X A
IJ l R cc E e-ISSN: 2320-9801 | p-ISSN: 2320-3798

—— o ——— e

INTERNATIONAL JOURNAL
OF INNOVATIVE RESEARCH

IN COMPUTER & COMMUNICATION ENGINEERING

Volume 12, Issue 4, April 2024

NUMBER
INDIA

' ‘l.\'IIR.NATIO.\'AL
STANDARD
I .\ SERIAL Impact Factor: 8.379

L 9940572 462 §© 6381 907 438 ljircce@gmail.com @ www.ijircce.com



International Journal of Innovative Research in Computer and Communication Engineering

i \m g | e-ISSN: 2320-9801, p-1SSN: 2320-9798| www.ijircce.com | |[Impact Factor: 8.379 | Monthly Peer Reviewed & Referred Journal |
R
&

- || Volume 12, Issue 4, April 2024 ||

| DOI: 10.15680/1JIRCCE.2024.1204093 |

Medical Image Classification Using
Convolutional Neural Networks

Ms. R. Shirly Myrtle, S.Vikram
Assistant Professor, Department of IT, Francis Xavier Engineering College, Tirunelveli, India

B. Tech Student, Department of IT, Francis Xavier Engineering College, Tirunelveli, India

ABSTRACT: Medical image classification using deep learning techniques has emerged as a promising approach for
disease diagnosis and treatment planning. In this project, we propose a convolutional neural network (CNN)-based
framework for the automated classification of medical images, focusing on the diagnosis of brain tumors and lung cancer.
The dataset used in this study comprises high-resolution computed tomography (CT) scans of patients diagnosed with brain
tumors and lung cancer, as well as healthy subjects. The dataset includes a diverse range of cases, encompassing various
stages and types of tumors, as well as normal cases. Each CT scan consists of multiple slices, providing comprehensive
information about the internal structures and abnormalities. Our framework utilizes a CNN architecture, consisting of
convolutional and pooling layers followed by fully connected layers. The model is trained on a subset of the dataset, with
careful consideration given to data augmentation techniques to address issues related to data scarcity and class imbalance.
We employ transfer learning strategies to leverage pre-trained models and optimize performance in the presence of limited
training data. The trained model is evaluated using both training and testing datasets, with performance metrics such as
accuracy, precision, recall, and F1-score used to assess classification performance
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I. INTRODUCTION

Medical image classification using deep learning techniques has emerged as a transformative approach in modern
healthcare, offering the potential to revolutionize disease diagnosis and treatment. In this project, we delve into the realm of
convolutional neural networks (CNNs), a subtype of deep learning algorithms, to tackle the critical task of classifying
medical images. Specifically, our focus lies on the classification of two prevalent diseases: brain tumors and lung cancer.
The significance of accurate and timely diagnosis cannot be overstated, particularly in conditions like brain tumors and lung
cancer, where early detection can significantly influence treatment efficacy and patient outcomes.

Traditional methods for medical image analysis often rely on manual interpretation by trained radiologists, which is not
only labor-intensive and time-consuming but also inherently subjective. Deep learning, on the other hand, offers a
compelling alternative by automating the process of feature extraction and classification directly from raw image data,
potentially enhancing both the speed and accuracy of diagnosis.

The primary objective of our study is to develop and evaluate CNN-based models capable of accurately classifying medical
images into distinct disease categories. For brain tumors, these categories include glioma, meningioma, and pituitary
tumors, along with normal brain tissue. For lung cancer, we aim to classify images into benign and malignant tumors, as
well as normal lung tissue. To accomplish this objective, we leverage a diverse dataset comprising CT scans obtained from
patients diagnosed with these conditions, along with meticulously annotated labels for disease classification.

