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MRI Image Analysis for Alzheimer’s Disease Using Contrast
Enhancement and Neural Networks

Abstract:

Alzheimer’s disease - AD is a progressive neurodegenerative disorder that
poses a significant challenge to healthcare systems worldwide. Early and
accurate classification of AD stages using magnetic resonance imaging-
MRI remains difficult due to subtle structural differences between disease
stages, low image contrast.

This paper presents an enhanced MRI-based framework for multi-stage
Alzheimer’s disease classification that integrates contrast optimization
with deep learning and hybrid classification strategies. To improve image
quality and highlight diagnostically relevant anatomical structures, a
Gaussian-based Contrast-Limited Adaptive Histogram Equalization -G-
CLAHE technique is applied during preprocessing. A convolutional neural
network - CNN is then employed to extract deep feature representations
from the enhanced images. For classification, both a standalone CNN
model and a hybrid CNN-Support Vector Machine CNN-SVM framework
are investigated.

The proposed approach is evaluated on a publicly available MRI dataset
and classifies subjects into four categories: cognitively normal, early mild
cognitive impairment, late mild cognitive impairment, and Alzheimer’s
disease. Experimental results demonstrate that contrast enhancement
significantly improves feature discriminability. The standalone CNN
achieves an overall classification accuracy of 96%, while the hybrid CNN-—
SVM model further improves performance, reaching 97% accuracy with
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higher recall and robustness, particularly for underrepresented disease
stages.

Keywords: Alzheimer's disease, convolutional neural networks, contrast
enhancement, deep learning, magnetic resonance imaging, support vector
machine
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