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Abstract

Breast cancer remains a formidable disease, claiming millions of lives
worldwide annually. Timely and precise detection of malignant tumors is
paramount to enhancing patient prognosis. In our investigation, we distinguish
between benign and malignant tumors and evaluate the efficacy of fourteen
pre-trained convolutional neural network (CNN) models using the INbreast
cancer dataset. Leveraging transfer learning methodologies to discern
malignant tumors across 410 -mammograms. In a pioneering, we conduct a
novel analysis of attention weight scores generated by Hierarchical Attention
Networks (VIT-L16) within a deep dense transfer network to discern the most
influential factors in predicting malignant tumors. Our methodological
approach encompasses a range of evaluation metrics for all pre-trained models,
laying the groundwork for the development of an automated system proficient
in identifying various breast lesions. The integration of transformers with
transfer learning presents several benefits. Firstly, transformers excel at
capturing long-range dependencies within data, enabling them to effectively
analyze intricate patterns and relationships present in medical images, such as
those in mammograms. Secondly, by leveraging pre-trained transformer
models, we can expedite the training process and mitigate the need for vast
amounts of labeled data, thus facilitating the development of accurate
diagnostic systems even in scenarios where labeled medical datasets are scarce.
Ultimately, the fusion of transformers with transfer learning equips us with
powerful tools to enhance the early and accurate detection of breast cancer,
with profound implications for the realms of medical imaging and computer-
aided diagnosis (CAD). Our experimental findings reveal ResNet50 as the top-
performing model, achieving an accuracy of 73.09%.
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1. Introduction

Cancer is a devastating disease that poses a
significant threat to human life. Breast cancer is
one of the most common types of cancer, affecting
millions of women worldwide. [1] According to
the World Health Organization (WHO), breast
cancer is the leading cause of cancer death among
women worldwide, with an estimated 2.3 million
new cases and 685,000 deaths in 2020 alone [2].
Several risk factors are associated with breast
cancer, including age, gender, family history,
genetic mutations, and lifestyle factors such as
alcohol consumption and obesity. Early detection
of breast cancer is crucial in reducing the mortality
rate associated with this disease, enabling timely
and effective treatment [3-5]. In addition, the five-
year survival rate for localized breast cancer that
has not spread to other parts of the body is as high
as 99%, highlighting the importance of early
detection [6-8].

Unfortunately, the current method of diagnosing
breast cancer relies heavily on mammography
images, an X-ray-based imaging technique that
produces two-dimensional images of the breast
tissue. Mammography is effective at detecting
breast cancer at an early stage, but it has several
limitations [9,10,10]. For example, mammography
images can be affected by impurities, noise, and
low resolution can affect mammography images,
making it difficult to diagnose breast cancer
accurately. Furthermore, the subjective nature of
medical practitioners can lead to missed
diagnoses or false positives, resulting in
unnecessary treatments and procedures.

To overcome these limitations, researchers have
proposed using CAD systems that can assist
clinicians and radiologists in the early-stage
detection of breast cancer using mammographic
images with greater accuracy than traditional
methods [11-13]. CAD systems use image
processing algorithms and machine learning
techniques to analyze mammography images and
detect and identify abnormalities or suspicious
regions that may be indicative of breast cancer. As
a result, CAD systems can help reduce the
number of false negatives and false positives,
improving patient outcomes.

The accuracy of CAD systems depends on the
quality of mammography images and the
selection of appropriate image features. Several
studies have shown that the performance of
CAD systems can be improved by using deep
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learning (DL) techniques, which can automatically
extract features from mammography images and
classify them as benign or malignant [14,15]. In
recent years, DL models have gained popularity
among medical practitioners due to their
automatic feature selection properties. However,
DL models require large amounts of training data
to achieve high accuracy, and training them can be
computationally expensive [16].

To address these challenges, researchers have
proposed using transfer learning (TL), which has
demonstrated significant improvements over
convolutional neural network (CNN) models. TL
involves using a pre-trained model, such as the
AlexNet model, which has been trained on a
large amount of image data, to classify new
images accurately.

Furthermore, it allows researchers to reduce
the computational cost of training a DL model
from scratch and enables knowledge transfer
from one domain to another. Many existing
approaches use the TL preset hyper-parameters,
which have been chosen as the industry standard.
However, recent studies have highlighted the
need for customized hyperparameter tuning to
achieve better results.

The goal of this research paper is to investigate
the effectiveness of DL-based CAD systems for
the early detection of breast cancer using
mammography images. In particular, we aim to
evaluate the performance of TL-based DL models
for breast cancer detection and compare them to
traditional CAD systems and human radiologists.
We will also explore the impact of hyperparameter
tuning on the performance of DL models and
investigate the feasibility of deploying these
models in real-world clinical settings.

. We assessed fourteen pre-trained models,
each enhanced with two additional layers tailored
for categorizing cancer into the BC category.
These layers were interconnected using a global
connected

average pooling layer and fully

through binary cross-entropy and sigmoid
functions.

. Our study pioneers the analysis of

attention weight scores generated by Hierarchical
Attention Networks (VIT-L16) within a deep
dense transfer network. Our aim is to identify
crucial factors influencing prediction outcomes
and model success, offering valuable insights for
both researchers and practitioners.
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. We  validated the  Transformer's
performance in computer vision, especially in
attention ~ mammogram  analysis  (VIT-L16

Transformer), resulting in improved accuracy for
computer vision tasks. The benefit of using
Transformers with transfer learning lies in their
ability to leverage pre-trained representations of
data, enabling faster convergence and requiring
less labeled data for training.