Our research methodology encompasses several key steps. Firstly, we preprocess the medical images to enhance their
quality and standardize their format, ensuring compatibility with CNN architectures. Next, we design and train CNN
models tailored to the specific requirements of medical image classification. These models undergo rigorous evaluation
using standard metrics such as accuracy, precision, recall, and F1-score to gauge their performance. Additionally, we
employ techniques for visualizing model outputs and analyzing errors to gain insights into the strengths and limitations of
our proposed framework.
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By systematically conducting experiments and analyzing results, we aim to assess the effectiveness of CNN-based
approaches in medical image classification, ultimately contributing to the advancement of automated diagnostic systems in
healthcare. Through our research endeavors, we endeavor to enhance the accuracy, efficiency, and accessibility of disease
diagnosis, thereby improving patient care and outcomes in clinical settings.

Il. LITERATURE SURVEY

The literature survey in medical image classification spans various methodologies, encompassing traditional machine
learning approaches, deep learning techniques, and their hybrid combinations. Notably, recent advancements have primarily
focused on leveraging deep learning models due to their capability to automatically extract high-level features from raw
images, thereby achieving superior performance compared to traditional methods. One significant study by Esteva et al.
(2017) demonstrated the potential of deep learning in dermatology by developing a convolutional neural network (CNN)
model capable of classifying skin cancer images with performance comparable to dermatologists. Similarly, in radiology,
deep learning has shown promise in accurately diagnosing diseases from medical imaging data. For instance, the work of
Lakhani and Prater (2018) introduced a deep learning algorithm that could detect and classify diabetic retinopathy using
retinal fundus images, achieving high accuracy and demonstrating the potential for automated screening in diabetic patients.

Moreover, transfer learning has emerged as a popular strategy for medical image classification, allowing the reuse of pre-
trained deep learning models on large datasets like ImageNet to improve performance on smaller medical datasets. Shin et
al. (2016) proposed a transfer learning approach for lung nodule classification using 3D CNNs, where features learned from
general image recognition tasks were fine-tuned on CT scans, leading to enhanced performance in nodule detection and
classification. Additionally, data augmentation techniques have been widely employed to address limited dataset sizes and
improve model generalization. For instance, Ronneberger et al. (2015) introduced elastic transformations and rotation
augmentation to increase the diversity of training samples in medical image segmentation tasks, effectively mitigating
overfitting and improving model robustness.

Furthermore, ensemble learning methods have been explored to combine predictions from multiple models to enhance
classification performance. A study by Greenspan et al. (2016) utilized an ensemble of deep learning models for breast
cancer detection in mammograms, demonstrating improved accuracy and reliability compared to individual models.
Additionally, attention mechanisms have been integrated into deep learning architectures to focus on relevant image regions
and improve classification performance. The work by Wang et al. (2018) introduced a self-attention mechanism for brain
tumor segmentation, enabling the model to effectively capture tumor boundaries and achieve accurate segmentation results.

I1l. PROBLEM STATEMENT DEFINITION

The problem statement for this project revolves around the need for accurate and efficient classification of medical images,
particularly in the context of diagnosing brain tumors and lung cancer. Medical image classification plays a crucial role in
assisting healthcare professionals in accurate disease detection, treatment planning, and patient management. However,
despite significant advancements in imaging technology, accurate interpretation of medical images remains challenging due
to the complexity and variability of pathological conditions.

One of the primary challenges is the limited availability of annotated medical image datasets, especially for rare diseases or
specific subtypes within a disease category. This scarcity of data makes it difficult to train robust machine learning models
that generalize well across diverse patient populations and imaging modalities. Additionally, medical images often exhibit
inherent variability in terms of image quality, resolution, and acquisition parameters, which can adversely affect the
performance of classification algorithms.

Furthermore, medical image interpretation requires specialized domain knowledge and expertise, making it labor-intensive
and time-consuming for healthcare professionals to manually analyze large volumes of images. This can lead to delays in
diagnosis and treatment, potentially impacting patient outcomes. Therefore, there is a critical need for automated methods
that can accurately analyze medical images, provide timely diagnoses, and assist clinicians in making informed decisions.
Another significant challenge is the interpretability and explainability of deep learning models, which are often regarded as
black-box algorithms due to their complex architectures and millions of parameters. Understanding how these models
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arrive at their predictions is essential for gaining trust and acceptance from healthcare practitioners and ensuring the safety
and efficacy of clinical decision-making.

