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A Study on Spectrogram based Explainable ECG Analysis for
User Recognition
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Abstract

Recently, bio-signal based user recognition methods such as ECG are being studied as next generation user
recognition methods. However, deep learning models showing high accuracy have a black box problem due to a
complex computation process. In this paper, 1D ECG signals are converted into 2D spectrogram images and applied
to deep learning models. To analyze the recognition performance from the deep learning model, the Grad-CAM
algorithm, an explainable artificial intelligence model, was applied to visualize the areas that affect performance
results. As a result of the experiment, the recognition performance output from the deep learning model was 93.2%,
and the area influencing the performance result was shown as a heatmap, confirming the possibility of analysis and
verification of the deep learning model.
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Fig. 1. Example of division by period of ECG signal
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Precision 92.9%

Recall 93.1%
F1-Score 92.9%
Accuracy 93.2%
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