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Abstract

This study presents a lightweight deep learning architecture, termed 1D ResNet Lite, for efficient analysis of
one-dimensional (1D) ECG time-series signals. Unlike conventional ECG classification models that rely on
long-duration inputs or excessively deep networks—leading to high computational costs—the proposed model utilizes
heartbeat-level segments to enable real-time processing. Furthermore, 1D ResNet Lite contains two input modules that
simultaneously process raw ECG signals and physiologically meaningful geometric feature vectors. Experimental
evaluations on the CSU DB dataset demonstrate a classification accuracy of 98.0% for gender classification tasks.
These results confirm the effectiveness of 1D ResNet Lite in ECG-based biometric classification and highlight its
potential for deployment in real-world applications such as wearable devices and embedded systems.
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