. Finally, through a performance-driven
analysis of fourteen deep transfer learning
models, we have developed highly accurate
automatic BC prediction models, promising
advancements in breast cancer diagnosis and
treatment strategies.

INbreast Breast Cancer
Dataset

2. Methodology

In this section, we present a comprehensive
exposition of the BC INbreast mammograms
dataset, outlining each preprocessing step and a
range of deep transfer learning network tasks. In
addition, we have meticulously documented the
earlier deep learning models, which were
subsequently reconstructed and subjected to a
comparative analysis based on standardized
model hyperparameters, such as the number of
epochs, learning rate, batch size, and input image
size (224 x 224). Figure 1 depicts the architecture
of the suggested methodology.

Vit L16 Transformer
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2.1. Dataset Details
In this research, we utilized the INbreast

mammography slides as a foundational dataset,
comprising 410 BC mammogram slides classified
into two principal categories: benign and
malignant. Table 1 provides a detailed breakdown
of the data set, while Figure 2 illustrates the

categories of sample slides for each classification.
The INbreast dataset comprises mammography
slides from the medical history of 115 patients,
with a 14-bit pixel dimension and two views,
MLO (Medio-Lateral-Oblique) and CC (Crania
Caudal).

Table 1:  INbreast Dataset Details

Properties Details
root Portugal
Lesion Category All
Total Cases 115

Views

Total Mammograms
Resolution

Ratio (Malignant: Benign)
Annotation

410

CC- (Left, Right) and MLO- (Left, Right)

14 bits (Pixel)
0.28:0.72

finding label level through annotation
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Breast Density Details Yes

2.2 Preprocessing

The stratified [17] balancing approach and the
UnSharp mask with image
enhancement technique are employed in our
proposed methodology to
mammography slides. As a result, the model has
minimized unbiased learning towards minority
class samples in the INbreast mammograms
dataset guaranteeing  good

smooth mask

normalize

while  also

Benign Mammograms Samples

typical transfer learning steps. First, normalize
the distorted mammograms, then balance the
training dataset using a stratified [17] balancing
strategy, and finally, lower the likelihood of
model overfitting in transfer learning. The slides
have been enhanced with the slide image
(224x224) dimension and sent to pretrained
models [18-22]. The ratio of train 80: valid 10:
test 10 was used to partition the BC Cancer
process INbreast dataset.

Figure 2. Sample of Benign Mammograms and Malignant Mammograms

2.3.  Data Augmentation

During the training phase, we used various sets
of random augmentation flips. We divided the
INbreast dataset into smaller image sizes (224 x 224)
W x H, slide rotation (400), and flip (Vertical,
Horizontal) for the input image size to the
network. Figure 3 displays enhanced augmented
slides and Table 2 is presenting the total number
of samples before and after augmentation.
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Table 2: Before and After Augmentation INbreast Dataset Details

Original Samples Augmented Samples
Dataset Benign Malignant Benign Malignant
INbreast 302 108 1493 1488

Total Samples 410 Total Samples 2981
2.4. Attention Mammogram (VitL16 Further, the decoder block 124 and the auto-
Transformer) regressive channel for each pixel are congruent.

The authors of [23] described a transformation
architecture that combined the advantages of
natural language processing and computer
vision. The three layers that make up this
design are the layer of selfattention layer, the
layer encoder-decoder, and the position-wise
levels (feed-forward) along the Relu activation
function. Each pixel channel in the encoder
block input data in a contextual presentation.

The key-value pairs with 125 the query, using a
self-attention layer. Transformers are the only
ones that employ self- 126 attention for sequence
alignment as opposed to RNNs and CNNs.
Building architecture 127 based on transformers
is still being developed. In this study, we validate
the attention base 128 mammogram with deep
transfer learning models.

Figure 3. Samples of ‘Augmented Mammograms

2.5. AlexNet

In [24], the AlexNet architecture has been
divided into two layers, where five layers are
related to the features layer (convolution layers),
and three layers belong to the fully connected
layer. In each layer, the ReLU activation
function with filters of convolution has
passed. The size of input slides is 224 x 224 with
RGB channel due to fully connected layers. The
4096 neurons contain an FCN layer with a
cross-entropy layer. Where each maintains a
different feature for a different image. To handle
the model overfitting problem, the dropout layer is
applied at regular intervals.

2.6. DenseNet121

The features of all previous levels cannot be
combined in this [25] model. These feature maps

https://sesjournal.com
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have been connected and utilized as inputs on
the other side. In addition to two convolution
feature layers with kernel sizes of 1x1 as a layer of
congestion and a 3x3 kernel layer for executing
convolution operations, the model’s dense blocks
each have a different number of block layers.
a layer of Convolution 1x1, a layer of average
pool layer 2x2 feature reduction with strides of 2
consists of layers of transition. In conclusion,
stride 2 in the fundamental convolution layer 7x7
64 filters. Six times of dense block 1 are repeated
together with stride 2 in the basic pool layer, layer
3x3 feature reductions layer and layer 2
convolution layers. The transitional layer consists
of Convolution (1), and Average Pool
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(1). Finally, all feature maps have been processed
to carry out classification tasks using the global
feature layer.

