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Abstract:

This study is dedicated to detecting multiple diseases in human organs such as the brain, lungs,
breasts, stomach, and skin by leveraging deep learning techniques. We implemented Convolutional Neural
Networks (CNNs) to train a dataset, facilitating a comprehensive comparison and analysis, given that
CNNs are highly effective for image recognition tasks. In our investigation, we utilized a CNN in
conjunction with advanced image processing methods to scrutinize medical images. We evaluated the
performance of our custom CNN model against dense models and found that, despite the limited size of
our dataset, our model achieved remarkable accuracy, reaching 90% with minimal complexity. Unlike
existing pre-trained models, our CNN model not only requires fewer computational resources but also
achieves significantly higher accuracy.
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I. INTRODUCTION

This project focuses on detecting multiple
diseases, including brain, lung, breast, stomach,
and skin abnormalities in humans, utilizing deep
learning techniques for enhanced accuracy and
efficiency. Convolutional Neural Networks
(CNNs) were employed as the primary model due
to their effectiveness in image recognition tasks,
allowing us to train a dataset comprehensively for
thorough comparison and analysis. Leveraging
CNNs and advanced image processing techniques,
we examined medical images to detect disease-
specific features accurately. The study involved
evaluating our custom CNN model’s performance
against Dense models, revealing that, despite
using a relatively small dataset, our model
achieved notable success with a 90% accuracy
rate and low computational complexity. This
CNN-based approach not only outperformed
existing pre-trained models in accuracy but also

required substantially fewer processing resources,
showcasing a practical solution for multi-disease
detection in medical imaging.

II. NEED OF THE STUDY

2.1 Increasing Prevalence of Multiple Diseases
The global rise in chronic and infectious diseases,
such as diabetes, cardiovascular disorders, and
neurodegenerative conditions,

highlights the urgent need for efficient diagnostic
solutions. Early detection plays a crucial role in
preventing complications and

improving  treatment outcomes. However,
conventional diagnostic methods often fail to
provide quick and accurate results,

especially in regions with limited healthcare
facilities.

2.2. Limitations of Traditional Diagnostic
Methods
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Traditional disease detection relies heavily on
manual interpretation of medical reports, imaging
scans, and laboratory tests. These

methods are time-consuming, prone to human
error, and require skilled professionals for
accurate diagnosis. This creates a need for
automated and reliable solutions that can assist in
faster and more precise disease detection.

2.3. Advancements in Deep Learning for
Medical Diagnosis

Artificial ~ Intelligence  (AI),  particularly
Convolutional Neural Networks (CNNs), has
shown remarkable potential in medical
diagnostics. CNNs can automatically extract
meaningful patterns from medical images,
enabling accurate and efficient disease
classification. Leveraging deep learning models
for multi-disease detection can significantly
enhance diagnostic accuracy while

reducing the workload on medical professionals.
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2.4. Need for an Automated Multi-Disease
Detection System

Most Al-based healthcare solutions are designed
to detect a single disease, limiting their real-world
applicability. Developing a

CNN-based system capable of detecting multiple
diseases simultaneously can optimize healthcare
resources, reduce costs, and

improve early diagnosis. This study aims to
design and implement such a system, contributing
to more accessible and scalable

healthcare solutions.

III. RESEARCH METHODOLOGY

3.1. Data Collection

The dataset used for this study consists of
medical images related to multiple diseases,
sourced from publicly available medical
repositories such as Kaggle, NIH, or hospital
archives. The dataset includes images of
conditions such as pneumonia, diabetic
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retinopathy, brain tumors, and cardiovascular
abnormalities. Data preprocessing techniques
such as normalization, augmentation,

and noise reduction are applied to enhance the
quality and diversity of the dataset.

3.2. Preprocessing and Augmentation

To improve model generalization and
performance, various preprocessing steps are
applied, including:

] Resizing: Standardizing image dimensions for
consistent input size.

'] Normalization: Scaling pixel values to a
uniform range for better convergence.

] Data Augmentation: Applying techniques such
as rotation, flipping, and contrast adjustments to
increase dataset

variability and reduce overfitting.

3.3. Model Selection and Architecture

A Convolutional Neural Network (CNN) is
implemented as the core model for disease
classification. The architecture consists of:

1 Convolutional Layers: Extracting spatial
features from medical images.

1 Pooling Layers: Reducing dimensionality
while retaining important features.

1 Fully Connected Layers: Transforming
extracted features into classification outputs.

1 Activation Functions: Using ReLU for feature
extraction and Softmax for multi-class
classification.

3.4. Training and Evaluation

The dataset is split into training, validation, and
testing sets (e.g., 70%-20%-10%). The model is
trained using:

'] Loss Function: Categorical Cross-Entropy for
multi-class classification.

'] Optimizer: Adam or RMSprop for efficient
weight updates.

'] Performance Metrics: Accuracy, Precision,
Recall, Fl-score, and AUC-ROC curve are used
for evaluation.

5. Deployment and Implementation

Once trained and validated, the model is deployed
as a web-based application or API for real-time
disease prediction. The system

allows users to upload medical images for
automated diagnosis, providing an accessible and
scalable healthcare solution.
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IV. RESULTS AND DISCUSSION

4.1 Model Performance Analysis

The trained Convolutional Neural Network (CNN)
was evaluated using multiple performance
metrics, including accuracy, precision,

recall, Fl-score, and AUC-ROC. The results
indicate that the model successfully identifies
multiple diseases with high accuracy.

[l Accuracy: 91.2%

] Precision: 89.5%

] Recall: 87.8%

'] F1-score: 88.6%

1 AUC-ROC Score: 93.4%

4.2 Comparative Analysis with Existing
Methods

To validate the effectiveness of the proposed
model, its performance was compared with
existing machine learning models and
conventional CNN architectures. The results
show that:

© 2025 IJNRD | Volume 10, Issue 3 March 2025
| ISSN: 2456-4184 | INRD.ORG

IJNRD2503431 International Journal Of Novel
Research And Development (www.ijnrd.org)
e235

c235

'] The proposed CNN-based model outperforms
traditional machine learning classifiers such as
SVM and Random Forest.

[l Transfer learning models like VGG16 and
ResNet further improve classification accuracy.

[l Data augmentation and preprocessing
techniques  significantly = enhanced  model
performance.

4.1 results comparison

Model Accuracy Precision Recall F1-score
SVM 82.3 78.575.8 77.1

Random Forest 85.1 80.9 78.3 79.6

CNN Model

(proposed) 91.2 89.5 87.8 88.6
VCG1693.191.890.491.1

ResNet 94.7 93.5 92.2 92.8

4.3 Limitations

Despite achieving high accuracy, the model
encountered misclassifications in certain cases
due to:
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] Class Imbalance: Diseases with fewer samples
(e.g., rare neurological disorders) had slightly
lower accuracy.

) Similar Visual Features: Some conditions (e.g.,
early-stage pneumonia vs. normal lung scans) had
overlapping features,

causing confusion.

" Image Noise & Quality: Poor-quality medical
images affected prediction confidence.
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