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Psychological pressure detection system based on BP network and IoMT

MENG Fanchen, CAO Le, KAN Xiu, ZHANG Lei, TIAN Jianpeng

School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China

Abstract: In order to improve the accuracy of classification results of human psychological pressure measurement based on
pulse signal, a psychological pressure detection system based on back propagation network and internet of medical things
(IoMT) is proposed. The system uses the photoplethysmography (PPG) acquisition module with MAX30101 as the core to
acquire human PPG data, and obtains ventricular beat-to-beat interval based on wavelet denoising and RR peak detection.
The heart rate variability extracted by processing in time and frequency domains is taken as the feature, and a back
propagation neural network model trained by Adam adaptive optimization algorithm is established to classify the degree of
psychological pressure into 3 categories. At the same time, a remote platform based on [oMT for psychological pressure
detection is designed for 24-hour continuous user health monitoring, thereby achieving long-term uninterrupted detection and
analysis. The experimental results show that the system has a detection accuracy of 88.7%, and that it is more effective and
convenient to classify the degree of psychological stress than traditional psychological scale and hormone measurement.
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Figure 1 Portable photoplethysmography (PPG) acquisition system
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Figure 2 PPG data acquisition process
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Figure 3 IoMT system diagram
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Figure 4 PPG original waveform

40000
20000

X

= -20000
~40000
~60000

-80000
0 1000 2000 3000 4000 5000 6000 7000
KRR
&5 PPG EBERELEKF

Figure 5 Waveform after PPG denoising and baseline removal
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Figure 6 PPG waveform peak monitoring
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Figure 7 Data normalization
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Figure 8 Label one-hot encoding
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Figure 9 Structure diagram of BP neural network
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Figure 10 Flowchart of BP neural network algorithm



7 b

- 891 -

FERIYIN 2R AR ECR 500 WK, 1 Adam 38 1/
PeACT X 2 2] R T Ak, EBGE AR L) 1/10 5
HAWACACTT A T LA, A 11 R . &30 Adam
5 RMSprop X P i b 58 15 3¢ T Adagrad . SGD
Adadelta EALTEL , RRBE DL A 458 . i — P58
HERARUERIHIA T X R A3, & Adam R
AR P e 2R T RMSprop AL B (K 12) .

1.2
0.8\ e
g \\
£0.6 e
35 M
0.4
0.2
O |||||||||||||||||||||||||
1 5 9 13 17 21 25 29 33 37 41 45 49

BARUEK
= Adam === Adagrad =—de=SGD
E 11 FEIACEENREETLE

Figure 11 Val_Loss variation diagram of different optimization algorithms
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Figure 13 Results of neural network model training
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