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ABSTRACT
Cancer is the deadliest disease in the world today. Women are being infected, and breast cancer is common among them.

The only way to stop this is to use deep networks for early detection. These days, a lot of researchers are trying to use CNN
to detect and stop breast cancer. This study proposed a CNN-based dense MobileNet with min-max normalization for breast
cancer diagnosis. It consists of adding drop-out and thick layers to a previously trained mobilenet. The proposed method
additionally combined min-max normalization with data augmentation to improve the contrast of cancer cells. One benefit
of the dense mobilenet model is its ability to accurately classify images of breast tumors. As a result, the recommended
approach provides better performance. The experimental results show that the suggested model has an accuracy of 97%
during training and 96.33% during testing..
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INTRODUCTION

Breast cancer is a challenging disease to research since it
contains millions of active cells [1]. These days, breast
cancer affects many women because of factors including
biological degeneration, environmental toxins, and genetic
susceptibility. Breast cancer arises when abnormal breast
cells multiply uncontrollably and become tumors. If these
tumors are not treated effectively and quickly, they may
spread throughout the body and become life-threatening.
Breast cancer often begins in the milk-producing lobules of
the breast. Over 670,000 deaths globally were attributed to
breast cancer in 2022 [2]. More over half of all cases of
breast cancer occur in women, but just 0.5% to 1% occur in
males.

The earliest stage, known as in situ breast cancer, is often
easily identifiable and seldom fatal. If left untreated,
however, it could spread to nearby cells, causing min g
tumors to thicken or develop lumps, which may ultimately
result in metastasis. By now, the disease is fatal, maybe
fatal. Two popular, costly, and time-consuming therapeutic
options are radiation therapy and surgery. Manual detection
techniques are extremely time-consuming due to the high
density of breast tumors. Therefore, automated computer-
based tumor detection methods are particularly beneficial

[3].

Advances in machine learning and deep learning algorithms
have significantly improved the detection of breast
malignancies, enabling radiologists to locate tumors
quickly and without requiring surgery. Recent
developments in deep neural network modeling have made
it possible to use new technologies for the analysis,
segmentation, and classification of breast tumors [4]. The
early detection of breast cancer using radiology images
currently  requires highly qualified radiologists.
Mammography screenings are also associated with a
significant percentage of false-positive results. Because
imaging data is intrinsically confusing, it is still exceedingly
challenging to categorize breast pictures with high
accuracy.

The goal of this study is to create a fully autonomous
convolutional neural network (CNN) model with min-max
normalization [5] for the multi-classification of breast
diseases using publicly available information. The dataset
used in this work came from the Kaggle repository for
breast cancer detection and classification. Accuracy and F1-
score are metrics used to assess the proposed model. The
model was trained, validated, and tested using a
preprocessed dataset.

To improve accuracy, we propose a thick MobileNet
network for binary tumor classification. To improve
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training accuracy while maintaining a deeper network, the
proposed approach makes use of dense MobileNet, min-
max normalization, and data augmentation. The network
makes advantage of deep separable convolution layers to
lower parameters and computational requirements. In order
to categorize breast cancer into two tumor classes, deep
image information is retrieved and dense segmentation
masks are constructed. The proposed approach was
evaluated using the CBIS-DDSM magnetic resonance
imaging dataset [6].

The network's performance was assessed during
preprocessing, augmentation, and classification phases.
This research suggests a novel dense depth classifier based
on deep convolutional neural networks. The proposed
approach outperforms existing deep learning algorithms in
terms of classification accuracy. The confusion matrix also
shows that it can perform very well with less training
instances. By using dropout layers, overfitting is reduced
and classification errors are removed.

The following are the sections of this paper: Section 2
examines pertinent work on tumor segmentation; Section 3
describes the proposed method; Section 5 discusses the
study's findings and the potential for future developments;
and Section 4 uses confusion matrix analysis to emphasize
the results.

Related Work

Medical image segmentation plays a crucial role in
detecting and classifying brain tumors from MRI scans.
This helps doctors decide on the best treatment at the right
time. There are several methods for identifying brain
tumors in MRI images. One approach comes from Dong
and colleagues, who created a dual-path CNN architecture.
Their system combines detailed and broader information
layers to provide comprehensive and accurate brain cancer
segmentation. A challenge with brain tumor cells is the
presence of high amounts of malignant fluid, which
complicates analysis. Min-max normalization proves to be
an effective preprocessing step for sorting tumors into
different categories [7].

