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Research on prediction method of pulse wave waveform
based on GRU neural network

Zhu Lingjian Chen Jianhong Wang Yuxin Zheng Yi Wang Sen Xun Zihan

(School of Mechanical and Precision Instrument Engineering, Xi'an University of Technology, Xi'an 710048, China)
Abstract: With the improvement of living standards, people are paying more and more attention to health. In particular, the portable
physiological monitoring device such as smart wristband that adapts to fast-paced life is favored by people. Photoplethysmography
(PPG), as a non-invasive human pulse collection method, is widely used in such device. The human pulse contains a lot of
physiological information. In order to exiract and analyze this information, the method of machine learning is generally used to establish
a mathematical model. However, such methods require a large amount of long-term pulse data to improve the accuracy of physiological
parameter models. In response to the problem, this article uses Colaboratory to establish a GRU neural network model and together with
LSTM to predict the pulse wave data and adjust the main parameters that affect the performance of the model. The automated machine
learning tool AutoML_Alex analyzes the pulse wave data and establishes the LightGBM network based on the best ones, which can be
used as a baseline model with reference value. Use large amounts of pulse wave data collected from different individuals to build three
different models, compare with MAPE | LSTM is 0. 879%, single-layer GRU is 0. 852%, LightGBM is 0. 842%, and four-layer GRU
model is 0. 828% , and apply different models to different individual predictions. It is found that the stability of the single layer in the
GRU model is better in the application of different individuals. The results show that we can establish a GRU network model based on
short-term pulse wave data of different individuals, predict long-term pulse wave data, and then monitor the human body’s arteriosclerosis
and other physiological conditions, while providing technical and data support for portable physiological monitoring equipment.
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Fig.2 Pulse wave shape under different physiological conditions
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UEZ DT ae RMSE MAPE/ %
10 21.556 0. 969
20 19. 598 0. 852
30 19. 982 0. 863
40 20.573 0.921
50 23.083 1. 069
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Table 2 Number of LSTM neurons

AT RMSE MAPE/%
10 24.121 1.103
20 20. 705 0. 879
30 20. 962 0. 882
40 27.285 1.320
50 26. 338 1.235




55 3

FF GRU 22 2% i Jok 330t e T2 T 5 v 1t 9% . 245 .

2)GRU M2 2%k

TERAE T 2% Bl 28 704 BUR A SCWFE [ 7 20 4> it
ZeIURE Rl b AS [) I 4% )2 K0u) 55 R0 BE Y R R kAT T
G307 .

3 439 GRU LSTM 2% 75 A [a] )22 5 it iy A
RIVERE R UL GRU P28 2 HCH 4 W RCR A 1M LSTM )
ZENITE | 2R B A, FL 22 B 4 80 2 4 3
MG, HiR 255 b GRU MZ54EK

&£ 5 GRUBHHOKN

Table 5 Sliding window size

i AFEAREL RMSE MAPE/ %
1 28.757 1.232
2 45.781 2.203
3 18.422 0. 828
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5 23.463 1.153
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Table 7 Model error comparison

i AREAEL RMSE MAPE/ %
LSTM 20. 705 0.879
HZ GRU 19. 598 0. 852
LightGBM 18. 804 0. 842
4 )2 GRU 18. 422 0.828
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