2.1. DenseNet201

There are four distinct densities of the dense
layer in the model [26] The final dense block
with classification layer, feature reduction 3x3
max pool layer with stride 2, and accept all the
prior feature layers’ maps of the DensNet201
network. There is a bottleneck layer for each
convolution layer action. This layer caused the
1x1 convolutional layer to lower the number of
input channels, while the 3x3 convolutional
layer maintained the convolution process with a t
input shape transform while maintaining the
same input size and fewer input channels.

2.8. GoogleNet

The GoogleNet [27] pretrained model has 9
inception modules along 22 convolution layers in
its architecture. Three different sizes of the
kernel (1 x 1, 3 x 3, 5 x 5) have used in the
inception module, for pooling layer 3 x 3 filter
size, and the size of the convolution filter is 1 x 1.
Due to this small GoogleNet structure, reduce the
computation cost as well as handle the depth of
the feature map. The size of the input slide is 224
x 224 with the RGB color channel image. The
stochastic gradient descent algorithm has been
used to extract the most appealing feature from
slides during the training phase through the
structure of the GoogleNet network.

2.9. InceptionResNetV2

In this [28] deep transfer learning model
architecture residual blocks
inception blocks, and a total of 164 deep
hierarchical networks consist in it. The input size
of slides should be 229 x 229 pass-through in this
network. The stem is the main block of this
network proceeded by Inception with A-resent,
A-Reduction Inception B-resent, B-Reduction
Inception, and C-resent modules. While the
sequence of the convolution layer is 3x3, the layer
of max-pool is 3x3, and filters combine to further
process by the inception of the A-resent block via
the main stem block. The input image in each
inception block is through by activation function
Relu, and the block of reduction retains the filter
size of convolution Ix1, 3x3 with a layer of
pooling. The batch normalization layer has been
added to the top of the layers in the Inception
ResNet block.

combine with

https://sesjournal.com

2.10. InceptionV3

To enhance the effectiveness of modules-based
deep learning [28] introduced in the family of
inception, many changes have been suggested e.g.,
Smoothing of Label, factorizing of 7x7
convolution, and label propagation combined
with an additional classifier reduces the network
size. The first convolution block features a
reducing layer 3x3 with a stride of 2 applied and
has an input size of 229 x 229, a kernel size of
3x3, and a stride of 2 after two. Three modules
Inception (3) module 35x35, Inception (5)
module 17x17, and Inception Module (2) 8x8 are
configured before the categorization layer.

2.11.  MobileNet

In [29] author proposed a simplified approach
with separable depth-wise convolution layers for
the lightweight application. In comparison to
previous CNN models, the MobileNet model is
capable of performing classification tasks in
mobile and visual applications rapidly. Every
input channel in this model has a single
convolution layer, and each output channel uses
a combination of the point convolution filter and
a Ix1 convolution block before producing a
depth-wise linear convolution.

2.12. NASNetMobile

Basic neural search net building blocks were used
to create this [30] model, and reinforcement
learning was then used to improve it. A sliding
shape of 224 by 224 has been inserted into this
model. The ability to regenerate these operations
with a time number depends on the different
convolution layers, pool procedures for feature
reduction, and network depths. Twelve cells with
accumulates of multiply exit this model. Two
distinct cell structures are visible in the cell. The
term "reduced cell" refers to a cell that reduces
the height and breadth of the feature map by two
factors while still producing a feature map with
the same input dimension.

2.13.  ResNet50

This model has a stem as its source of input. A
single output layer is produced from four
separate input phases [31]. 50 layers with a set
image size make up the model; (22 4x 224). The
stem input, 64 channels other than 2 pitch, and
pass-through maximum pooling layer 3x3 a layer
of feature reduction aside from 2 pitch were sent
to the convolution layer 7x7. After lowering the
image width and image height by 4 times by stem,
the 64 channel's size was raised. The independent
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stage has been used as the initial step in block-
down sampling. Stage 2 has additionally begun
following various iterations of the remaining
blocks. There are now two active pathways in a
block. Whereas A-path includes a 1x1
convolutional layer other than 2 pitch, A-path
contains three convolutional layers 1x1, 3x3, and
1x1 kernel sizes, shifting the input to the output
of path-A. The down-sampling block is added by
A-path output and B-path output last.

2.14.  ResNet101

Due to the dense residual network connections
in a block, this [32] model has been extensively
used in various biomedical applications for
classification purposes. Following the resnet101
backbone layer, two forwarding 256x3 layers of
convolutions are maintained by a normalization
layer batch with a global pool layer that reduces
the number of features. After the reducing layer
of feature same, three convolutions with 128 3x3
layers each were added before the normalizing
layer. Performance categorization has been
applied with two flattened layers. Before
normalizing layers, two dense layers with filter
sizes (256, 64) were employed. Finally, a label
dense layer of multiclass with a vector of
probabilities derived from numbers.

2.15. ResNetl52

To allow the trained model to learn a much
deeper model (152 layers), ResNet152 [28] is a
CNN's network base model that regularizes the
functioning of the caper connections. A 224 by
224 slide image was provided to the model as
input. A 3x3 feature that reduces the maximum
pool layer with a stride of 2 has come after the
convolution 64 of 7x7 with a stride of 2. Four
blocks  with  various layer
architectures have been employed in this deeper
model to carry out binary class and multi-
classification tasks.