Another study by Wang and team developed a max-
pooling-based convolutional neural network for tumor
detection using a small set of breast images. Their CNN
worked with just fifty images and employed multiple
convolution and pooling layers [8]. Meanwhile, Rakhlin
and colleagues used data augmentation with a deep neural
network on 400 hematological and eosin-stained images to
detect breast cancer. They divided these images into four
groups: normal, invasive, benign, and in situ. The
researchers used ten-fold cross-validation for data
preprocessing and augmentation. Their network achieved
93.8% accuracy for two-class classification (non-carcinoma
versus carcinoma) and 87.2% accuracy for four-class
classification [9].

Researchers have been exploring different ways to use deep
learning for breast cancer analysis. Ciresan and colleagues
developed a method to spot dividing cells in breast cancer
tissue. Their system looked at each pixel in images and
sorted them into two categories: cells that were dividing and
cells that weren't. They trained their neural network on 50
images to make these distinctions [10].

Another team, Ragab and colleagues, took a different
approach with mammography images. They used a model
called AlexNet to separate images into two groups. AlexNet
has five layers that analyze patterns, three layers that
simplify the information, and two layers that make the final
decisions. This system used a simple yes-or-no approach
and achieved 87.2% accuracy in its classifications [11].

Huynh's team also worked with AlexNet, but they focused
on segmenting breast images. They used 219 images and
tested their system five different ways to make sure their
results were reliable. Meanwhile, Lévy and Jain compared
several models including AlexNet, GoogLeNet, and a basic
CNN. Their goal was to identify dividing cells in breast
tissue. They made adjustments to the final decision-making
layers of AlexNet and GoogLeNet to better handle their
specific classification task [12].

For our own work, we used a publicly available collection
of mammograms called the Digital Database for Screening
Mammography. This gave us 1,820 images from 997
different people. We split this data into three parts: 80% for
training our models, 10% for checking how well they were
learning, and 10% for final testing [13].

Geras and colleagues worked with a large dataset of
129,208 patient mammograms. They split this data into
three groups: 80% for training their model, 10% for
validation, and 10% for testing. Their convolutional neural
network (CNN) performed well, especially when you
consider that human radiologists in their study had an
accuracy rate of 70% [14].

Another team, Hiremath and colleagues, took a different
approach. They used just 75 mammography images with a
support vector machine (SVM) classifier. Their method
involved a Gaussian filter difference for detection, and it
achieved 89.33% accuracy [15].

Ajmera's team developed a more complex SVM-based
model with multiple steps. Their process included
preprocessing, segmentation, ROI extraction, feature
extraction, and classification. Using the MIAS dataset, their
approach reached 83% accuracy [16].

Zuluaga-Gomez and colleagues focused on thermal images
instead of mammograms. Their CNN-based system for
breast cancer diagnosis showed excellent results with 92%
accuracy and a 92% F1-score. Their work highlighted how
important data augmentation and having a large database
can be for these models. This study provides good evidence
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that CNNs can be effective and reliable for breast cancer
screening, often performing better than other advanced
models [17].

For MRI data, Zhou's team proposed a 3D deep CNN that
could work with dynamic contrast-enhanced MRI scans.
Their model achieved 83.7% accuracy for detecting and
localizing breast cancer, even with limited supervision [18].

Heravi's group used the CBIS-DDSM image collection for
their research. Their method involved multiple CNN
models for feature extraction and image preprocessing.
They then used a neural network classifier to evaluate the
extracted features, achieving 88% accuracy [19].

Finally, one study applied a 24-layer CNN architecture with
transfer learning to ultrasound images of breast lesions.
This approach used a dilated semantic segmentation
network with morphological erosion operations and
reached an impressive 90.11% accuracy rate [20].

The literature and subsequent initiatives make it abundantly
evident that many of the currently used methods are
computationally expensive. To solve these challenges, our
study processes both original images and ground truth-
masked image contour values using a dense CNN
architecture to detect breast cancer. The thick CNN is
computationally efficient, simple to train, and does not need
costly GPUs. It may also be included into a web application
system for practical use.

Materials and Method

Datasets

This study made use of the Curated Breast Imaging Subset
of DDSM (CBIS-DDSM), a standardized version of the
Digital Database for Screening Mammography (DDSM).
10,239 images of breast tumors from 6,671 people are
included in the collection; they are categorized as benign,
malignant, and normal. This dataset is a vital resource for
the development and validation of decision support systems
in the detection of breast cancer. The photos, which had
sizes of 136.6 MB apiece and were provided in DICOM
format, included 753 calcification occurrences and 891 bulk
cases. Because it offers better Region of Interest (ROI)
segmentation, this dataset is perfect for mammography
analysis [21].

