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Abstract: Hypertension remains a major global public health burden and the leading modifiable risk factor for cardiovascu-
lar diseases, cerebrovascular accidents, and chronic kidney disease. Continuous, non-invasive, and long-term blood pres-
sure (BP) monitoring is paramount for early diagnosis and screening, therapeutic efficacy evaluation, and personalized car-
diovascular risk stratification. Traditional cuff-based sphygmomanometers, while widely adopted as clinical gold stan-
dards, induce physical discomfort, cause sleep disturbance, and provide only discrete, intermittent measurements that fail
to capture intra-individual BP variability, nocturnal dips, or transient hypertensive crises. Although contact photoplethys-
mography (PPG) sensors offer continuous monitoring capabilities, they remain susceptible to motion artifacts and can

cause skin erythema, irritation, or compromise of skin integrity—particularly in vulnerable populations such as neonates,
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burn patients, and intensive care unit (ICU) cohorts. Remote photoplethysmography (rPPG) has emerged as a transforma-
tive, non-contact optical sensing paradigm. By capturing subtle facial skin color variations induced by cardiac-driven hemo-
dynamic changes via ambient-light digital cameras, rPPG enables continuous estimation of systolic blood pressure (SBP)
and diastolic blood pressure (DBP) without physical contact. This paper presents a systematic and comprehensive review
of the entire rPPG-based BP measurement pipeline, encompassing physiological foundations, optical sensing mechanisms,
video preprocessing protocols, feature extraction strategies, machine learning and deep learning modeling paradigms, pub-
lic benchmark datasets, evaluation metrics, and barriers to clinical translation. The physiological rationale of rPPG hinges
on microvascular hemodynamics and modern skin optics. During each ventricular ejection, a pressure pulse propagates
through the systemic arterial tree, causing periodic blood volume fluctuations in dermal microvascular beds. These micro-
circulatory variations alter the spectral absorption coefficient of hemoglobin, generating subtle, periodic intensity changes
in diffusely reflected light from the facial skin surface. Converting these minute optical signals into continuous BP estimates
relies on vascular biomechanics and hemodynamic principles. The classical pulse transit time (PTT) framework—derived
from the Moens-Korteweg equation—establishes a mathematical relationship between arterial compliance, vessel elasticity,
pulse wave velocity (PWV) , and blood pressure. PTT-based models directly map the propagation delay—measured
between the ECG R-wave peak (or a proximal PPG fiducial point) and a distal rPPG peak—to arterial pressure. To over-
come the requirement of dual-site measurement, single-site pulse wave morphology (PWM) analysis has gained promi-
nence. PWM strategies extract multi-dimensional morphometric features—such as pulse wave area ratios, maximal systolic
upstroke slope, reflection index, augmentation index, and diastolic decay time constants—from a single facial rPPG wave-
form to characterize systemic vascular resistance, arterial stiffness, and cardiac contractility. Acquiring high-fidelity,
hemodynamically valid rPPG signals in unconstrained environments demands rigorous signal preprocessing to isolate subtle
physiological variations from severe background noise. The primary stage involves face detection, facial landmark align-
ment, and region-of-interest (ROI) tracking. Modern deep learning architectures (e. g. , MTCNN, MediaPipe, YOLO)
enable robust facial tracking, maintaining spatiotemporal ROI alignment even under subject motion. However, raw ROI
temporal signals remain vulnerable to three main environmental distortions: voluntary and involuntary head motion, ambi-
ent illumination fluctuations, and video compression artifacts. Motion artifact suppression algorithms utilize time-frequency
filtering, adaptive filtering, empirical mode decomposition (EMD) , blind source separation (BSS) and skin-color projec-
tion models (e. g. , POS, CHROM, PBV) to isolate the blood volume pulse (BVP) vector from motion-induced noise. To
combat severe quantization noise and high-frequency spatial distortion introduced by video compression codecs, recent
rPPG-oriented compression algorithms dynamically reallocate bitrate budgets, prioritize quantization parameters within
highly perfused facial ROlIs, and utilize temporal motion-compensated frame reconstruction to preserve subtle hemody-
namic signals at ultra-low bitrates. Feature engineering and predictive modeling represent the core analytical engine for non-
contact BP estimation. Early methodologies extracted handcrafted temporal, spectral, and morphological parameters (e.
g. , heart rate variability, harmonic power ratios, pulse envelope decay time constants) , coupling them with traditional
regression models such as Support Vector Regression (SVR), Random Forests, Gaussian Process Regression, and Gradi-
ent Boosted Decision Trees (XGBoost). While highly interpretable and computationally lightweight, handcrafted feature
engineering often fails to represent complex, non-linear arterial compliance changes across variable physiological states.
Consequently, deep learning paradigms have become the predominant modeling approach. End-to-end Convolutional Neu-
ral Networks (CNNs) extract spatiotemporal feature maps directly from video frame stacks or spatiotemporal maps
(STMaps) , effectively bypassing handcrafted feature extraction. Recurrent Neural Networks (RNNs) , Long Short-Term
Memory (LSTM) networks, and spatiotemporal Transformers capture long-range temporal dependencies and sequential
dynamics inherent in continuous pulse wave trains. Furthermore, multi-task joint learning frameworks simultaneously opti-
mize rPPG signal reconstruction and BP parameter regression, significantly mitigating cascading error propagation across
multi-step pipelines. Despite substantial advances on'-benchmark datasets evaluated under AAMI and ISO 81060-2 clinical
standards, critical bottlenecks impede real-world clinical translation. First, individual physiological heterogeneity—
including pigmentation variations across skin types, age-related vessel wall calcification, obesity, and autonomic nervous