2.16. VGG16 & VGGI19

The only deep learning model with an
architecture that allows for decent local memory
consumption on the GPU is the VGG16 [33]
model. There are 16 layers in this design, 13 of
which are convolution layers, 5 of which are
feature-reducing max pool layers, and 3 of which
are fully connected layers. These additional layers
bring the total to 21 layers. There are only 16
layers of weight employed. RGB pixels in the
color image with 224x224 3 information layer.
The subsequent convolution layers have been

convolution

https://sesjournal.com

performed with the Relu activation function 3x3
kernel size. The 19 trained layers that make up
VGG19 [25]combine with various convolution
layers, fully linked layers, a layer of feature-
reduction, and dropout layers.

2.17.  Xception

The Xception [34] model differs from the
original Inception model primarily in two ways.
The first is the order of operations; in the
original, the first spatial convolution performs
with a depth-wise convolution layer of separable
and a channelwise and 1x1 convolution layer.
The second factor is the presence or absence of
nonlinearity; in the original, nonlinearity would
follow the first operation. While Xception uses a
depth-wise separable modified convolution layer.

3. Experiments Details and Results
The field of medical image analysis has witnessed
significant advancements in recent years,

particularly in the application of deep learning
techniques. One crucial area of research within
this domain is the detection of breast cancer,
which heavily relies on the accurate analysis of
mammography images. This study aims to
evaluate the performance of fourteen deep
convolutional neural networks (CNNs) [31, 32]
with and without attention mechanisms for the
binary classification of benign and malignant
breast:tumors using mammography images.

The evaluation was conducted on the publicly
available INbreast mammogram slides dataset,
comprising 410 mammography slides. Each slide
has a resolution of 3328 x 4084 pixels and a bit
depth of 16. The dataset consists of two main
types of tumors: benign and malignant, making it
a binary classification problem. To enhance the
dataset's quality and quantity, pre-processing
techniques such as image enhancement and
augmentation were employed.

Fourteen different CNN architectures were tested,
each varying in terms of the number of layers and
parameters. In order to optimize the models'
performance, adjustments were made to the last
layer, including modifications to the global
average pool layer, dropout layer, cross-entropy
for identifying the breast cancer category, and
sigmoid activation. The same experimental
settings [33-35] were applied to both CNNs with
and without attention mechanisms, including a
batch size of 64, 30 epochs, and an initial
learning rate of 0.001.
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To evaluate the performance of the models, the
dataset was divided into three sections: 80% for
training, 10% for validation, and 10% for testing.
The classification report, which includes metrics
such as accuracy, sensitivity, recall, precision, and
fl-score, was used to assess the models'
performance. While AlexNet demonstrated
promising results in the binary classification of
benign and malignant breast
mammography images, achieving
performance, it should be noted that its accuracy
was relatively lower compared to other models
evaluated in this study. AlexNet, with its deep
architecture comprising multiple convolutional
and fully connected layers, showed potential in
distinguishing between the two tumor types. Its
ability to classify between the two tumor types
was evident in its classification results (as shown
in Figure 4), while a detailed classification report
for the AlexNet model is provided in Table 3.

Vit-L16 (Attention MaM) AlexNet

tumors on
notable

However, the model has certain limitations, such
as its relatively larger number of parameters
compared to newer models, which can make it
significantly computationally expensive and
require a larger amount of training data.
Furthermore, the early architecture of AlexNet
may struggle to capture more intricate and subtle
features present in medical images. Despite these
drawbacks, Alex Net’s performance in breast
tumor classification warrants further exploration
and optimization, considering its potential in
medical image analysis.

The classification report in Table 3 provides
valuable insights for researchers aiming to refine
and improve the accuracy and performance of
the model. By addressing its limitations and
capitalizing on its strengths, AlexNet has the
potential to significantly contribute to improving
breast tumor classification in clinical settings.

AlexNet Vit-L16
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Table 3: WO and With Attention Mammograms AlexNet Classification Report
Wo Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.00 1.00 0.00 1.00
Specificity 0.00 0.70 0.00 0.69
Precision 0.00 0.51 0.00 0.51
Recall 0.00 1.00 0.00 1.00
F-Score 0.00 0.67 0.00 0.67
Accuracy 50.79 Accuracy 50.68
Moving on to DenseNetl2l, this model evidenced by the accuracy results and confusion
presented a notable breakthrough in terms of matrices. However, one potential drawback of
accuracy and loss during training. Known for its DenseNet121 is its higher memory consumption
dense connectivity pattern, DenseNet121 has the due to its dense connectivity, which can limit its
advantage of capturing complex patterns and scalability and efficiency for larger datasets.
features effectively. This architectural design Figure 5 has showing the performance
promotes feature reuse and reduces the vanishing breakthrough of DenseNetl2]l in terms of
gradient problem. Furthermore, DenseNetl21 accuracy (Training, Validation), and Loss
demonstrated strong performance in classifying (Training, Validation) with 30 epochs.
benign and malignant breast tumors, as
Vit-L16 (Attention MaM) DensNet121 DensNet121 Vit-LL16
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Figure 5. During 30 Epochs, the training Step forward using pre-process Mammograms and Attention VIT
L 16 Mammograms of DenseNet121 measurement Accuracy, Error Loss, Confusion Matrices
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The accuracy of each actual and predicted class is

also represented in Figure

5 with confusion

matrices. Table 4 shows the performance of the
model with classification reports.

