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Abstract— Epilepsy is one of the most prevalent neurological disorders, and its early
diagnosis is critical to preventing neurological damage. Magnetic resonance imaging
(MRI) is regarded as the standard diagnostic tool for identifying epilepsy-related brain
lesions due to its high resolution and non-invasive nature. However, manual
interpretation of MRI scans is time-consuming and prone to human error. In recent
years, convolutional neural networks (CNNs) have enabled automated analysis of
MRI data and the detection of complex pathological patterns. This review evaluates
the performance of several deep learning architectures—including Fc-Net, 3D-CNN,
DAG-CNN, U-Net, DNN, and m-CNN—in the context of epilepsy detection. Findings
indicate that CNN-based models achieve the highest diagnostic accuracy, with some
studies reporting performance exceeding 96%. Despite these advances, significant
challenges remain, including data heterogeneity, model interpretability, and the
requirement for high-performance computing resources, all of which necessitate
further investigation.
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