system tone—demands subject-specific baseline calibration, limiting universal model zero-shot transferability. Second,
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environmental and hardware domain shifts—such as low-light conditions, multi-source mixed lighting in ICUs, camera sen-
sor noise, and facial occlusions (e. g. , medical dressings, oxygen masks)—cause severe signal degradation. Third, the
high computational complexity of 3D-CNNs and vision Transformers limits real-time execution on resource-constrained edge
computing devices. Finally, continuous facial video capture raises stringent data privacy, biometric security, and ethical
compliance issues that must be carefully governed. To bridge the gap between proof-of-concept laboratory research and reli-
able clinical integration, future research must focus on three strategic domains: 1) Self-supervised learning and*cross-
domain generalization. Self-supervised pre-training on massive unlabeled video repositories enables the learning of feature
representations that are robust to variations in illumination, motion, and skin pigmentation, thereby reducing reliance on
scarce clinically annotated BP data. When combined with meta-learning, domain-adversarial networks, and zero-shot cali-
bration frameworks, such approaches allow models to adapt to diverse demographic characteristics and varying optical envi-
ronments without requiring invasive individual baseline recalibration, substantially enhancing cross-scenario generalization
capability. 2) Multimodal fusion and edge-Al deployment. The synergistic integration of rPPG with thermal imaging, near-
infrared (NIR) sensing, ballistocardiography (BCG) , or wearable sensors preserves signal integrity under conditions of
facial occlusion or extreme illumination, accommodating both high-precision and lightweight application scenarios. Concur-
rently, model compression techniques—including pruning, quantization, knowledge distillation, and hardware-aware neu-
ral architecture search (NAS)—reduce inference latency to the millisecond level, enabling real-time continuous BP infer-
ence on mobile or embedded devices to meet the urgent alerting requirements in neonatal intensive care and postoperative
monitoring3) Privacy-preserving computation and ethical compliance. Federated learning paradigms and on-device process-
ing pipelines safeguard patient biometric privacy and ensure compliance with global healthcare data regulations, promoting
the responsible and trustworthy development of the technology. In summary, rPPG-based non-contact blood pressure estima-
tion represents a paradigm shift in cardiovascular healthcare technology. By systematically addressing current physiologi-
cal, algorithmic, and operational challenges, this technology holds immense potential to realize ubiquitous, unobtrusive,
and continuous cardiovascular monitoring across smart home care, clinical ICUs, telemedicine, and digital health ecosys-
tems.

Key words: remote photoplethysmography (rPPG) ; non-contact blood pressure measurement; deep learning; signal pro-

cessing; pulse transit time; multimodal fusion
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Fig. 1 Relationship between blood volume change and light absorption reflection fluctuation
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Fig. 2 Overall flowchart of rPPG signal preprocessing
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245 ROLZM 81 Z AR R 3 iR BUS #1545, )
TR B 25 (B 4019 A Rl R s (5 e L . IR~ 2] T 1%
LA ity 38) 9 5 20T b 27 > I 23 EAIE , F ) 0T
SR X SR G BEINNBE , 7R S R PR BT T R AL+ , (4K
R ISR EE R