Figure 1 depicts the pipeline of the recommended method
for detecting breast cancer. As input, histopathological
images undergo a series of preprocessing steps to enhance
image quality. The preprocessing processes include
applying Gaussian and median filters to decrease noise and
then scaling pixel intensity values between 0 and 1 using
min-max normalization to increase contrast and prepare the
images for further analysis. The dataset is enlarged after
preprocessing to increase the diversity and robustness of the
training process. The dataset is split into training (80%) and

testing (20%) sets in order to train and evaluate the model.
The system's foundation is the Dense MobileNet
architecture, a CNN-based model improved with additional
dense and dropout layers to boost feature extraction and
prevent overfitting. The Dense MobileNet model is used to
classify breast tumor images as either benign or malignant.
The proposed system is a valuable tool for early breast
cancer diagnosis since it combines preprocessing
techniques, data augmentation, and a dense network
topology to attain great accuracy.
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Figure 1 Workflow of the Proposed Breast Cancer
Detection System Using Dense MobileNet

Image Pre-Processing

Pre-processing is crucial to medical image analysis because
it improves image quality and reduces noise. To properly
categorize breast tumor images, it is necessary to address
the usual issues of low brightness and high noise. In this
study, a min-max fuzzy normalization technique was
followed by smoothing using Gaussian and median
filtering. Figure 2 displays the results of the preprocessing
techniques used to the acquisition of pictures of breast
tumors. Preprocessing involves many crucial procedures to
improve image quality and prepare the data for precise
categorization.
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Figure 2 Pre-Processed Breast Tumor Image

The normalization was applied using the following
membership function:

d-mn
r =
mx—-mn
(1)
Where:

e d: Input image pixel intensity.
e mn: Minimum pixel intensity of the image.
e mx: Maximum pixel intensity of the image.
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e 1 Normalized pixel intensity within the range
[0,1].

The initial DDSM photos were converted to binary images
using Otsu's thresholding approach. By varying the
intensity settings, a middle ground between the original
lowest and maximum intensity levels was achieved. The
pre-processed images with the muscles removed are shown
in Figure 3.

Figure 3 shows the segmentation of an image of breast
cancer. In this image, the white area represents the
segmented region of interest, which is the breast tumor,
while the black background represents the surrounding non-
cancerous tissue. This segmentation is an important stage in
the detection of breast cancer because it enables the model
to focus on the tumor spot. By isolating the tumor, the
model is better able to gather relevant information,
increasing the accuracy of subsequent classification tasks.
This targeted approach is necessary to increase the
effectiveness of breast cancer detection systems.
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Figure 3 Segmentation of Breast Cancer Image

By keeping the focus on pertinent regions, this improves
computational efficiency. Figure 4 shows the image
cropping technique used to evaluate just the regions of
interest (ROIs) in mammograms that include abnormalities,
as opposed to examining the whole image for computer-
aided detection (CAD) jobs.
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Figure 4 Image Cropping

Data Division and Augmentation

Deep neural networks need a lot of training data, however
in this instance, there were just 10,239 images in the dataset.
To get over this limitation, the dataset was split into 80%
for training and 20% for testing. Data augmentation was
then used to increase the size of the training set.To greatly
expand the training data, reduce overfitting, and enhance
generalization performance, each picture was enhanced 25
times.

Dense MobileNet CNN Model

This paper introduces a novel Dense MobileNet CNN
model that integrates additional dense layers with the
lightweight, pre-trained MobileNet architecture to improve
feature extraction and classification performance.
MobileNet offers a computationally effective deep learning
system for medical imaging applications, including the
detection of breast cancer. It is ideal for resource-
constrained environments because it employs depth-wise
separable convolutions, which reduce memory use and
computational effort. The ReLU6 activation method
significantly enhances its effectiveness and interoperability
with medical imaging devices.

Using output feature maps from earlier convolutional
layers, MobileNet's dense block architecture generates
richer feature representations with fewer parameters. The
model analyzes 200x200 mammography images using a
sequence of alternating dense and drop-out layers, as shown
in Figure 1.

Key architectural components of the Dense MobileNet
CNN model:

e Dense layers: Six layers with 360, 360, 180, 180,
90, and 45 neurons, respectively.
e Drop-out layers: Three layers with values of 0.25,
0.25, and 0.5, respectively, to prevent overfitting.
e Final dense layer: Includes two fully connected
neurons, coupled with a Softmax output layer for
class probability computation and classification.
Combining drop-out and dense layers minimizes overfitting
and guarantees reliable training. With improved precision
and computational efficiency, this design successfully
divides breast cancers into two types.

Results and Discussion

Extensive experimental evaluations were carried out
utilizing a Python programming environment with GPU
support in order to evaluate the suggested Dense MobileNet
CNN model. To guarantee peak performance, the
experimental methodology included data augmentation,
model training, assessment, and picture pre-processing.

