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Abstract:

Parkinson's disease is a progressive neurodegenerative disorder whose early and
accurate diagnosis plays a pivotal role in treatment planning and slowing symptom
progression. In this study, a deep learning—based approach is proposed for classifying
brain MRI scans to detect Parkinson's disease. The proposed model employs the
VGG16 architecture as a feature extractor. This architecture was chosen due to its
simple structure, appropriate depth, and proven performance in medical image
analysis, providing satisfactory accuracy and stability for medium-sized MRI data.
Jacobian normalization is applied during training to enhance stability and
generalization capability. This method controls the model's sensitivity to local
changes and minor noise, producing smoother and more stable mappings while
reducing the risk of overfitting. The MRI dataset underwent standard preprocessing
techniques, including intensity distribution optimization, and was partitioned into
training, validation, and testing subsets while preserving class balance. Model
optimization was performed using the Adam optimizer and the binary cross-entropy
loss function within a supervised training scheme. Experimental results demonstrate
that the proposed architecture achieves 100% accuracy on both validation and test
sets, while exhibiting rapid convergence in minimizing the loss function. These
results indicate the positive impact of Jacobian normalization on improving model
generalization. Overall, combining deep feature extraction with Jacobian
normalization can effectively capture Parkinson's disease—related patterns in brain
MRI images, offering a potential component for clinical decision-support systems.

Keywords: Brain MRI Images, Convolutional Neural Network (CNN), Deep
Learning, Parkinson’s Disease, Medical Image Classification.
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