UEAESR BT 5 U PR 9 F3d I A o e
(Un2& T SNR B9l 25 ROTIEFE 23k 58 SO Il
i) FE— L3R T TR IBCE R . RRBEFOR IR R R
AL A E R TR B IBHESE | LU W A% 2l st A1 S

%2 BEIrPPGESREAE

Table 2 Common rPPG signal extraction methods
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SCHR By R RF=HE s A AN
Vekruysse s o bl _ ROI N JIr 1 1% E AL = _ 1<
& )\ 2008 FETE D RETH o Cr= 5 2.C
T A C Pl P
Vekruysse e PRETITRCE s X R g L 3414 20°
) 2008 TR ) R T = zwicl.[
t zu)i
= = iy i 7
Poh%EA 2010  HLRSHES 1CA gggﬁ% SRR S=W-[RGCBT
g‘fﬂdowsm 2011 BHEAE PCA ii?? RGNS T E S =PCA,([RGBT)
X, =3R - 26
De Haan - ) {5 2 il iz Yg=15R+ G- 1.5B
iy ]
R 2013 AR CHROM Py g X a,
U'(Ys)
5 SUPTI, B 2] 5 Bk 4 F 1 1E G-B
WangZF N 2017 (A4 POS o S= i BoR
=] (5} {5} N S 1 w
BobbiaZs A 2018 iﬁf ﬁﬁf i/f RAF /5 7 S=5" >
- o BERKAEII T B A R A = 2PuC,
BobbiaZE A 2019 FzJRMEZRANAT " o C, EP
A2 H
wEh oo v IR g S = CNN(ROI,,,)
SQI.-C,
DuanE A 2023 3 i HIA ROTEE  FET SQI/SNR hiAs ik 2 SQL
uan e L L 2 0
= f(SNR,)
- TR s B AR EE K o = Auention(C)
Qian % A 2023 WL FEH gy S = zai,tc,_[
. F X8 ZIXKEIRL A4 B I EAE 5 . K
‘s S = .S,
LSFA 202 S TIPS 20w
PO E I 32 A AN 2
Sansan % 55k 5 XTk]= ;
Cmean A 2025 FUBSHHT A 4f B e P R k] 2Jx e
) e A2 1 \ XS =R-G
Barhate &6 A 2025« A fR CHROM ?{g ﬁfég{ fi e Yi=R+G-2B
Jilcgryia S =X, - aY,
QPPG = XI’P(}W()vKl’I’PG = XY,I’PGWK7
Vowe = XpmW'
B _— LINE ABRPICH X, ¥ r
Roha A 2025 FERIBLE jj% . ﬁiicﬁ KooV mme) = soft max ( LereKimre

/i

MHCA(Q ppg-K yppaV oo ) = Concat(head,.....head, )W’

TE:C, 9 ROT A (R AE ¢ 20 1 B (58 T P40 s V 9 ROT AR R BB C,, 05 i AMRRAE ¢ 20 14 (58 T {500, 2R
MR R R (v, ) W5 i DMRRBVAAR s (2,0 y, ) ROTHLLARAR s o S T ARZ BOAREE 22 5 S BRI Ik b5 55 PCA, ()
&EEY%~IBE§%E"J?%%1’E;[R, G, B]" Jy RGB =i

55 B B ) i 5 WOk A ST A o BT SR A B4 23 B R 5 X A YA CHROM A%
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BUZFE, AARNE, ERPRAN, T8, T, KEB
IEFESE AR IC B AE A I E T B R AR LR i

. o(X;
I 50 = T
AR BB CNN () 4 BUZE I 25 I RRAE SR BCGR B ROL,,, A AL AR B ROT G 500, R 55 kA~ ROT ARl 5 A R 5
S, N5 kA ROLEZIUAE 5 KA ROLEE G o, , N5 i MEEAE « B 2R B IR s X [k ASAE S 5o [ n | WEHE UGS 7
B350 M BT 5 X RN Y G CHROM AR A (4 (555 R .G B AT SR AL 4 B = IE (R 5(H s X e W PPG AR SHFE X
SRR PPGAT T HEE s X o M INTHEE PPG AT SAFAE s WO WS WY 53021 B B A TR AE RS 5 Q o NS WVHEIE 5 K MEEHH
W 5 Vs B 5 At () R VETE SRR, R B ) 0 AR 48 15 5 soft max (+) VA — AL FE B0 pR B0 MHCA () SR 223k 38 U7 1 R 8
head, N5 iR T3 W5 s TR 13k BBGE 5 Concat () N PRHEREAE s WO b AU AR

