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Abstract Blood pressure is a physiological indicator of human body. Continuous measurement of arterial

blood pressure in each cardiac cycle is an important basis for real time diagnoses. Most of the cuffless
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continuous blood pressure measurements are performed according to the predictive models based on the pulse
wave and electrocardiogram signals. However, they may produce errors due to the limited measurements.
In this paper, multiple physical signs, such as impedance cardiogram, are explored to improve the measured
accuracy of blood pressure. Experiments were conducted upon 55 volunteers, and results show that the random
forest model based on multi-parameter feature fusion outperformed the linear model based on a single feature,
with mean absolute errors of 2.56 mmHg and 1.91 mmHg for the prediction of systolic and diastolic blood
pressure, respectively. It proves that the proposed cuffless blood pressure prediction model based on the multi-
feature fusion could improve the accuracy of blood pressure prediction.
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Fig. 1 Extraction of multiple signal feature points
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Table 1 89 features extracted from multiple physiological signals
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LA N, H r FRORFFES ML 2 18] B2 7R Bk
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VEN IR A o A% 4 1 s F50 By FH () SRR AT
ARLAFFEIL AT 2 R RFE 2 7% DL S S B4R 2]

®2 FHEMIERE

Table 2 Preferred clusters of features

HRHAIE FEHE r MIC RHE FEHE r MIC
F6 PTT “VJifd 0.259 0.117 F52 ICG 55 % —0.330 0.167
F7 PAT 0.186 0.132 F53 ICG {F5#ME 0.020 0.047
F8 PATm 0.142 0.098 F55 ICG &5 H 0.191 0.083
F9 PTTm 0.211 0.096 F57 ICG 15 5% —0.292 0.119
F19 ECG 155 hER: 0.406 0.198 F59 ICG {55 I4(H —0.464 0.189
F20 ECG 5575 % 0.424 0.208 F60 ICG 15 5B E —0.383 0.160
F21 ECG fF5¥MH —0.051 0.063 F61 ICG {55 IEHE T —0.252 0.099
F31 EBI {55 RER —0.315 0.260 F66 ICG 155 M s foe /IME. —0.078 0.048
F32 EBI {557 % —0.028 0.010 F70 (CCRERFPIES I SEONI- —0.136 0.107
F34 RSP {5 SR —0.226 0.154 F77 PPG 55 [MA5ORI A —0.203 0.105
F35 RSP {55 fhEHE: —0.162 0.156 F79 EBI 15 % fBRG —0.181 0.083
F36 RSP {5577 % —0.111 0.109 F87 ECG 155 HAHKMEIMIE 0.072 0.059

F51 ICG fE5fER —0.250 0.184
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Table 3 Comparison of prediction results of models with three different features
N SBP (mmHg) DBP (mmHg)
TR RZETRR
PTT Selected All PTT Selected All
MAE 16.35 11.21
LR STD 20.21 14.35
ME —0.15 —0.10
MAE 16.12 2.80 2.89 10.90 1.96 2.04
XGBoost STD 19.89 4.28 4.34 14.14 2.86 3.05
ME —0.21 0.13 0.21 0.06 0.11 0.19
MAE 16.28 2.56 2.74 10.99 1.91 2.08
RF STD 20.09 4.06 4.34 14.18 2.80 3.24
ME —0.16 —0.06 —0.08 —0.11 —0.03 —0.03
4 [J 4 4
-—- B%L et 2001 --- ZHL ! 2001 === BHLL 4
2001 — LR A% e —— XGBoost [F1%; — RF A%
180 A 1801
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1601 @160- E160-
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SBP FLSZ{H
() LR [B] = T 5 st P
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(c) RF T s 5]
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Fig. 2 Predictive scatter plots for three machine learning models
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Table 4 Comparison of related work
. . SBP (mmHg) DBP (mmHg)
TR 55
MAE STD MAE STD
2k [l )30 PPG 14.71 10.79 6.74 6.11
U-net2% PPG 3.68 4.42 1.97 2.92
BRI 245121 PPG. ECG 3.09 2.76 2.11 2.00
Tof FEE SR T Ve S A 22 PPG 3.75 5.46 3.10 3.93
RF (430) PPG. ECG. ICG. RSP 2.56 4.06 1.91 2.80