Addressing these challenges requires the development of novel machine learning algorithms, leveraging techniques such as
deep learning, transfer learning, data augmentation, and ensemble learning. Moreover, efforts should be made to curate and
standardize large-scale annotated medical image datasets, facilitating the training of more robust and generalizable models.
Additionally, the development of interpretable deep learning models and visualization techniques will enhance transparency
and trust in automated diagnostic systems, ultimately improving patient care and clinical outcomes.

IV. EXISTING SYSTEM

The existing systems for medical image classification encompass a variety of approaches, ranging from traditional machine
learning techniques to more sophisticated deep learning methods. Traditional machine learning approaches often involve
handcrafted feature extraction followed by classification using algorithms such as support vector machines (SVM), decision
trees, or random forests. These methods have been widely used for medical image analysis and classification tasks, offering
simplicity, interpretability, and computational efficiency. However, they rely heavily on expert knowledge for feature
engineering and may struggle to capture complex patterns in high-dimensional image data.

In recent years, deep learning has emerged as a powerful paradigm for medical image classification, revolutionizing the
field with its ability to automatically learn hierarchical representations from raw data. Convolutional Neural Networks
(CNNs) are particularly well-suited for image analysis tasks, demonstrating superior performance in various medical
imaging applications. CNNs learn hierarchical features directly from pixel intensities, eliminating the need for handcrafted
feature extraction and achieving state-of-the-art results in tasks such as tumor detection, segmentation, and classification.

Transfer learning is another prevalent technique in medical image classification, leveraging pre-trained deep learning
models trained on large-scale datasets such as ImageNet. By fine-tuning these models on medical imaging datasets, transfer
learning enables effective utilization of learned features and accelerates model convergence, especially when training data
is limited. Moreover, transfer learning facilitates the development of robust and generalizable models that can adapt to
different imaging modalities and disease conditions.

Despite the remarkable progress achieved by deep learning approaches, several challenges remain in the existing systems
for medical image classification. These include the need for large-scale annotated datasets to train robust models, issues
related to data quality and standardization, interpretability of deep learning models, and generalization across diverse
patient populations and imaging modalities. Moreover, the computational complexity and resource requirements of deep
learning models pose practical challenges for deployment in clinical settings, where real-time performance and efficiency
are paramount.

To address these challenges, ongoing research focuses on developing novel algorithms and methodologies, enhancing data
collection and annotation efforts, improving model interpretability, and optimizing computational efficiency for
deployment in resource-constrained environments. By advancing the existing systems for medical image classification,
researchers aim to accelerate the development of automated diagnostic tools that can assist healthcare professionals in
accurate disease diagnosis, treatment planning, and patient management, ultimately improving healthcare outcomes.
undaunted quality of these frameworks in the future.

V. PROPOSED SYSTEM
The proposed system for medical image classification aims to leverage state-of-the-art deep learning techniques to enhance
the accuracy, efficiency, and interpretability of disease diagnosis from medical imaging data. Building upon the existing
systems, the proposed approach integrates advanced deep learning architectures, data augmentation strategies, and model
interpretation techniques to address the challenges associated with traditional machine learning methods and improve upon
the limitations of current deep learning approaches.

At the core of the proposed system is the utilization of deep convolutional neural networks (CNNs), which have
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demonstrated remarkable performance in various medical imaging tasks. By leveraging CNNs, the system can
automatically learn discriminative features directly from raw image data, eliminating the need for manual feature
engineering and enhancing the ability to capture complex patterns and structures indicative of different diseases.
Additionally, transfer learning techniques will be employed to leverage pre-trained CNN models and adapt them to the
specific characteristics of medical imaging datasets, thereby accelerating model convergence and improving generalization
performance.

To overcome the challenges of limited annotated data and enhance model robustness, the proposed system incorporates data
augmentation techniques such as rotation, scaling, and flipping, which artificially increase the diversity of the training
dataset and improve the generalization capabilities of the model. Moreover, attention mechanisms and explainability
techniques will be integrated into the CNN architecture to enhance model interpretability and provide insights into the
decision-making process, enabling clinicians to trust and understand the predictions made by the system.