i s 208 T S| B DS R B = == AR A2

~

NBREZE FUAEL; o () AR IEZE PR SP, NS m SRR XHG N, WS m ER RN IR RSB M

-

—

(a) ALK RERES ORETERENEE (c) BT HUR K BRERROIH

(VerkruyseeZs, 2008) 4040 FROIKREEES (Zhang%s, 2017)
(Imai%, 2025)
-
L

PUR

(o) IRAERB. AR () FFR 2 I 25 4 ) AR RERS (ORISR
FFEXS BEIIROI (Pirzada%, 2022)  ROILEAKLTEEROI
(W.Xing%, 2024) (Egorov&, 2025) (Yang%%, 2025)

'@

)

() EEWH. ARFA () FAGoogle Mediapipeld () CNN S DIibHL & ARK, B MKy
S B SR TR B A5TRI TR L B JEE. BTFRBEANROL

(Barhate4, 2025) (Dasari%s, 2025) (Ponmani&, 2025)

(k) EFHALAALA () BB REBANER, (M) FIFMediapipe IRBI3IAMEEFRO MR LXK 2

For s X 35 HFAKLTEEE, BIELR. 5k (Kim%&, 2021)

(FavillaZs, 2019) B & ek 3 =7 2
(Song%E, 2022)

((a) using the forehead region to extract signals (Verkruysse etal ,2008) ;(b) setting a 4040 pixel ROI covering the entire
face to extract signals (Imai et al ,2025) ;(c) template—based ROI tracking algorithm (Zhang etal ,2017) ;(d) selection of left
cheek, right cheek and chin regions (w. Xing et al ,2024) ;(e) ROI selection using neural network (Egorov et al ,2025) ;(f)

selection of the region with the best signal-to—noise ratio (Pirzada et al ,2022) ; (g) selection of cheek region as ROI and track-
ing using KLT (Yang et al ,2025) ;(h) selection of forehead, left cheek and right cheek regions (Barhate et al ,2025) ;(i) rec-
ognition and tracking of forehead and palm regions using Google Mediapipe (Dasari et al ,2025) ;(j) face detection using CNN
combined with Dlib, with eyes, eyebrows, nose and mouth as ROIs (Ponmani et al ,2025) ; (k) forehead and cheek based on
pupil positioning (Favilla et al ,2019) ;(1)dividing the whole face into small patches, tracking with KLT, and selecting the
optimal patch based on illumination, light variation and signal-to—noise ratio (Song et al, 2022) ;(m) using Mediapipe to
identify 31 facial ROI candidate regions (Kim et al ;2021))
K3 ROIEHUR E
Fig.3 Schematic diagram of ROI selection
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i B T b 2 s s B2 i B 5 T3
RO A% AR B ik IX . shaSBR IR 5 22 XSl £ ]
SEIIE N iz g T B oE I R R R . BT
S5 B AL T 1R A LT SNR BEAR X A 5 R
L ET—E G S K, 2B . R ik
Al B A flA 2 ROUE BT A 38 b JH A, 3R 2
F AT Rz ARRE T B AR K S bR v E £ . ROL
PEHUERRTE AR PP AS S i, KRR IRRE
R ROT 455 A B3 325 LA %o & 2% vy FH 5%
2.2 55X

1 TR AR R AR 5205 3K, oPPG {5 540 5 &% 3
iz 8P O IRAR AL S U 45k AR R T
{55 LW rPPG AR B ) SRR Y 8 B AR HE Al
i U8 U BSS . £ B 1538 41 f# (empirical mode decom-
position, EMD) K H AR A& | DL K /)N 2 A8 # (wavelet
transform, WT),

A 3 D8 PR R LA B 2R vk i R R A
AR PR DY A8 A 5 38 2 I 0 ) S B S 40
(Qin %, 2022). JEIE AR A 280 B R
FIBT 4L, Butterworth 1§ I #5 PR G SF- 2 ) 388 27 0 1o 45
Iz R o W AR BRI F 145 0.5 - 8 Hz.0. 7
~5Hz.0.75-8.0 Hz . 719 0. 7 - 3.0 Hz, Zeng
S5 N (2025 ) fif FH U Bty 38 8 B 2% (1 - 4 Hz) A ilAI%
AL RS s Huang 25 N (2017) R F A7 R bk e o 1o 5 i
PRI AR (0. 75 - 3 Hz) 35 DKk Jot o o 4 388 0 g
PO AN SRS AR AR AR 5 S R S LA ] 4y
BRI IKRE 2 st P AR AN T . 32 s i 5 ik
P50 S, JU AR B AR LG AT 35 160 - 180
bpm (X B FEA 29 2. 7 - 3. 0 Hz) B, 00 SR ILH0 2 23T
BN EESR (1 - 5 Hz) , a7 S5 8 I o AR
BT E