Model Training and Performance

Using min-max normalization, the pre-processing step
improved the contrast of breast tumor pictures. Data
augmentation was then used to increase the size of the
training dataset. With a batch size of 75, an image
resolution of 200x200, and verbose set to 1, the Dense
MobileNet CNN model was trained across 20 epochs. With
a testing accuracy of 96.91%, the suggested model proved
to be an excellent generalizer.

Following the first period, the validation accuracy increased
significantly, reaching around 0.95, as shown in Figure 5.
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Likewise, during the first epoch, the validation loss
gradually dropped below 0.14 after originally beginning
above 0.16. The model's capacity to increase accuracy and
decrease loss with further training is shown by this
encouraging trend. The validation accuracy stabilized at
almost 97% at the last epoch, demonstrating the model's
strong performance.

Confusion Matrix Analysis

As shown in Figure 7, the confusion matrix was used to
further examine the suggested model's classification
performance. By summing the true positive, false positive,
true negative, and false negative rates, the matrix offers
comprehensive insights into the model's predictive abilities.
With minimal misclassifications throughout the dataset,
high diagonal values in the confusion matrix indicate great
prediction accuracy.

The results unequivocally show how well the Dense
MobileNet CNN model classifies breast tumor pictures in
an accurate manner. The following are important elements
influencing the model's exceptional performance:

The experimental findings demonstrate the suggested
model's potential for practical uses in breast cancer
diagnostics in addition to validating its efficacy. The Dense
MobileNet CNN is appropriate for use in clinical settings as
it outperforms current techniques in terms of accuracy
while preserving computational economy.

The model accuracy analysis during training and testing is
shown in Figure 5. Several important insights are shown by
the plot: The model is successfully learning from the
training data, as shown by the training accuracy steadily
rising with each epoch. Similar to the training accuracy, the
testing accuracy likewise increases with each epoch,
however it exhibits a somewhat different pattern.
Overfitting may be present if there is a discernible
discrepancy between the training and testing accuracies,
especially in the early epochs. After around 15 epochs, both
accuracies peak at 0.975, suggesting that the model has
most likely converged.

To improve the model's performance and lower the chance
of overfitting, more research and optimization techniques
are necessary in light of the observed gap.
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Figure 5 Analysis of Model Accuracy Plot

The model's training and validation loss during 16 epochs
is analyzed in Figure 6. Several important insights are
shown by the plot: Throughout the training process, the
training loss gradually drops, showing that the model is
improving and learning to predict the target variable. The
model may also be improved in some areas if the validation
loss is examined more closely. Increasing the size of the
training dataset may also promote improved generalization
and lessen overfitting.
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Figure 6 Analysis of Model Loss Plot

o
N
»
o

The high True Positive count of 52,716 indicates that the
model is very accurate in detecting breast cancer. The
model is unlikely to overpredict breast cancer in people who
do not have the disease, according to the comparatively low
False Positive score of 280. This is crucial in order to
prevent needless therapies. Despite being modest, the 1,437
False Negatives are important to take into account since
they indicate instances in which the model was unable to
identify breast cancer. By taking care of this, the model's
sensitivity might be further increased and the possibility of
missing possible scenarios decreased.
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Figure 7 Confusion matrix of the model's performance
in detecting breast cancer

CONCLUSIONS

The average 10-year survival rate for women with invasive
breast cancer is 84%, making breast cancer one of the
biggest health issues facing women worldwide. Improving
treatment results and survival rates requires early
identification. By using a Dense MobileNet CNN model to
ultrasound pictures, this research has introduced a unique
method for detecting breast cancer.

The suggested model showed promise as a dependable and
economical diagnostic tool with an astounding 97%
classification accuracy for breast cancer. The model
efficiently decreases human error in diagnosis while also
lowering the total cost associated with cancer detection by
leveraging a two-channel input dataset and merging dense
layers with MobileNet's computing efficiency.

This study's main contributions are as follows:

e Enhanced diagnostic accuracy: The proposed
Dense MobileNet CNN model has proven to be
highly accurate, making it suitable for clinical
application.

e Cost efficiency and simplicity: The lightweight
design of the model ensures its usability in
resource-constrained  environments ~ without
requiring expensive computational hardware.

e Minimized human error: By automating the
detection process, the model supports radiologists
in making more precise and consistent diagnoses.

Despite these developments, breast cancer identification
remains a challenge due to its high incidence and
challenging diagnosis. The findings of this and other
research show how powerful machine learning and deep
learning techniques may be in fixing this issue. Even if
traditional machine learning techniques have produced
excellent results, deep learning models, such as the one
proposed here, provide better performance by using large
datasets and complex network topologies.
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