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ABSTRACT

Automated medical image classification has been improved by deep learning techniques. Nevertheless, the inability of Convolutional Neural
Networks (CNNs) to provide interpretability has hindered their adoption in medical imaging diagnosis. In this paper, a lightweight and
interpretable medical image diagnosis system is proposed by integrating a customized CNN model with Explainable Artificial Intelligence (XAI)
approaches, namely Local Interpretable Model-Agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP). In this system, multi-
class classification of medical images is accomplished. In addition, a visualization of the explanations of the images is also achieved. Furthermore,
aweb-based interface is integrated into the system to enable the upload of images and the generation of reports. Experimental results show that the
system provides reliable performance and interpretability for Al-based medical imaging diagnosis.
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L.INTRODUCTION

Medical imaging supports disease detection and diagnosis through
modalities such as MRI and X-ray. Deep learning, particularly
Convolutional Neural Networks (CNNs), is widely used for automated
medical image analysis due to its ability to learn hierarchical
features.However, CNN models operate as black boxes, limiting
interpretability and trust in clinical applications. To address this, an
explainable medical image classification system is proposed that
integrates a custom CNN with LIME and SHAP techniques. The
system provides both accurate predictions and visual explanations,
enabling better understanding of model decisions and supporting
reliable medical analysis.

I1. Problem Statement

Although CNN-based models achieve high accuracy in medical image
diagnosis, they lack explainability, making it difficult for doctors to
understand and trust the predictions. This black-box behavior restricts
real-world clinical adoption, especially in critical healthcare
scenarios.The problem addressed in this project is to develop a
transparent and explainable MRI-based disease detection system that
not only predicts diseases accurately but also provides visual
explanations for each prediction using Explainable Al techniques.

I11. Proposed System

The proposed system presents a framework for medical image
diagnosis by integrating a Convolutional Neural Network (CNN) with
XAI techniques. Medical images, particularly MRI scans, are
preprocessed through resizing and normalization before being fed into
the CNN model for multi-class classification.To enhance
interpretability, SHAP is used to provide global feature importance,
while LIME generates local explanations for individual predictions.
The system produces visual outputs such as heatmaps and highlighted
regions to indicate important areas influencing the model's decision. A
web-based interface allows users to upload images, view predictions
with confidence scores, and analyze results interactively.

IV. System Architecture

The system is based on a modular pipeline for the classification and
interpretation of medical images. The system takes input in the form of
medical images uploaded through a web interface. The images are then
processed and input into a pre-trained CNN for classification purposes.
The model provides classification predictions along with confidence
values. The XAI methods are used for the interpretation of the

classification output provided by the model and highlight the key areas
ofthe image used for classification purposes. The system then provides
visual output along with a diagnostic report.
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Fig. 1. System Architecture Diagram

V.Implementation

The implementation of the system utilizes Python along with
TensorFlow/Keras for CNN-based medical image classification.
Preprocessing of input images is done for resizing and normalization
before classification/prediction. SHAP and LIME are used for
obtaining visual explanations such as heatmaps and highlighted
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regions for images. Streamlit is used for creating a user interface for
uploading images and displaying results, while SQLite is used for
storing reports along with PDF generation capabilities.

VI. Methodology

The system follows a structured pipeline consisting of the following

stages:

» Image Acquisition: Medical images are uploaded through a web-
based interface.

*  Preprocessing: Images are resized, denoised, and normalized to
ensure consistent input quality.

* Classification: A custom CNN model performs multi-class
disease classification and generates probability scores.

» Explainability: SHAP and LIME are applied to produce visual
explanations highlighting important regions.

* Report Generation: The system creates an automated report
containing predictions, confidence scores, and visual outputs.

VII. System Modules in Detail

A. User Interface Module

Handles user interaction including image upload, prediction display,
and report download through a Streamlit interface.

Provides a simple and interactive environment for viewing results and
explanations.

B.Image Preprocessing Module

Prepares input images through resizing, format conversion, and
normalization.

Ensures consistent data quality for improved model performance.
C.CNN Model Module

Performs core classification using a trained Convolutional Neural
Network.

Extracts features and classifies images into disease categories.

D. Prediction Module

Processes input images through the trained CNN model.

Generates probability scores and determines the final predicted class.
E. Explainable AI (XAI) Module

Provides interpretability using LIME for local explanations and SHAP
for feature importance.

Highlights key regions influencing the model's predictions.

F. Visualization Module

Displays results using visual outputs such as heatmaps and highlighted
regions.

Helps users understand and validate model decisions.

G.Database Module

Manages storage of user data, images, and prediction results using
SQLite.

Enables secure access to previous records and reports.

H.Report Generation Module

Generates downloadable PDF reports containing predictions and
explanations.

Includes relevant details and disclaimers for documentation purposes.

VIII. RESULTS AND DISCUSSION

A.Performance Evaluation

The CNN model was evaluated using standard classification metrics,
including accuracy, precision, recall, F1-score, and AUC. The dataset
was divided using a stratified split, and cross-validation was performed
to ensure reliable evaluation. Despite dataset limitations, the model
achieved consistent performance across multiple classes. The close
alignment between training and validation results indicates minimal
overfitting and stable generalization.

B. Performance Metrics
TABLEII. Test Set Performance Metrics

Metric Value
Accuracy 91.00%
Precision 90.00%
Recall 89.00%
F1-Score 89.00%
CNN Accuracy Curve:

The accuracy curve shows a steady increase in training accuracy over
epochs, eventually stabilizing. Validation accuracy closely follows the
same trend, indicating good generalization. The minimal gap between
training and validation accuracy suggests reduced overfitting and
consistent model performance.

CNN Loss Curve
The loss curve shows a gradual decrease in training loss as epochs

progress, indicating effective model convergence. Validation loss
follows a similar pattern and remains close to training loss. This
reflects stable learning behavior and balanced optimization.
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Fig.2. CNN Accuracy and CNN Loss

Confusion Matrix of the Proposed CNN Model:

The confusion matrix shows that most samples are correctly classified,
with minor misclassifications observed between visually similar
classes.

Fig 3: Confusion Matrix of the Proposed CNN Model

C.Outcome/Result
The system provides classification results along with confidence
scores for uploaded medical images. Visual explanations generated
using SHAP and LIME highlight important regions influencing the
prediction. Results are displayed through an interactive interface for
easy interpretation. A concise report containing prediction details and
explanations can also be generated for reference.

Fig 4. Predicted Output

IX. CONCLUSION

This paper presented an explainable medical image classification
framework using a custom CNN model for multi-class disease
detection. The system integrates prediction with visual interpretation
to support reliable decision-making in medical applications. A web-
based interface enables real-time image upload, prediction, and result
visualization.

Experimental results show that the model achieves consistent
performance while maintaining stable generalization. The proposed
approach demonstrates the feasibility of combining accuracy with
interpretability for practical diagnostic support.

Future work includes evaluating the system on larger datasets,
incorporating clinical validation, and extending the framework to
additional medical imaging modalities.
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