Table 4. WO and With Attention Mammograms DenseNet121 Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.90 0.38 0.69 0.51
Specificity 0.60 0.62 0.58 0.59
Precision 0.58 0.80 0.58 0.63
Recall 0.90 0.38 0.69 0.51
F-Score 0.71 0.51 0.63 0.56
Accuracy 63.49 Accuracy 59.89
The next model evaluated, DenseNet201, mechanisms to enhance its performance.

showcased promising results
and It

mammograms

loss.
and

in terms of accuracy

utilized both  preprocessed
attention

VIT-L16

mammograms, leveraging the power of attention

Vit-L16 (Atten

tion MaM) DensNet201

DenseNet201 demonstrated competitive accuracy
in predicting the benign and malignant classes, as

depicted in Figure 6.
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Figure 6. The training step ahead used pre-processed mammograms and attention VIT-L 16 mammograms
of DensNet201 measurement during 30 Epochs Accuracy, Error Loss, Confusion Matrices
DenseNet201, similar to DenseNet121, may face

The model classification report, presented in

Table 5 further

validates

its  improved

performance. Despite its strong performance,

https://sesjournal.com
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computational complexity due to its dense
connectivity pattern.

Table 5. WO and With Attention Mammograms DenseNet201 Classification Report
WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.87 0.53 0.88 0.28
Specificity 0.63 0.65 0.56 0.54
Precision 0.64 0.81 0.54 0.70
Recall 0.87 0.53 0.88 0.28
F-Score 0.74 0.64 0.67 0.40
Accuracy 69.84 Accuracy 57.69
GoogleNet, also known as InceptionVl, presented. The confusion matrices in Figure 7

exhibited noteworthy performance in terms of
accuracy and loss during training. This model
introduced the concept of inception modules,
which employ multiple filter sizes to capture
features at different scales. The performance
breakthrough of GoogleNet is depicted in Figure

7, where the accuracy and loss values are
Vit-L16 (Attention MaM) GoogleNet

provide insights into the accuracy of each class,
both actual and predicted. While GoogleNet
demonstrated competitive accuracy, it can be
computationally expensive due to its complex
architecture with multiple branches and filters.
Table 6 model performance with

classification reports.
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Figure 7. During 30 Epochs, the training Step forward using pre-process Mammograms and Attention VIT
L16 Mammograms of GoogleNet measurement Accuracy, Error Loss, Confusion Matrices

Table 6. WO and With Attention Mammograms GoogleNet Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.77 0.56 0.66 0.36
Specificity 0.65 0.64 0.50 0.49
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Precision 0.63 0.72 0.50 0.52
Recall 0.77 0.56 0.66 0.36
F-Score 0.70 0.63 0.57 0.42

Accuracy 66.66 Accuracy 50.54
InceptionResNetV2, a combination of Inception InceptionResNetV2 is its ability to capture both
and  ResNet architectures, demonstrated local and global features effectively, due to its

improved accuracy and performance in classifying

residual connections and inception modules.

benign and malignant breast tumors. This model, However, the tradeoff for its improved
as shown in Figure 8, achieved promising results performance is an increased number of
in terms of accuracy. The classification report parameters, which can impact computational
presented in Table 7 further emphasizes its better efficiency.
performance. One advantage of
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Figure 8. The training step ahead used pre-processed mammograms and attention VIT-L mammograms
of InceptionResNet V2 measurement during 30 Epochs Accuracy, Error Loss, Confiision Matrices

Table 7: WO and With Attention Mammograms InceptionResNetV2 Classification Report
WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 1.00 0.00 0.00 1.00
Specificity 0.48 0.00 0.00 0.47
Precision 0.49 0.00 0.00 0.51
Recall 1.00 0.00 0.00 1.00
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F-Score 0.66 0.00 0.00 0.67
Accuracy 49.20 Accuracy 50.54

During 30 Epochs, the training Step forward
using pre-process mammograms and attention

actual and predicted benign class or malignant
class accuracy of Inceptionv3 has been presented
in Figure 9. Furthermore, the Cclassification
report of the Inceptionv3 model is presented in

VIT-L16  mammograms  of  Inceptionv3
measurement (Accuracy, Error Loss, Confusion
Matrices) has been presented in Figure 9. The Table 8.
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Figure 9. During 30 Epochs, the training Step forward using pre-process Mammograms and Attention VIT
L 16 Mammograms of Inception V3 measurement Accuracy, Error Loss, Confusion Matrices
Table 8. WO and With Attention Mammograms InceptionV'3 Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 1.00 0.00 0.91 0.29
Specificity 0.45 0.00 0.56 0.57
Precision 0.49 0.00 0.56 0.77
Recall 1.00 0.00 0.91 0.29
F-Score 0.66 0.00 0.69 0.43

Accuracy 49.20 Accuracy 59.89

MobileNet, a lightweight CNN model designed
for mobile and resource-constrained devices, also
showcased improved performance in classifying

https://sesjournal.com

breast tumors. Figure 10 illustrates the accuracy
of MobileNet in predicting the benign and
malignant classes. With its depth wise separable
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layers,  MobileNet
competitive accuracy while maintaining a smaller
model size and lower computational complexity.
This makes it suitable for deployment on mobile

convolutional achieved

platforms. However, MobileNet may struggle to
capture more complex and fine-grained features
due to its lightweight design.