BSS BB IAE 5 F 24 Ge it Al S IR AR 5 4k
PEVR A 1M, 3 o AR HL A 52 R i ST PR A5 5 (Lin
Ml De Haan, 2014), ICA J&F BSS, i e KL Ge 1T
b7 PR 53 B L DK 4y, TE AR SRR iR (A AR 2 Bl
Y FHERE T FE. Poh % A (2011) 554 1CA 1 H
T rPPG $2 H, §iF B HAE 32 sl i P 5 1w i A 3
PCA j# i) 1F 52 AR 4 AH OCAR T i 40 R eV EANAHOC 32
BAY T AL B R AE R4 5 Lewandowska 55 A
(2012)%5 PCA ¥ JH F rPPG HE B, 75 ARG IE F1H53 5
FE T ICA. BSS EE T Ge it sr v n Rz 7E i
17 RN e 5 A 1| R A e o R B 7 3 2 |

SST A9 0 8 UL PR3 8 5 o ik 5 [
I LR e P 1 i B o B RO N R LAk,
BSS 3 4K i 22 3 18 A, 7 5 G 3 5 b ]
ZBR o

EMD J2& — R &cdla B sl iy 3 35 R 3o B 7%
W A5 4% SRy FR IR 53 il Ry — FR AR ZS R
(intrinsic mode function, IMF) (Lu 4§, 2020) , %43
BN A o AP o O fifp DR 2R 45 )T, T
HKET K TSR 57fi# (ensemble empirical
mode decomposition, EEMD) 28 /3 #4525 /7 it (varia-
tional mode decomposition, VMD) Fl5¢ 446 il £ oA
3 43 % (complex complete ensemble empirical mode
decomposition  with  adaptive noise,  Complex
CEEMDAN) % Bt J5 i (Fang %, 2024 Jiang %,
2023; Ma %5, 2025) . EEMD 3@ szt 7% il i 397 11 Wt 7
I 22 I3 i P 4 i B 25 TR & (Fang 25, 2024) ¢
VMD H4A5 5 73 i R 2 5 5 v L A3 3 MAT BRAY 58
FIR) Y T SSAR S R B, PTG AR 5 A B R H Iy
fifp , TEAL BRAE P ARG 7 L TAL GEUB I A% . Yang
A N(2025) K B VMD A AT 2K L BRIEE B8 1155
&4 bR AN 0.1534 #2 FF & 0.4022, Complex
CEEMDAN & & 70 S 2% ARZAE AR PR F 5 5 Ma
S5 N (2025 ) ) FH H 08 7845 5 70 A 42 00 Bk A G
IMF, i AR 2 5 Al b e SE i R Y o AR1, EMD
LT AT B S 2R By, e S B A 7
TRl BB | ALEIR s IMF £ N T 28, B 1 H
1E AL RGN .

WTREAF 5 23 itk SRy AN [ 950 23 0 ) RUBE #1443
i, TEPR B Rl A B[R] ek A BEAE S F2 4 (Leonardis
55, 2025) o R/ R KA T B AL B el e
PTG L BRI RS 5 CBERRIE . Cheng 58 A
(2025) #£ rPPG-LUH ft#ls 5 >k FH Db8 /v il K BRAIK
AR T 5 Chen 45 (2024) 45 H 22/ IN A8 e n] H T Ik
iz fhs . WT AL T 2300 19 2 RUE 51 fE
TEARFRAELR A AR B 5 7 T E A SRR 34

{55 2 M S S BB A T 5 A ot P00 19
KHEL IR AHTE IR ICA (EMD S HAR M BF5E
AW AL MR AR DU X A R 5 19 52 Z 1 s
P, 5 2 AR (R KL g7 S A A
G54 LR HE S AR fuh T I B  K i
2.2.1 sEthAm

B S PR H A2I# A 8 A 212 8 (I
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BRITAE, AARIE, BRPAZS, EBHE, EBE, AR
IEFESE AR IC B AE A I E T B R AR LR i