4 5 sh

IR AR 32 2 Fh K 2= i, an4h I BE T
Mg, A, OHmES. HHK PTT A&
RAA R AN S SIS (AR, TGy 250eR i 5 T T e
A ZFPR R . ASCAEL PTT NRHIE LG —
JCLRME R At B, SINAEREE X 51
JEA A BA — 52 R ICG. M AEFE A B 4047
AR WEFE P A ik R e, NS ) B 1
ICG 2 KA FRFER AR, W@ 1ICG 1
BIRARAGIE, A OHEE R SC I i 3h /)
SR T OB RO B R RO I AR
G EESH, WL ICG 25 I & i fE H—
SE DR o AR SUMNERNE 5 JE B A AH SN A BEEAT 77
Br, FEECAR R K& S i R A SRR R 1) ICG %
fIE, A AN [ AR AIE T00 1 45 SRR 00, ) AR A B
1% J5 R E L R n] S m LA 7 S AR . 5
i P BN B 4 AR AE S ST AR R B, LR R T
MR ZE TN

2R B8 UE A SCRFAE A a4 % LE I A Tl 7 T )
YERE, A SOEAL G P [F1 IR 5 AL 88 2 S R 7Y
BATX b . BRI AR A ORI, IR AR 5 e R
EWAE S, BAANEHAH, hihEE 5%
O RG b IA R AL R, 6B A it
B B R KRR IR IR FIAS S o 9 B i bkt
MR, HATIRRES:. TR iR, 43¢
XPEG T ANE AL LS 2 IR . ok Bl 4 SR T

&N, RF REY R TRPAE GG A2 (0 0L T i AR R R
Bif. 5 RFBAAMEL, XGBoost 1578 14 HE NI #E
7=, JRA AT FE /& XGBoost 1E4% 8] FIHAEZ . B [H]
R K, AHILTM AR =, T iR Z 4R bR
BAC, BOLT RFBMEER, B THIFER.
ASCHIEFE B PR #5221 7772 XGBoost 1 RF 7£
R LR G, BEALRZEIILT AAMI Ardk
RZEEH (ME<45 mmHg, STD<8 mmHg) . 5
FoAth SRR TARR EL, AR H B 2 R AR Rl S A Y
HA R

FEAS 5] Az PR A PR I H TR0 23 A v, AR S04
HE5 7 55 LERFHITEBGESRE, BEK
B B s o HAS SCHOASE Y J TS0 I 1) A 0 I
JE TR, 5 -RC S Ta] o I Hs Ftll, - JFE T 2%
RAE R — PRI . fEARRMI A, M
IR E R, R R AR T A R AR A
T, DU ST A IR R

5 4 8

G tof 5 T Fk B AR RS 5 110 L 0 A
THO R 22 K I ) R, AR SCAR T T 2 AR R R
A B R TR, 25 5 i R A PR R
ICG, LM MAELEYE M, EBURRIEE A
5 I A T 65 v PRV R A 2L R R AR 3 7%, )
FEGE I —J0 PTT M. XGBoost B! & RF
BRY, BT SEER M BOIRES T 1 2 4E FERHIE AL
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AR, MEEH T 2 MRS 8 i 4
BRL . SRJE, SANEBIHLES 7 S B ALY MAE.
STD M ME #EAr#EATvFAli. 45 RKH], RF Bk
HIEHTASCEE, 5—70 PTT FHELL T AR
TEAREG, REAEDCIE A e N RS F000) 2% 2R 5
U, Ut B4 I R AR T JE R AR DL e i3 v AL
ar i IV RE . RS, IS HARAE O TAE
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