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Abstract— Breast cancer is one of the most prevalent
and life-threatening diseases affecting women
worldwide, and early detection plays a crucial role in
improving survival rates and treatment outcomes.
Conventional diagnostic methods such as
mammography, ultrasound imaging, and
histopathological analysis rely heavily on expert
interpretation and classical machine learning
techniques. Although classical deep learning models,
especially Convolutional Neural Networks (CNNs), have
demonstrated impressive performance in medical image
analysis, they face inherent limitations related to
computational complexity, scalability, and the curse of
dimensionality when handling large, high-resolution
datasets. With the rapid advancement of quantum
computing, Quantum Machine Learning (QML) has
emerged as a promising paradigm capable of
addressing these challenges by leveraging quantum
phenomena such as superposition and entanglement.
This research explores the application of Quantum
Convolutional Neural Networks (Quantum CNNs or
QCNNs) for breast cancer detection, aiming to enhance
classification accuracy while reducing computational
overhead. The proposed approach integrates quantum
circuits with classical preprocessing techniques to
extract discriminative features from breast cancer

datasets, such as mammographic or histopathological
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images. By encoding image features into quantum states
and performing convolution operations through
parameterized quantum circuits, the Quantum CNN
model is designed to learn complex patterns more
efficiently than classical counterparts. The study
evaluates the effectiveness of Quantum CNNs in
distinguishing between benign and malignant breast
tumors and compares its performance with traditional
CNN models. The findings highlight the potential of
Quantum CNNs to revolutionize medical image analysis
by offering faster convergence, improved
generalization, and robustness against noise. This
research contributes to the growing field of quantum-
assisted healthcare systems and demonstrates how
guantum computing can be harnessed to address

critical challenges in breast cancer diagnosis.

Keywords— QML (Quantum Machine Learning). QCNN
Quantum Convolutional Neural Networks, QC (Quantum
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. INTRODUCTION

Breast cancer remains a major public health concern
and is one of the leading causes of cancer-related
mortality among women globally. The success of
breast cancer treatment is highly dependent on early
and accurate diagnosis, which enables timely medical
intervention and significantly improves patient
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survival rates. Traditional diagnostic approaches
involve clinical examinations, imaging techniques
such as mammography and MRI, and invasive biopsy
procedures. While these methods are effective, they
are often time-consuming, costly, and subject to
human interpretation errors. In recent years, artificial
intelligence and machine learning techniques have
been widely adopted to assist clinicians in automating
breast cancer detection and classification tasks.
Classical deep learning models, particularly
Convolutional Neural Networks, have achieved
remarkable success in analyzing medical images by
automatically learning hierarchical feature
representations. However, as datasets grow in size
and complexity, classical CNNs encounter challenges
related to computational resource requirements, long
training times, and reduced performance when
dealing with high-dimensional feature spaces
[11.[2],[3]. Quantum computing introduces a
fundamentally new computational paradigm that
exploits quantum mechanical principles to process
information in ways that are infeasible for classical
computers. Quantum Machine Learning combines
quantum algorithms with learning models to enhance
data processing efficiency and learning capacity.
Among these models, Quantum Convolutional
Neural Networks have gained attention due to their
ability to mimic the structure of classical CNNs while
leveraging quantum parallelism. In the context of
breast cancer detection, Quantum CNNs provide a
novel framework for extracting meaningful patterns
from medical data with potentially fewer parameters
and faster convergence. This research focuses on
exploring the feasibility and advantages of using
Quantum CNNs for breast cancer classification,
bridging the gap between quantum computing and
healthcare diagnostics. The integration of quantum
algorithms into medical imaging has the potential to
transform diagnostic systems by improving accuracy,
scalability, and computational efficiency, thereby
supporting clinicians in making more reliable
decisions [4],[5],[6].

Il. LITERATURE SURVEY
Quantum machine learning has recently emerged as a
powerful approach for improving medical image
analysis, particularly in breast cancer detection.
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Research by Iris Cong introduced Quantum
Convolutional Neural Networks (QCNNs) as a
quantum  counterpart to  classical  CNNs,
demonstrating their ability to efficiently extract
hierarchical features while using fewer parameters
and maintaining scalability with noise resilience.
Expanding on this, Seth Lloyd highlighted the
potential of quantum machine learning in medical
diagnosis, showing that quantum circuits can capture
complex correlations in biomedical data and may
outperform classical neural networks in disease
detection tasks. Further advancements were made by
Maria Schuld, who proposed a hybrid classical—-
quantum CNN model that integrates classical
convolutional layers with quantum circuits,
improving classification accuracy and reducing
overfitting in mammogram analysis. Similarly,
Vincenzo Dunjko explored variational quantum
circuits for medical image classification, emphasizing
their ability to encode grayscale images into quantum
states and detect subtle tumor patterns even with
limited training data. In addition, Patrick Rebentrost
demonstrated the effectiveness of quantum feature
extraction techniques, such as quantum kernels and
QCNN-based encoders, in enhancing the separation
between benign and malignant samples. Addressing
practical challenges, Nathan Killoran developed
noise-resilient QCNN architectures that maintain
stable performance even in noisy quantum
environments, making them suitable for real-world
healthcare applications. Moreover, Kerstin Beer
applied quantum deep learning techniques to
histopathological images, where QCNNs successfully
identified cellular abnormalities with competitive
accuracy while requiring fewer computational
resources. Finally, a comparative study by Francesco
Tacchino showed that QCNNs outperform classical
CNNs in terms of generalization on small datasets
and faster convergence, highlighting their potential as
a promising tool for future medical imaging systems.