Sk ERERE ) TR, S BUR K X O R A, T
rPPG AR5 o MDA  BFGE 8 TF & 1 R 5 B
VL Bas S AR BOR (3R 39128 T iz g Oh 52 40
Jitko

G 5 R B 2 e R0 O RS2 B R ROIL, #b
ELs s RN R, B R E S 5iE8 Tk
(Fan %, 2020) . AR SE B 7=, W] 43 Ry TRAAE |
BET DU TR B o M Y BRI BE TR Y
PR B V2 3 e A ) O B R E R AIE LA 1T ROT A
o, U0 KLT 53538 1 BRESFAR 5 W] € ROT, A
T bR BRER 5 Zaza 55 N (2025) F| H] MediaPipe 5E
PRSI A bR BRI . BE T DX R B Bk R
EERF € X 38, U Minimum Output Sum of Squared
Error 5375 78 3k ¥ B 357 07 11 6 ML AR E (Wuerich 55,

2022) ; Viola-Jones 575 U & FH T 0 4f A6 A6 ) o
Lo BETIRBE 2 2 10 BRI S0 A R B o 22 I 45 3
PR AR ) NG B AR g 7 s, & N 1% A
Fiito

& SAMER R ER S BXT rPPG A5 S AT E
A 53 R T I O H R B IR B A ) 7
o I N I8 O 3 ek 2 2 A R AR B A R A Kal-
man &I #5455 18 SRR 5 I AE Al T IR AR
2. Bl ERHARGS Sz TIEg
FRPE 10 22 S AT 0 85 i ICA ¥R G 15 5 ol h
ST R A 2 bR 12 35 (De Haan 25, 2014) . WRJE
2 2 T3 130 3 v ) i < DA MR UL 1) A PR Y
WS, 41 DeepPhys 14 & J1 ML 27 2] 25 ] HE J )
iillig 2h T4 (Chen 4§, 2025).

R3 EHFMETELE

Table 3 Summary of motion artifact suppression methods

o Jrk Jrikde &Ik

AN B Sk

PREE BT RHMERR
Bk ARG aPipe HEZL
BRER T DR
ERFS RERES

e

ok ImEE Siamese 4%

B8 TR
Az %
izg) T ESL

5 e ; ICA \PCA
FhE BT

B TR
6 ot . DeepPhys .2D-CNN
ME S Sk CopTIYS

KLT(Kanade-Lucas—Tomasi)& 1 Medi-

Minimum Output Sum of Squared Error

(MOSSE )72 . Viola—Jones 5.

FI 35 IV U Kalman I8P 4%

I L% B A o R A A, 38 0 R X
B 5 FE 3% 22 i P Y 32 3k A6 1 ROT A
%, (4852 ROT X 3,

BR R S i — A O, 18 0 e /M TR
Z2 8T Haar—like RRAE R E (LIRS H
Fr X3

IR BE 1 22 9 28 A 227 2] AR IARAE  Pllugfelder

Zaza 5 N\
(2025)

Wuerich &5
A(2022)

FoR TEE 2 TSI R R (2018)
OSSR R kIR 5
Qb ) 5, AR 35 B0 1 L B A T U éém
JERM A IR R A

LI EIR ROB (5 S AP PISEf)
Wfs 5, T BVP {55 558 3h e fE 4 i%x)

THRE LR 22 S T

i 391) Sy 2 ~J D5 MR U0 38 v A LA 5
(42 % WSt 56 22 R 32 B A AR ASE AL Chen 28 A
VAR TE R AL sl o 23 g ks (2025)
M ROL,

A5 T a8 s D52 I SR 25 57 o 5 El I
PRS2 A A SR L Al R i MediaPipe
TS AR BRI A BSS #R BT 5555 0 2 Bl i 7 5
Hh S B AFON T E {E P B B T ST SBE IR 2l , 7T 245 5 AR
BRER AN A IS IR . s sh g iRt is
BN PR AR, SRR S A s Bl AR
PR BE 5 ) T H6 A7 BREZ AL B A%, 3 5 )
BhAam i MIZLE s A 2 B P i iz )

PR sZ AN BEATI T B TF , AR Ok By & Je 22 B vk A A il
A MRS ARG iz sh AL DL 5 vPPG W I Y
Bk
2.2.2 R4 HGRE BT

