57 2,

International Journal of Scientific Research in Engineering and Management (IJSREM)

A:IJSREM.EQ
e Journal
w Volume: 09 Issue: 05 | May - 2025

SJIF Rating: 8.586 ISSN: 2582-3930

Breast Cancer Detection and Classification Using Microscopic Images and
Neural Networks.

Prof. Sowmya J!, Apeksh A R?, Farhan Ahamed? Sujay E # Syed Toufiq Pasha ®

Professor,’Final year student,®Final year student,* Final year student,’Final Year student
Department of Information Science Engineering. RR Institute of Technology. Bengaluru

Abstract - Breast cancer remains a major global health
concern, particularly among women, where early detection is
crucial for effective treatment and increased survival rates.
Manual diagnosis through histopathological examination is
often time-consuming, prone to human error, and requires
expert interpretation. In response to this challenge, we
developed a deep learning-based system to automate the
detection and classification of breast cancer using microscopic
biopsy images, aimed at enhancing diagnostic accuracy and
speed in clinical workflows.

Our project employs convolutional neural networks (CNNs) to
classify histopathological images into three distinct categories:
normal, benign, and malignant. We utilized a publicly available
dataset containing high-resolution microscopic images and
implemented preprocessing techniques to improve image
quality, normalize input dimensions, and optimize feature
extraction. The model was developed and trained using
TensorFlow with GPU support, allowing for efficient
computation and faster training cycles.
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1.INTRODUCTION

In the health care system, there has been a dramatic increase
in demand for medical image services, e.g. Radiography,
endoscopy, Computed Tomography (CT), Mammography
Images (MG), Ultrasound images, Magnetic Resonance
Imaging (MRI), Magnetic Resonance Angiography (MRA),
Nuclear medicine imaging, Positron Emission Tomography
(PET) and pathological tests. Besides, medical images can often
be challenging to analyze and time-consuming process due to
the shortage of radiologists. Artificial Intelligence (Al) can
address these problems. Machine Learning (ML) is an
application of Al that can be able to function without being
specifically programmed, that learn from data and make
predictions or decisions based on past data. ML uses three
learning approaches, namely, supervised learning, unsupervised
learning, and semi supervised learning.

The ML techniques include the extraction of features and the
selection of suitable features for a specific problem requires a
domain expert. Deep learning (DL) techniques solve the
problem of feature selection. DL is one part of ML, and DL can
automatically extract essential features from raw input data. The
concept of DL algorithms was introduced from cognitive and
information theories. In general, DL has two properties: (1)
multiple processing layers that can learn distinct features of data
through multiple levels of abstraction, and (2) unsupervised or
supervised learning of feature presentations on each layer. A
large number of recent review papers have highlighted the
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were borrowed from the field of computer vision and applied to
specific medical image analysis. Recurrent Neural Networks
(RNNs) and convolutional neural networks are examples of
supervised DL algorithms. In medical image analysis,
unsupervised learning algorithms have also been studied; These
include Deep Belief Networks (DBNSs), Restricted Boltzmann
Machines (RBMs), Autoencoders, and Generative Adversarial
Networks (GANSs)

2. METHODOLOGY

The methodology for breast cancer detection and classification
using microscopic images and neural networks involves several
systematic steps. Initially, high-quality histopathological image
datasets, such as BreakHis or BACH, are collected. These
datasets contain labeled images representing various types of
breast tissue, including benign and malignant samples. The
images are then preprocessed to ensure consistency—this
includes resizing them to a fixed dimension (e.g., 224x224
pixels), normalizing pixel values, and applying stain
normalization techniques to minimize variability caused by
different staining procedures. Data augmentation techniques,
such as rotation, flipping, and zooming, are applied to increase
the diversity of the training set and prevent overfitting.

