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Abstract

ECG-based stress classification studies are being conducted to prevent the occurrence of diseases caused by stress.
The method through digital filtering used in previous studies has a problem in that it cannot remove noise that
damages the periodic characteristics of the ECG, such as motion artifacts. Therefore, in this paper, we propose an
Xception-based stress classification system using ECG outlier signal removal. The proposed system uses the Xception
classifier after removing the outlier signal through similarity comparison based on the R-R interval of the ECG. The
stress classification experiment showed a maximum performance of 98.6%, which is 0.92% higher than before
removing the outlier signal, and showed more than 5.6% improved performance in two class classification compared
to stress classification studies using ECG.
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Fig. 1. Proposed stress classification system based on ECG
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