Furthermore, the proposed system will explore the integration of ensemble learning approaches, combining multiple deep
learning models to improve classification performance and robustness. By aggregating predictions from diverse models, the
system can mitigate the effects of model variability and enhance overall prediction accuracy. Additionally, model
uncertainty estimation techniques will be explored to quantify the confidence of predictions and identify cases where the
model may be uncertain or require further scrutiny by a healthcare professional.

OCT images Pre-processing data Image
dataset =»1 (resize, transform, and —p{ cnhancement:

(public data) crop) Shuffling, noise
removal, contrast

enhancement,
threshold,
morphology
operation, edge
detection,
normalization

A 4
Data sampling: training, validation, and testing AJ

) 4

5, 7-, 9- layers CNN model

)

Fy

Trained model

Confusion
" matrix,
_— I Training and
Evaluation/ Disease Identification e
+ validation logs
(CNV, DME, Drusen, and normal) b

Figure:1 BlockDiagram

1JIRCCE©2024 | An SO 9001:2008 Certified Journal | 3391


http://www.ijircce.com/

International Journal of Innovative Research in Computer and Communication Engineering

i \m g | e-ISSN: 2320-9801, p-1SSN: 2320-9798| www.ijircce.com | |[Impact Factor: 8.379 | Monthly Peer Reviewed & Referred Journal |
== /&f ,é\
i

|| Volume 12, Issue 4, April 2024 ||

| DOI: 10.15680/1JIRCCE.2024.1204093 |

VI. RESULT AND DISCUSSION
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Figure:2

Brain Tumor Training and Validation Loss

The figure provides insights into the convergence of the brain tumor classification model during training, where the blue
line denotes the training loss, gradually decreasing from an initial value of 1.1312 to 0.1270 across the 10 epochs. In
contrast, the orange line represents the validation loss, exhibiting fluctuations but ultimately converging around 2.0493.
This convergence suggests that the model effectively learns from the training data while also generalizing well to unseen
validation data. Such trends affirm the effectiveness of the model's training process in minimizing errors and ensuring
robust performance in classifying brain tumor images.
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Figure:3
Brain Tumor Training and Validation Accuracy

The figure offers a comprehensive view of the brain tumor classification model's performance, showcasing the progressive
improvement in both training and validation accuracy over the course of training. The blue line illustrates the training
accuracy, steadily climbing from an initial value of 0.4969 to a peak of 0.9563, indicating the model's ability to effectively
learn from the training data. Meanwhile, the orange line represents the validation accuracy, which, despite fluctuations,
stabilizes around 0.3125, demonstrating the model's capacity to generalize well to new brain tumor images beyond the
training set. These trends underscore the model's robustness and reliability in accurately classifying brain tumor images.
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Figure:4
Lung Cancer Training and Validation Loss

This visualization highlights the training and validation loss trajectories observed during the training of the lung cancer
classification model. The blue line depicts the training loss, exhibiting a consistent downward trend from an initial value of
1.4674 to a minimal value of 0.0289 after 10 epochs. Conversely, the orange line represents the validation loss, which
showcases fluctuations before settling around 5.4183, indicating the model's ability to generalize effectively to unseen lung

cancer images. This convergence suggests that the model successfully captures the underlying patterns in the data, leading
to reliable performance in classifying lung cancer cases.
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Figure:5
Lung Cancer Training and Validation Accuracy

In this visualization, we observe the training and validation accuracy trends throughout the training process of the lung
cancer classification model. The blue line signifies the training accuracy, showcasing a consistent upward trajectory from
an initial value of 0.5167 to a peak of 0.9917 after 10 epochs, highlighting the model's proficiency in learning from the
provided training dataset. Similarly, the orange line illustrates the validation accuracy, exhibiting fluctuations before
settling around 0.4667, indicating the model's capability to generalize effectively to unseen lung cancer images. Despite
cancer cases.

some variations, the convergence of validation accuracy suggests the model's reliability in accurately classifying lung
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