Table 9 gives the classification report for the MobileNet model.
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Figure 10. The training step ahead used pre-processed mammograms and attention VIT-L16
mammograms of MobileNet measurement during 30 Epochs Accuracy, Error Loss, Confusion Matrices

Table 9. WO and With Attention Mammograms MobileNet Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.68 0.59 0.54 0.58
Specificity 0.62 0.61 0.54 0.55
Precision 0.62 0.66 0.56 0.56
Recall 0.68 0.56 0.54 0.58
F-Score 0.65 0.62 0.55 0.57

Accuracy 63.49 Accuracy 56.04

NASNetMobile, a neural architecture search-
based model, exhibited a breakthrough in terms
of accuracy and loss during training. Its
performance, as depicted in Figure 11,
demonstrates competitive accuracy in classifying
benign and  malignant  breast  tumors.
NASNetMobile advantage lies in its ability to

https://sesjournal.com
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automatically discover a highly efficient and
effective architecture through neural architecture
search. However, this comes at the cost of
increased computational complexity and resource
requirements during the architecture search
process. Table 10 shows model performance with
classification reports.
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Figure 11. During 30 Epochs, the training Step forward using pre-process Mammograms and Attention
VITL 16 Mammograms of NASNetMobile measurement Accuracy, Error Loss, Confusion Matrices
Table 10. WO and With Attention Mammograms NASNetMobile Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.48 0.53 0.67 0.62
Specificity 0.47 0.49 0.63 0.62
Precision 0.50 0.52 0.63 0.66
Recall 0.48 0.53 0.67 0.62
F-Score 0.49 0.52 0.65 0.64
Accuracy 63.49 Accuracy 64.28
ResNet50 and ResNet101, both belonging to the and 13, these models showcased their

ResNet family, achieved impressive accuracy in
classifying breast tumors. As shown in Figures 12

https://sesjournal.com
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effectiveness in capturing important features and
achieving high accuracy.
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Figure 12. The training step ahead used pre-processed mammograms and attention VIT-L16
mammograms of ResNet50 measurement during 30 Epochs Accuracy, Error Loss, Confusion Matrices
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Figure 13. During 30 Epochs, the training Step forward using pre-process Mammograms and Attention
VIT-L 16 Mammograms of ResNet 101 measurement Accuracy, Error Loss, Confusion Matrices
The classification reports in Tables 11 and 12 gradient problem and facilitate the training of

further wvalidate their performance. ResNet deeper networks. However, deeper ResNet
models are renowned for their residual models can be computationally demanding and
connections, which mitigate the vanishing may require substantial computational resources.
Table 11. WO and With Attention Mammograms ResNet50 Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.61 0.84 0.77 0.70
Specificity 0.60 0.65 0.65 0.61
Precision 0.79 0.69 0.71 0.75
Recall 0.61 0.84 0.77 0.70
F-Score 0.69 0.76 0.74 0.72

Accuracy 73.01.49 Accuracy 73.07
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Table 12. WO and With Attention Mammograms ResNet101 Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 1.00 0.47 0.74 0.68
Specificity 0.71 0.65 0.64 0.62
Precision 0.65 1.00 0.70 0.73
Recall 1.00 0.47 0.74 0.68
F-Score 0.78 0.64 0.72 0.71

Accuracy 73.01.49 Accuracy 71.42

ResNetl52, another member of the ResNet
family, demonstrated a notable performance
breakthrough in terms of accuracy and loss. As
depicted in Figure 14, ResNet152 achieved high

accuracy in classifying benign and malignant

breast tumors. The model's

classification report,
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presented in Table 13, confirms its impressive
performance. Similar to other ResNet models,
ResNet152 benefits from its residual connections
but may have increased computational demands
due to its depth.
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Figure 14. The training step ahead used pre-processed mammograms and attention VIT-L16
mammograms of ResNet152 measurement during 30 Epochs Accuracy, Error Loss, Confusion Matrices
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Table 13. WO and With Attention Mammograms ResNet152 Classification Report

With Attention WO Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.18 0.93 0.74 0.68
Specificity 0.27 0.49 0.64 0.62
Precision 0.73 0.54 0.70 0.73
Recall 0.18 0.93 0.74 0.68
F-Score 0.29 0.68 0.72 0.71

Accuracy 56.04 Accuracy 71.42

VGG16 and VGG19, based on the VGG

architecture, exhibited competitive accuracy in

classifying breast tumors. As illustrated in Figures
Vit-L16 (Attention MaM) VGG16
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15 and 16, these models achieved notable
accuracy values.
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Figure 16. The training step ahead used pre-processed mammograms and attention VIT-L16
mammograms of VGG19 measurement during 30 Epochs Accuracy, Error Loss, Confusion Matrices
The classification reports in Tables 14 and 15 and implement. However, their main drawback
further support their performance. VGG models lies in their high number of parameters, which
are known for their simplicity and uniform can make them computationally expensive and

architecture, making them easy to understand memoty-intensive.

