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Application of Deep Residual Network in Pulse Signal

Sub-health Detection

Al Ling-mei, XUE Ya-qing,LI Tian-dong
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Abstract: The traditional pulse signal sub—health detection mainly adopts manual extraction of features, which is easily affected by the

subjective will of human beings, resulting in the lower recognition rate of sub—health detection. Aiming at this problem, we apply the

0 35

—_

deep residual network method to the field of signal feature extraction,and propose a deep residual network model suitable for pulse signal
sub—health detection. Firstly, aiming at the problem of insufficient samples of pulse signal in the experiment,a generation method of
pulse signal is proposed based on the generative adversarial network , which can amplify the pulse signal data set. Then,according to the
characteristics of pulse signal, the deep residual network is improved and one—dimensional convolution is introduced to construct a
detection model suitable for the sub—health of pulse signal. Finally,the model is trained by using the data set after amplification to detect
the sub-health state of the human body. The experiment shows that the proposed method can effectively distinguish between healthy and
sub—health status,and achieve higher recognition rate than the existing methods.
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