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Non-invasive arterial blood pressure waveform reconstruction algorithm based on Bi-UNet
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Abstract: A non-invasive deep learning method is proposed for reconstructing arterial blood pressure signals from
photoplethysmography signals. The method employs U-Net as a feature extractor, and a module referred to as bidirectional
temporal processor is designed to extract time-dependent information on an individual model basis. The bidirectional
temporal processor module utilizes a BILSTM network to effectively analyze time series data in both forward and backward
directions. Furthermore, a deep supervision approach which involves training the model to focus on various aspects of data
features is adopted to enhance the accuracy of the predicted waveforms. The differences between actual and predicted values
are 2.89+2.43, 1.55+1.79 and 1.52+1.47 mmHg on systolic blood pressure, diastolic blood pressure and mean arterial
pressure, respectively, suggesting the superiority of the proposed method over the existing techniques, and demonstrating its
application potential.
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Figure 1 Flowchart of the experiment
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Figure 2 Distribution of SBP in training and prediction sets
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Figure 3 Distribution of DBP in training and prediction sets
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Figure 4 Structure of the proposed model
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Figure 5 Structure of bidirectional temporal processor
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Table 1 Comparative experimental results (MAE+STD, mmHg)

PR il SBP DBP MAP

1 U-Net 6.78+5.39 7.10+7.33 1.74+1.66
2 Bi-UNet 6.10+5.63 3.03£2.56 3.53£2.75
3 Bi-UNet (deep supervision) 2.89+2.43 1.55+1.79 1.52+1.47

& 6 7~ T ABP H.SL i JE A1 ABP Ft i % E 75 [7]
— [ ) Y AR R G, e I 6a . 1 6b 43 51 PSSR Y
TR A 0 55 SR 0 35 2 R S A U 0 4 B
W i AR e b T AR 3 R R, AT X B (]
AT LA HR 005 TR A S 3 s B 8 e AR R
MRS R B 545 D7 AR AL 2 1 A {5 B .
22 SMEITERFLLER

R T B UEAR SCRL R A B B AR T
o 5 Bl ik i e 98 A DG I 25 SR iR LB T AR $iE PPG
=5 ) SBP . DBP il MAP {8 . M3 2 th3kfi]af
DIE R, L7650 F A SCIG IR FO Y ABP 3115 2]
() SBP \DBP \MAP AV L BLAT iF 5% 76 I 8 4T 55
o 10 f) SBP .DBP . MAP B VEH , i H. 5 B4 #1955
HR AR ol A A4 45 R H s S MR . 7 MAP Tt
75 T, 7 SO 25 B 55 Cheng 2520 (1 45 S 330, (H
STD /0N, 32 B AR ST 36 T AH ) B8 Ao ft

3 6

AT —Fp i PPG {55 4 ABP {5 5 (1
ARARANEIRE 2 2] J5 1k o ART7 ik W HT A Z A A T
F U-Net £ 2 FFAE 42 B A1 BTP BLH 1 T o 3 Fif
TR A9 BT SR VR A SRR A BE A L, A5 250 Fe B
53 Ar BSF [8] 2 810 2508 1] i A0 1] J 7 1] BB TR] KOG

2N

oo

110+
100+

P/mmHg

0 200 400 600 800 1000
FEAR

a: BE 189 ABP FURK S FIE IR

0 200 400 600 800 1000
AR R

b: B 2§ ABP FUNK 2 AN B SR

6 T SE L Fn B SR L RS EEE
Figure 6 Comparison of predictions and ground truth of ABP
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Table 2 Comparison with the existing researches (MAE+STD, mmHg)
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