Table 14. WO and With Attention Mammograms VGG 16 Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.87 0.53 0.43 0.85
Specificity 0.62 0.61 0.60 0.59
Precision 0.64 0.81 0.74 0.60
Recall 0.87 0.53 0.43 0.85
F-Score 0.74 0.64 0.55 0.71

Accuracy 69.84 Accuracy 64.28
Table 15. WO and With Attention Mammograms VVGG19 Classification Report

WO Attention With Attention

Metrics Benign Malignant Benign Malignant
Sensitivity 0.29 0.87 0.78 0.67
Specificity 0.52 0.49 0.66 0.62
Precision 0.68 0.56 0.70 0.76
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Recall 0.29 0.87 0.78 0.67
F-Score 0.41 0.68 0.74 0.71

Accuracy 58.24 Accuracy 72.52
Xception, an extension of the Inception confusion matrices in Figure 17 provide
architecture, demonstrated impressive additional insights into the accuracy of each class.

performance in terms of accuracy and loss during
training. As shown in Figure 17, Xception
achieved high accuracy values in classifying
benign and malignant breast tumors. The

Vit-L16 (Attention MaM) Xception

Xception  leverages depth wise separable
convolutions to reduce computational complexity
while maintaining effective feature extraction

capabilities.
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Figure 17. During 30 Epochs, the training Step forward using pre-process Mammograms and Attention
VIT-L 16 Mammograms of Xception measurement Accuracy, Error Loss, Confusion Matrices

However, Xception may require larger

computational resources and longer training
times compared to other models due to its

increased complexity. Table 16 shows model
performance with classification reports.

Table 16. WO and With Attention Mammograms Xception Classification Report

WO Attention With Attention
Metrics Benign Malignant Benign Malignant
Sensitivity 0.90 0.25 0.70 0.76
Specificity 0.54 0.42 0.61 0.62
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Precision 0.54 0.73 0.69 0.62
Recall 0.90 0.25 0.53 0.76
F-Score 0.67 0.37 0.60 0.69
Accuracy 57.14 Accuracy 64.83

Overall, the evaluation of these fourteen deep
convolutional neural network models for the
binary
mammography images provides valuable insights
into their performance and characteristics. While
each model has its strengths and weaknesses, they
collectively demonstrate the potential of deep
Future

classification of breast tumors on

learning in medical image analysis.
research can further explore techniques to
optimize and fine-tune these models to improve
their performance, scalability, and efficiency in
real-world clinical applications.

The effectiveness of fourteen deep convolution
neural networks has been demonstrated in Table
17-18 both with and without attention. These
tables include details on networks, including

their total layers, slide input size, total parameters
in millions, depth, and evaluation metrics. The
ResNet50 model produced the best outcome
73.07% accuracy, and the VGG19 model came in
second place when compared to other models
with base transformer VIT-L16
mammograms. While the ResNet50 and
ResNet101 deep transfer learning models have
achieved the same highest accuracy 73.01% as
compared to any other pretrained model.

attention

Furthermore, as far as we are aware, this is the
first comparison the
advantages of two new technologies (Transformer,
Deep Transfer Learning) to assess the
performance of models with and without
attention mechanisms.

research to combine

Table 17. With Attention Mammograms Performance of fourteen Deep Transfer Learning Model

Models Depth Sizz Parm (M) Input AC RC P FS
AlexNet 8 227 61.0 224x224 50.68 0.51 0.26 0.34
DenseNet121 121 33 8.1 224x224 5989 0.60 0.60 0.60
DensNet201 201 80 20.2 224x224 5769 0.58 0.62 0.58
GoogleNet 22 27 7.0 224x224 5054 051 051 049
MobileNet 53 16 4.3 224x224 56.04 0.56 0.56 0.56
NASNetMobile Non-Linear 23 5.3 224x224 6428 0.64 064 0.64
ResNet50 50 98 25.6 224x224 7307 0.73 0.73 0.73
ResNet101 101 171 44.7 224x224 7142 0711 0.72 0.71
ResNet152 152 232 604 224x224 7142 0.68 0.68 0.67
InceptionResNetv2 164 209 559 224x224 5054 051 026 0.34
Inception 48 92 239 229x229 59.89 0.60 0.67 0.56
VGG16 16 528 1384 224x224 6428 0.65 0.68 0.65
VGGI9 19 549  143.7 224x224 7252 073 073 0.72
Xception 81 88 229 224x224 6483 0.66 0.64 0.64
Table 18. WO Attention Mammograms Performance of fourteen Deep Transfer Learning Model
Models Depth  Size Parm (M) Input AC RC P FS
AlexNet 8 227 61.0 224x 224 50.79 0.51 0.26 0.34
DenseNet121 121 33 8.1 224x 224 6349 0.63 0.69 0.61
DensNet201 201 80 20.2 224x 224 69.84 0.70 0.73 0.69
GoogleNet 22 27 170 224x 224 66.66 0.67 0.68 0.66
MobileNet 53 16 43 224x224 6349 0.63 0.64 0.63
NASNetMobile NL 23 53 224 x 224 50.79 0.51 0.51 0.51
ResNet50 50 98 25.6 224 x 224 73.01 0.74 0.73 0.73
ResNet101 101 171 44.7 224x 224 73.01 083 0.73 0.71
ResNet152 152 232 60.4 224 x 224 56.04 0.56 0.63 0.49
InceptionResNetv2 164 209 559 224x 224 49.20 049 0.24 032
Inceptionv3 48 92 239 229x 229 49.20 0.70 0.73 0.69
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224 x 224 69.84 0.70 0.73 0.69
224 x 224 5824 0.58 0.62 0.54
224 x 224 5714 0.57 0.63 0.52

4. Discussion

Breast cancer remains a significant global health
concern, being one of the leading causes of
cancerrelated deaths among women. Timely
detection plays a crucial role in improving
survival rates, and mammography has emerged as
the most widely utilized screening method for
breast cancer. With the increasing complexity of
medical imaging, CAD systems have gained
popularity as valuable tools to assist radiologists
identify breast study, we
extensively evaluated fourteen pretrained deep
learning models on the INbreast mammography
dataset to assess their performance in breast
cancer detection.

