, and Fl-score, and
outperforms the state-of-art technique and existing methodology. Classification technique plays an essential part
in cancer detection as based on the BI-RADS score it decides whether a patient is suffering from cancer or not.
Hence to adopt in a real-time environment it must be designed very carefully by considering several
circumstances, through this research work a step ahead is taken to detect cancer; the proposed model achieves
higher accuracy than any other model to date the research has been carried out. However, the model performs on
a lower side in terms of specificity and further optimization can be carried out; several constraints must be
considered to see the model performance. Meanwhile, this research work can be concluded by the fact that it is
one step towards the classification technique.
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