After preprocessing, the dataset is divided into training,
validation, and testing subsets, typically in a 70-15-15 ratio to
ensure robust evaluation. A convolutional neural network
(CNN) model is then selected or designed for the task.
Commonly used architectures include custom CNNSs or pre-
trained models such as VGG16, ResNet50, or InceptionV3
through transfer learning. The model is trained using
appropriate loss functions—Binary Cross-Entropy for binary
classification or Categorical Cross-Entropy for multi-class
classification—along with optimizers like Adam or SGD.
During training, regularization techniques such as dropout or
L2 regularization are applied to enhance generalization.

3. SOFTWARE OVERVIEW

1. Developed using Python for its strong support in machine
learning and image processing.

2. Utilizes libraries such as TensorFlow/Keras or PyTorch for
neural network implementation.

3. Image preprocessing is done using OpenCV and PIL
(resizing, normalization, stain correction).

4. Data augmentation techniques like rotation, flipping, and

zoom are applied to improve model generalization.
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5. Images are standardized to a fixed size (e.g., 224x224)
before being fed into the model.

6. A Convolutional Neural Network (CNN) is used for
feature extraction and classification tasks.

7. Transfer learning can be applied using pre-trained models
such as VGG16, ResNet50, or InceptionV3.

4, SEQUENCE DIAGRAM AND ACTIVITY
DIAGRAM

The image represents a sequence diagram illustrating the
interaction between a user and a system designed for breast
cancer detection and prediction using microscopic images. The
process begins when the user initiates the action by loading a
dataset into the system.
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Fig 1. Sequence Diagram
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Fig 1.2. Activity Diagram

5. RESULTS AND DISCUSSION

The proposed system for breast cancer detection and
classification was evaluated using a dataset of histopathological
(microscopic) images, such as the BreakHis dataset. The
images were categorized into benign and malignant classes. A
Convolutional Neural Network (CNN)-based model was
trained and tested to assess its performance in identifying
cancerous tissue. The model achieved high accuracy during
both training and validation phases, indicating effective feature
extraction and classification capabilities.

Quantitatively, the model achieved an overall accuracy of
94.8% on the test dataset. Precision, recall, and F1-score were
also measured, with values of 93.5%, 95.2%, and 94.3%
respectively, demonstrating the model's reliability in
distinguishing between benign and malignant samples. The
confusion matrix revealed a low number of false positives and
false negatives, which is crucial in medical diagnosis where
both over-diagnosis and under-diagnosis can have serious
consequences.

Furthermore, the model showed potential in predicting patient
survival time or disease severity, when combined with clinical
metadata, although this part of the system is still experimental
and requires further validation using larger and more diverse
datasets.

6. FUTURE WORK

Although the current system demonstrates promising results
in detecting and classifying breast cancer using microscopic
images and neural networks, several enhancements can be
made to improve its performance, scalability, and clinical
applicability. One potential direction is the inclusion of
larger and more diverse datasets collected from different
sources and hospitals. This would help improve the model's
generalizability and reduce bias caused by limited or
homogeneous data.

Another key area of improvement is the extension of the
model to perform multi-class classification, where it can
identify specific subtypes of breast cancer (e.g., ductal
carcinoma, lobular carcinoma) rather than just benign or
malignant. This would provide more detailed diagnostic
insights and assist in personalized treatment planning.
Additionally, integrating clinical metadata such as patient
age, genetic history, and hormone receptor status can
enhance the system’s predictive power, particularly in
predicting outcomes or survival rates.

7. CONCLUSION

Convolutional Neural Network with changing the parameter
and testing it on dataset image of breast cancer using deep
learning frame work TensorFlow. With the help of deep
learning technique and Convolutional Neural Architecture, we
have extracted the features of an image and have classified.

Major contributions
We have implemented the deep learning algorithm to increase
the efficiency in detection of breast cancer in MRI images.
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Future Enhancements

We have implemented this project using CNN algorithm. This
project can be further applied with a fastAi architectures to
improve the accuracy.
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