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Feasibility study of PPG signal used in early warning of high tem -
perature and humidity damage
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Abstract: High temperature and high humidity environment has adverse effects on human body and affects
safety production. Photoplethysmography (PPG) signal was used to identify whether human body enters
high temperature and high humidity environment. The photoplethysmography signals of human body in
high temperature and humidity environment and comfortable environment were collected. The signals were
labeled artificially and then input into residual neural network for training, and an early warning model was
obtained. The results show that there are differences in photoplethysmography between human body in
high temperature and humidity environment and comfortable environment, which can be recognized by ear-
ly warning model. The recognition accuracy of training set is 99. 8%, and that of test set is 98.3%. The
precision of training set and test set to high temperature and humidity environment are 99. 8% and 96. 9%,
respectively. The recall rate of training set and test set to high temperature and humidity environment are
99.8% and 99. 7%, respectively. The area A enclosed by the ROC curve and the abscissa is close to 1,
so the model has strong generalization ability. The early warning time of the method used in this paper is

0.512 s, 1. e. ,warning is given to human after 0. 512 s of the change of human physiological parameters.
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Fig. 3 Neural network structure
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Fig. 4 Relationship between accuracy and iteration times in training iteration processes
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