I1l. PROBLEM STATEMENT

Despite significant advancements in breast cancer
diagnosis using classical machine learning and deep
learning techniques, several limitations continue to
hinder their widespread effectiveness and reliability.
Classical Convolutional Neural Networks require
extensive computational resources, including high-
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performance GPUs and large memory capacities, to
process high-resolution medical images. Training
such models is time-intensive and often demands
large labeled datasets, which are difficult and
expensive to obtain in the medical domain.
Moreover, classical CNNs struggle

with scalability when dealing with complex feature
spaces, leading to issues such as overfitting,
vanishing gradients, and reduced generalization
performance. Another major concern is the
interpretability and robustness of these models, as
small variations in input data can significantly affect
predictions. In breast cancer detection, even minor
misclassifications can have severe consequences,
including delayed treatment or unnecessary medical
procedures. Furthermore, classical algorithms face
fundamental computational limits when processing
exponentially growing data dimensions, which
restricts their ability to fully exploit the underlying
patterns in medical datasets. With the emergence of
quantum computing, there is an opportunity to
overcome these challenges by utilizing quantum-
based learning models. However, the application of
Quantum CNNs in breast cancer detection is still in
its early stages, and there is limited empirical
evidence demonstrating their effectiveness compared
to classical approaches. The key problem addressed
in this research is how to design and implement a
Quantum CNN model capable of accurately
classifying breast cancer data while reducing
computational complexity and improving learning
efficiency. The study aims to investigate whether
quantum-based convolutional operations can extract
more informative features from breast cancer datasets
and whether Quantum CNNs can outperform or
complement classical CNN models in terms of
accuracy, convergence speed, and robustness.

A.  Existing System

The existing systems for breast cancer detection
predominantly rely on classical machine learning
and deep learning approaches. Traditional
machine learning models such as Support Vector
Machines, k-Nearest Neighbors, and Decision
Trees have been widely used for breast cancer
classification  using  handcrafted features
extracted from medical images or clinical data.
With  advancements in  deep learning,
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Convolutional Neural Networks have become the
dominant approach due to their ability to
automatically learn complex spatial features from
raw image data. These systems typically involve
multiple convolutional layers, pooling layers, and
fully  connected layers trained  using
backpropagation algorithms. While classical
CNN-based systems have demonstrated high
accuracy, they require large datasets, extensive
computational resources, and long training times.
Most existing systems are implemented on
classical hardware platforms and are limited by
the sequential nature of classical computation.
Additionally, these systems often suffer from
scalability issues as the complexity of the model
increases. In medical imaging applications,
classical CNNs may struggle to capture subtle
patterns in noisy or high-dimensional data, which
can affect diagnostic accuracy. Despite
continuous  improvements, existing  systems
remain constrained by classical computational
limits, motivating the exploration of alternative
paradigms such as quantum
computing[7],[8].[9].

. Proposed System

The proposed system introduces a Quantum
Convolutional Neural Network for breast cancer
detection, leveraging the principles of guantum
computing to enhance learning efficiency and
classification performance. The system integrates
classical preprocessing techniques with quantum-
based learning models to create a hybrid
architecture. Breast cancer data is first
preprocessed and encoded into quantum states
using suitable encoding schemes such as
amplitude or angle encoding. The Quantum CNN
model consists of parameterized quantum circuits
that perform convolution-like operations by
exploiting quantum superposition and
entanglement. Pooling operations are
implemented using measurement-based strategies
to reduce dimensionality while preserving
essential features. The hybrid training approach
allows classical optimizers to update quantum
circuit parameters iteratively. By processing data
in a quantum feature space, the proposed system
aims to capture complex correlations that are
difficult for classical models to learn. The system
is designed to operate on quantum simulators,
making it feasible with current technology while
being scalable to future quantum hardware. This
approach represents a significant step toward
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integrating quantum intelligence into medical principles like superposition and entanglement to
diagnostics. process data efficiently.

The QCNN model applies convolution and pooling

concepts using quantum circuits, enabling effective
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