PR 206 R0 6 P Ak B2 +PPG T I 7
A SCEEPR R, B AT B AR AT S 1 T R R 2k
D B HER I . e S i H R T 2
Fh 79 (Uhrina 25, 2024)
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PR R 4 7 BRI 5= AL 5E B AT T, KR
Wl DA o, DA AR AL i o % GE U 4
vk (40 H. 264 .H. 265 VP9 MJPEG) LA % AR A
Gy B TS B R, X R EUPPG {5 5 76 4
b AR AT R R Rk R A R R R L N
LGN, T E P E (S 5 i (Seepers %, 2017)
R, Wang 55 A (2025) £ 5 T % '15H X 1PPG {5 5
BETH A8 e 47 5 1% , 38 3 5B 40 B RO 4t EL R
TR AL RS BOMEE A BT R 518 sh b
360 (1 7 T, R A0 4 2 R ST 19 1/60 T PR R
G5 . Zhao %5 A (2018) 55 4R R T 1K 45 A
9 rPPG K PR EUESE | R 5 22 HUE 5 F Y
AARFIEBEE T 3o BLAL, Zhou % A (2025) 42 Hi 7E
2 7%32 B b 50T P A R it 1 46 DL AE BVP 42
WU B o F5E 2 BH | AN [RIA0AT Gt A5 21 R b AR 238 4 o
SREMEXT rPPG A5 5 0 i (1) RS WA AE 35 25 57 e Bh 3
Y5 N H. 265 gafi%il H E S A Y5 TR E BVPAE
SOLT H. 264, TCHUE A AE R B BVP {55 i 77 THI
A4

FEHRAR AL 2 vPPC {55 i TR E 2R Z
—o BROGTT R R A RGO, I 2 T R Y
S A3 AR S 5 5506 T 5 S IR (AR, G LT
K BKEE S D g i % . I RS R FH 2
K MAR 56 1E 53 Bt | I 50 R0 €8, 2 ] AR 40 S5
ARINTCARE XS o Xi 48 A (2022) 482 H 7 38 T hnAedl &
52 5% 40 1Y 1PPG k5 S 52 U i 7EIOEIR
ZMF R A AR EUPPG ik 5 5 . 26 AHALR
AN ) K 6 2 0 1 IR TR B AS TR) 9 R A AR AR [)
TR A8 2 00 A7 B, DA T 8 3 X ' B AR fry g
BLAL , W 5% 35 R S A 186 7 ADSUFR AN [ 38 38 1] 1)
HE S (Zeng 55, 2025) . FE T Retinex # it 19 4]
Q3G R AT RLRE R 531 Ry UG 3 43 i PO B o,
M 43 B8 B Bk 1 2018 R S5 5 SOt IR B . X3 %F
A (2020) i — 250 P45 18 5 B2 R R TR O IR
rPPG U, 3630F T HAL BE X 5 5 o A ke A T
TE B (0,25 6] A8 4 7 1, POS 44092538 1K RGB 43 B 1%
52 B SR e A R 60 25 R 1E S8 B 1L A R BR
BE AR LA R 5 Ae E 1 (Kossack 55, 2021) .

LRI L R R AR R A A AE
ICU %552 Z BB v B9 A RUHEAT 75 i — 20 ik o ICU
s D H R R A IR (H ORI R &Rk A 5
), HoO ik 28 B RN 5 5 o sF 1] A Ak BRI AY B s

(1) A2 48 77 12 M LAAT Rl o g A, R S T e
AL A B HRORE | M0 bl B A SRR, X
L6 P AN U I ROTAY 58 Bk , i T RE ST AR S
FRBE THT B R  BTR IX — R, 225038 iR (455
ILZLAME) BT sGE A FDEIR A& AF R 5= B, H
T ZE AN B R S 5 H) 3t 4 1k S B AR
HE At I 0 AR o RO T AE T L R IR R IO
BEF R B A E RS PR IR T 58, DTS I LS I PR ER 55
R/

AT 25 F1 O BB R xPPG S P 1 FH 8
A RBER L lad rPPG S (] R 40 75 3% | REAE
PRAEAE BRA 5 i O AT 1 A 3 R (I AR 5% 5 45
28NN NEINE S LN R R s 3 N |
AT PPG A5 SR AL IR T BT, R
KMFTORFAREE O TIPS R AL R BB T,
PAHES] rPPG HATE B2y 7 AR AR T )32 18

3 IMERENAENG SHFIERK

I R R e LIRS A O AR PR S R, BT
rPPG 1 A 422 ik XA 1388 3k 40 M AT e A Ik e 0t A
fiE, ST 5 MR B R o AT DK AL % i)
[E] PO I8 T R AR AR R = A R o 3R LA P
il SHOR AR
3.1 REREERESNEXR