Our evaluation results highlight ResNet50 as the
top-performing model for breast cancer detection.
While the performance measures of the residual
network and VGG models were comparable,
ResNet50 demonstrated significantly higher
accuracy in both attention mammograms and
without attention mammograms. This superior
performance can be attributed to ResNet50's
deeper network structure, which enables it to
address the vanishing gradient problem more
effectively than VGG models. The problem of
vanishing gradients arises when gradients become
exceedingly small as they propagate through the
layers of a deep neural network, hindering
effective learning from the data. ResNet50
overcomes this challenge by incorporating
residual connections that facilitate learning from
residual error, resulting in improved performance
on the INbreast mammography dataset.

In addition to ResNet50's remarkable
performance, it is essential to highlight the
limitations and drawbacks of the alternative
models. While the residual network and VGG
models demonstrated comparable performance,
they exhibited challenges in handling the
vanishing gradient problem, which can negatively
impact learning capabilities. The vanishing
gradient problem can lead to difficulties in
capturing subtle patterns and features in
mammograms, potentially reducing the accuracy
of breast cancer detection. In contrast,
ResNet50's ability to effectively mitigate the
vanishing gradient problem through residual

lesions. In this
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connections enables it to learn from the residual
error, leading to enhanced performance.
Moreover, ResNet50 capacity to distinguish
between benign and malignant tumors during
the training process plays a vital role in reducing
the risk of overfitting. Overfitting occurs when a
model becomes overly complex and memorizes
the training data rather than generalizing to new,
unseen data. By accurately distinguishing
between benign and malignant tumors, ResNet50
ensures that the model focuses on relevant
features  and learning  irrelevant
characteristics, thereby reducing the risk of
overfitting. In contrast, other models may face
challenges in distinguishing between tumor types,
potentially leading to overfitting issues and
reduced accuracy.

The INbreast mammography dataset, consisting
of 410 mammography slides, served as a robust
benchmark for evaluating the models. Our
consistently demonstrated
ResNet50's superiority across various metrics,
including training validation curves, class-wise
confusion matrix, and testing accuracy. The
superior performance of ResNet50 can be
attributed to its improved information flow from
the input layer to the output layer, which
facilitates  smoother gradient  propagation
throughout the network. Furthermore, in our
study, we also explored the performance of the
Vit Transformer for computer vision applications.
The transformer was used to identify attention in
mammograms, and our findings revealed an
increase in the accuracy of computer vision
applications with the integration of the
transformer. The attention mechanism employed
by the transformer enables the model to focus on
relevant regions of the mammogram image while
minimizing the impact of irrelevant regions. This
functionality proves to be particularly beneficial
in mammography due to the high degree of
variability in the appearance of breast tissue.
However, it is important to note that the
transformer encoder layer still requires further

avoids

evaluation results

improvements to achieve even greater accuracy.

In conclusion, our evaluation results
unequivocally establish ResNet50 as the optimal
model for breast cancer detection on the
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INbreast mammography dataset. Its better
performance can be attributed to its effective
handling of the vanishing gradient problem, its
ability to differentiate between benign and
malignant tumors, and its emphasis on rich
features. The study also sheds light on the
other models, highlighting
challenges in addressing the vanishing gradient
problem and distinguishing between tumor types.
Additionally, we demonstrate the potential of
attention mechanisms in computer
applications, emphasizing the need for ongoing
research and development to further improve
accuracy. Finally, these findings
valuable insights to the advancement of deep
learning models for breast cancer detection,
ultimately enhancing the effectiveness of CAD
systems in clinical practice.

5. Conclusion

This study evaluates fourteen deep convolutions
to classify breast cancer, utilizing the INbreast
dataset for performance. The models customize
through the replacement of the final fully
connected layer with our two layers architecture,
improved performance was achieved. Results
from Tables 15-16, with and without attention,
indicated that the residual networks and VGG
model consistently demonstrated higher overall
accuracy. Notably, the Residual = network
outperformed other models, with the VGG
model following closely behind. These findings
provide a valuable starting point for developing
more accurate and computationally efficient
models. In addition, our research introduced a
novel analysis of attention weight scores using
Attention Networks (VIT-L16)
combined with a deep dense transfer network.
This analysis shed light on the
influencing prediction outcomes, particularly in
the context of success, representing the first
exploration of its kind
classification. The insights derived from this
analysis have significant implications for
researchers and practitioners, such as biomedical
engineering and medical practitioner, seeking to
make informed decisions and enhance the

limitations of

vision

contribute

Hierarchical

factors
in breast

cancer

success rate of investments and campaigns.
Furthermore, integrating attention mechanisms

in the Transformer model, specifically in
attention mammograms (Vit Transformer),
increased accuracy in  computer vision

applications. However, further enhancements to

https://sesjournal.com

the transformer encoder layer are required to
accuracy potential. This  study
establishes the superior performance of residual
networks and the VGG model in breast cancer
classification. Furthermore, the study highlights
the potential of attention mechanisms in
improving predictive outcomes and emphasizes
the  ongoing needed in
transformer models. Finally, these findings set
the stage for future research aimed at developing
more efficient and accurate models for breast

maximize

advancements

cancer detection.
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