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Research advances in multi-modal physiological signal fusion for non-invasive
continuous blood pressure measurement
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Abstract: Non-invasive continuous blood pressure monitoring is a core technology for the prevention, diagnosis, and management of
cardiovascular diseases. Traditional cuff-based measurement methods have limitations such as intermittent readings, patient discomfort,
and the “white coat effect”. With the rapid advancement of wearable technology and mobile healthcare, non-invasive continuous blood
pressure measurement based on multi-modal physiological signal fusion has emerged as a research hotspot. Research progress in multi-
modal physiological signal fusion for non-invasive continuous blood pressure measurement encompasses the characteristics and blood
pressure correlations of commonly used physiological signals, as well as multi-modal signal acquisition techniques and sensor integration
solutions. This paper provides an in-depth analysis of data-level, feature-level, and decision-level approaches, as well as end-to-end
fusion methods based on deep learning. It compares the performance and applicability of different fusion strategies, summarizes the
challenges currently faced by wearable device applications, and outlines future development directions. Research indicates that multi-
modal fusion can effectively integrate complementary information from various signals, significantly improving the accuracy and robustness
of blood pressure estimation. However, individual variability, dynamic interference, data standardization, and model interpretability
remain core challenges. Future trends will focus on the establishment of high-quality clinical datasets, the development of novel wearable
sensing technologies, intelligent multimodal signal processing approaches, and personalized adaptive blood pressure estimation models.
These efforts will drive clinical translation and widespread adoption of this technology, providing robust technical support for achieving
early hypertension warning and precision management.

Keywords : non-invasive continuous blood pressure measurement; multi-modal physiological signals; deep learning; wearable devices;

sensor integration

ks H 11.2026-04-21 Received Date ; 2026-04-21
w SEETE EH ML TR S s34 (B 3L 552 2021 ]031 5 ) WL H % Bl



- 136 - LSRR R e o

40 &

0 35l

il

AR Sy A A 24 P R HORS v W 5 1l %)
O MAE IR T 2 W AAE B A 2R L, RSl
2 6 T 1 B L W D 4 b e, (B i) B 0 6 | 67
TE P22 AT LS T i3 2 A RN A A 22 S5 e 4
JRBR B P SRR AR KR, ORI S 1 I R
BR YRR, BT L2 R Tt A
UK 0 ( photoplethysmography, PPG ) 5.8 fE
Z (electrocardiogram, ECG) , 1% J5 % B AE 18 = 1ML R A 31
KR BAEAE P KA O SR B . — 2 5 S2 e s ) — )2
S Il R I g 2 AR B A 55 PR A TR
I FIZALRE I AL .

FPETE BRI SRS A BRAE T il B R 5 T AL
FEBR T, AR E A AW DG A TR
W 0> & ( phonocardiogram, PCG) . 4= ¥y B ¥t . Bz Bk IR
J& ( skin temperature, ST) ELZFAIER , TSR AR
B Z B B AMRRE | A S50 T I s A A B S i Pk 502
TRRESS T TR S5 A5 T VA BB AT A ] e
T, R R G T

VLA IR FE 2 2 N ZBSRG f2 it 7o R TR . &
TR 2 ) 28 JEIRZ N 2% Transformer BRI GEAE F T 27
A ZRSAR S IS R OCHR ik G AL G N TR TR 1Y )m)
PR BRI, 2 U ATY T 5 o e s T ke At A28 ]
RPE S TR R AR

25 LTk, B TE RS EIZ G o i e | E A
PR E SRE S 2SRl BIS BEAl 3 % R 4R
W5 B S RE Tk BEE T R AR T ) HE Bl 2 RS il
B BORTETC B 4 22 i F s ) itk —2 % Jre 5 i R Ak

1 ZRFEEFESSMEREXE

1.1 ERBRESEEESENEHEXYE

1) Wk fe s

' P BRI P08 3 e A 2 2 g 7 AR b S e ik
N2 M) 3 Z X A @ ULV € RTINS R i

RESRIRHCEE ) SO i A s AP BE D A0 A S X
SE BB I T R E AL

BT PPG i Ak 58 3= A I B35 1 [1] ( pulse
arrival time, PAT) , 335 Bk 8 I 1% 3% i [A] ( pulse transit
time, PTT) F15F Ifil 5 ( Pre-ejection period, PEP )™
PAT Sl H 8. OHUE S R (O HBAE S MRENIE Z —,
REBOEN BRI FE O = Y45 1 LG 3l ) 2] PPG 15
SARFE A (A R0 ) [ R] ) B, 5 H A TR B 2 A G
Fe R

Iy — T JC B I 2 7 v R B T KO I A
B (pulse wave velocity, PWV ) , il & Ji # B 4K 95 5 i 4
I PR AL R ES, PTT 5 PWV (93¢ & B Moens-
Kortweg ji*%jﬁﬁm’m :

|Eh
PWV = /; (1)

D

PWV = (2)
K, E A shIKoPERE 5 b W I B REEE ; p A IR
BE 5 d WIS BLAR ;D W ) Sl K RE 2

WA S BA R 22 TP B 1 JB/R T JRD R4
WfE S UK LUK PAT PEP PTT BHEFRE, 0 X
WA A VW0, B Ry B sk | & A A S Bl KRG A
F,C MBS,

2) DHFS

D HLE S0 T 0 F LS 35 1k A A R fL 6 2 1k
S ARG S IRE Y S S A TR AR
AR, B IERA DA A BT X, g 1 TR, ECG
(B SRR BOE S 5.0 fums O NLEEIL | A 3 #0205
AT, X R R AT BRI I, R ECG AT
PN o HE RO [RI2E 2 A A BE S H R
WL | S5 PAT R ] Bl B2l 1345

3) LEES

DEAR S0 T O AR s AT sk ad B2 vy T IR
TR LR B 5 7= A MR o 7 o, R B — 0
B ST IS b S2, ST XL T0 Y46 1 4y, S2 X i
T EFIRTT AR, 32 30 ko A0 i 3h oo 6 b1 >, s2 )R
—A~ ST (s i [ B b & SRR LR ) S21°2

®1 LEESHIENEEEXSHSHE

Table 1 Physiological significance and morphological

characteristics of electrocardiographic signal features
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Fig. 1 Multi-modal physiological signal waveform diagram
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Fig.2 Theoretical basis of multi-modal physiological signals for

collaborative blood pressure estimation
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signal sensor performance
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Fig. 4 Schematic diagram of flexible sensor structure
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Fig.5 Flowchart of data-level fusion method
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Fig. 6  Flowchart of feature-level fusion method
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Table 3 Representative studies on different fusion strategies for cuffless continuous blood pressure monitoring
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Table 4 Core performance validation requirements for accuracy-type devices

oot AT RN XAk
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@ M AR N, =278
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Y R 2 SR <25% -
WSR2 T4 © RARE 50 HAH <25%;

@ #axfin2% 85 T AMU AL <50%
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FEATUAL A | 1fil AR 25 T 5 0 SR, X R 84l K £ R
T ICU BEH ST AR, HAMRES H ¥ AR5
R RES, PR AZ LR hZ 8 — 2 RH . 4
AR XSRS £ DL ECG  PPG il ABP 5%
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Table 5 Public datasets commonly used for cuffless continuous blood pressure measurement research
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Table 6 Representative commercial wearable blood pressure monitoring devices
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