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Non-contact physiological parameter detection method based on improved three-dimensional

convolution network

XU Zhanyu, CHEN Zhaoxue

School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: Remote photoplethysmography is a method of measuring physiological parameters such as heart rate from facial
video. For overcoming the difficulties in achieving both high accuracy and lightweight by the existing heart rate measurement
methods, an improved three-dimensional convolution network model is proposed to realize non-contact physiological
parameter detection in facial video. In the pre-processing, YuNet model takes place of the traditional face detector, so that the
face region can be recognized quickly and accurately. In addition, attention mechanisms and residual modules are embed into
three-dimensional convolution network to extract key channel and spatial features, with long short-term memory networks
used as period memory modules to capture long-term dependencies in the data. The experimental results show that the
proposed Res-CHATM model achieves excellent results of MAE=2.19 BPM, RMSE=7.02 BPM, C=0.95, and MAE=1.65
BPM, RMSE=3.44 BPM, C=0.98 in the cross experiments on public datasets UBFC-rPPG and PURE for heart rate

estimation. The consistency between the predicted value and the real value and the effectiveness of the fusion module are

further verified, demonstrating the potential of efficient lightweight model in remote photoplethysmography.

Keywords:non-contact type; heart rate detection; hybrid attention mechanism; signal processing
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Figure 1 Facial video measurement of physiological parameters
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Table 1 Comparison of detection performance
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Figure 2 Improved three—dimensional convolution network
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Figure 5 Framework and component schematics of 3D-HAM
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B}, PhysFormer 1% %Y 78 UBFC (¥ 5 I 1 RE fe 4, H:
MAE It Res-CHATM 1k 0.59 BPM, SiNC ## i 1§
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0.63 BPM, 1ij HAR 75 1 M R LI AN QA SCRBE Y

B 7548 X 5256, Res-CHATM 55 31 HY 5 £
() BE FniZ fk i€ 71 , 7€ UBFC-rPPG Il %k H.7£ PURE

i i B (UBFC—PURE) , MAE=2.19 BPM, RMSE=
7.02 BPM, C=0.95; ifii /£ PURE i/l 4 UBFC-rPPG {l]
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BPM, C=0.98. ifii PhysFormer 1% %! /£ PURE—UBFC
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BPM, C=0.94; SiNC # # 7 [) UBFC—PURE K 1%
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Table 2 Comparison of HR estimation results

M
LAY IEA UBFC PURE
MAE/BPM RMSE/BPM C MAE/BPM RMSE/BPM C
ICAM - 5.17 11.76 0.65 4.77 16.07 0.72
CHROM™ - 2.36 9.23 0.87 5.77 12.93 0.81
2SR - 6.90 18.50 0.65 2.44 3.06 0.98
pPOS!4 - 2.11 9.11 0.87 3.67 11.82 0.88
DeepPhyst™ UBFC 6.27 10.82 0.64 5.54 18.51 0.66
PURE 2.61 9.02 0.88 0.83 1.54 0.99
PhysNet!™ UBFC 1.78 4.39 0.97 4.49 11.70 0.80
PURE 425 12.49 0.84 2.20 3.88 0.93
TS.CAND! UBFC 1.70 2.72 0.99 3.69 13.80 0.82
PURE 2.39 8.85 0.89 2.48 9.01 0.98
EfficientPhys™ UBFC 1.14 1.81 0.99 5.47 17.04 0.71
PURE 2.07 6.32 0.94 1.11 5.94 0.97
PhysFormer™ UBFC 0.50 0.71 0.99 2.93 10.11 0.90
PURE 235 6.26 0.94 1.10 1.75 0.99
QNGB UBFC 0.59 1.83 0.99 4.02 11.24 0.86
PURE 4.88 12.61 0.69 0.61 1.84 0.99
CHATM UBFC 1.11 2.68 0.99 2.38 7.90 0.94
PURE 1.80 401 0.98 1.28 1.80 0.98
UBFC 1.09 2.67 0.99 2.19 7.02 0.95
Res-CHATM PURE 1.65 3.44 0.98 1.24 1.81 0.98
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Table 3 Ablation study
pom UBFC—PURE PURE—UBFC
MAE/BPM RMSE/BPM C MAE/BPM RMSE/BPM  C

PhysNet 4.49 11.70 0.80 4.25 12.49 0.84
+TM 3.45 13.80 0.82 2.23 6.58 0.94
+3D-HAM 2.60 7.64 0.94 2.59 6.14 0.94
+TM+3D-HAM(CHATM) 2.38 7.90 0.94 1.80 4.01 0.98
+Res+CHATM(Res-CHATM ) 2.19 7.02 0.95 1.65 3.44 0.98
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Table 4 Model computational costs

HRV FREPPEAL , 45 a6 5. 6 s . CHATM A4
TE RFIFAEAE 55 h 5 ICA BB AH b, STD P& T

s ParamM  MACs/G 37.2%, HAE LF \HF 5 o5 [ 3 90 1 A oo 00 4 P
DeepPhys'"” 7.504 120.000 55 Gideon2021 B A [t , STD 4 [ Ik T 36.6% , £
PhysNet!'”! 0.700 70.120 B R

TS.CANM T 504 120,000 LF/HF #5845 I, STD [ T 57.8%, MK 1 CHETH T
EfficientPhys?” 7.439 60.687 17.8% , S W H iZAR R 7E HRV R AIE B O 104 82 A —
PhysFormer® 7318 50607 SOPE I 530 T 56 7 i R

CHATM 0.869 71.070

Res-CHATM 1.640 128.260
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Table 5 Comparison of RF estimation results

WA BOR BRI AL . BB S BAA fm i

NS [N NN o a5 Ve STD/Hz RMSE/Hz ©
{00/ 7 ok T 2 B ok L S A T B A AT oD o o -
&i%*ﬂ”@@ﬁﬁ,ﬁﬁTﬁﬁ%ﬁﬁxﬁﬁw I'PPG&* [14]

POS 0.109 0.107 0.087
IR LRV PhysNet!!” 0.148 0.152 0.081
3.4 HRV $F{E1Fh 258 Gideon20212" 0.098 0.098 0.103
i FH CHATM #L B #F UBFC-rPPG %038 42 N 17 CHATM 0.054 0.058 0.722
%6 HRV FHETFEZERtL
Table 6 Comparison of HRV characterization and its assessment results
-_— LF(n.u.) HF(n.u.) LF/HF
STD RMSE @© STD RMSE C STD RMSE C

ICA 0.243 0.240  0.159 0.243 0.240 0.159 0.655 0.645 0.226

POS 0.171  0.169 0.479 0.171 0.169 0.479 0.405 0.399 0.518

PhysNet 0.149  0.169 0.519 0.149 0.169 0.519 0.511 0.616 0.581

Gideon2021  0.142  0.139  0.694 0.142 0.139 0.694 0.687 0.691 0.684

CHATM 0.090 0.090 0.812  0.090 0.090 0.812 0.290 0.346 0.806
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Figure 6 Verification of HR prediction performance
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