Jhk 48 % 4% 5 B3 [8] (pulse transit time, PTT) 5 [fl
JE2Z2 A A7 Py BRI A BOCHR (Lu 55, 2020) . PTT#g
[Fi] — Lo 2y JE 1A v AR A PR A AN [ Sl kA7 [ 7y 4%
F& F 7] (6] P& ( Dasari %5, 2025) . BF5E R, PTT 51l
JEAEAR I 3 Bl P 22 M 67 R G, A 15 IR 3
N & JE 28 P ¢ & (Callaghan 55, 1984; Pruett 55 |
1988).

H i, PTT I 38 5 R PR 77k : ECG 45 PPG
F54 A (K da), LR SGH AL PPG 15 5 45 & (A
4b) o H—Fp ol ECG 1Y R K IE(E 5] PPG

5 R R AIE A5 22 R B B[R] JE AR TR PTT, A2 i i
SR FH I 5 73 o EAK B S i [A) SR R fhk
P 2 I ] (pulse arrival time, PAT) , £ 5 5 1L Al
] (pre-ejection period, PEP) 1 PTT F 73 (Wu 55,
2022) ; PEP $5 /0> 5 HL 00T 28 S0 o B 1ML A9 8 T AiE R
S B PEP 16 I 36k G0 L E R 2 Ak, 55 — RO ik
FOAH R BVE B RSN [R] 5B A7 (Can %9k F1 -2 )
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BRITAE, AARIE, BRPAZS, EBHE, EBE, AR
IEFESE AR IC B AE A I E T B R AR LR i

LM % vPPG {55, I 4 FL A [B] 4E 3R 138 PTT., 1)
U1, Wuerich 25 (2021) ] JH RGB AH ML %1 3k 1 T2

R

n \/\ PPG

—

PTT

(a) ECG5 PPGIES (b) B FRFIN & H A PPCAE 5

FEWCPPG AR5 A S P [ S B 1 i s 750

—

PTT

((a)ECG and PPG signals; (b)Two PPG signals at different positions on the body )
K4 PTT UL

Fig. 4 PTT measurement instruction diagram

PTT 5 1ML B e 5 O 2 52 1l A8 BE 950 2 285 4
o B ARG Kl 3 R o A A AL TR 1 A
B T e, PTT OO I Hs A8 A0 A R B e PRIt , o
T PTT Y ML Al A8 L5 R 28I T, 7 247
O LA S5 25 T AT R PRHURR R T e T ™ A R ek
AR 22 . X WMARE T 0] 250 ePPG i R AS THF
FEAEAE AR AR th R R AT, A0TE 24 5 B 5%
W BRI S5 i R A iz AL BE ) 1 % T R

JAE PTT 5 M AFTEGRAH O  (H il TN A A=
WSR2 LT PTT R/ MR R . 1
Hb, B Bl 2 U A 5K T3 TS AR RS | E S
rPPG A5 5 Bt , FECPTT I 2 . ARG £
PORRE S SR, A e S AR A ) I R Al TSR
3.2 MKMEREEMGETE

Jhk 48 )% 3% B (pulse wave velocity , PWV) J2& fif 1
Sl AR E B2 7 F A A, 5 I A2 9 AH M (Dasari
A5 2025) . Moens-Korteweg 77 #2 (Moens, 1878;
Korteweg, 1878) i I Zh JKEAEFLEE 5 PWV (14 B
KA (D PR

[ER
PWV = oD (1)

Horb E SR I A A CO RS o (AR 2% 1M A BE A 3P ) L h
IS BE IR p O V% D O IS AR . Ho
E 51 ERER =2 PR,

E = E,e™ (2)
Horr B, R sh KR A 2R SR B BT, o S 8L, BP 2R
I Hs o (D A (2) B AT 3(3)

aBP
pwy = | e (3)
pD

PWV 2 F 7 DK 4 s Ji R A% 435 1) 3 B, B o
FI I PTT A1 A A7 & 19 3 Bk K BE 22 L (Ding #
Zhang, 2019; Kim il Kim, 2019) , H: 3¢ & F /R W=k

(4)ffr7s

L
PWV = BT (4)

He X (3) FI(4) BRAL, T4 BP 7R E &, A
KPR,

2
sz—%lnPTﬂ L nPLD

o Eh

T2 59 FhE A8 s TR R, PTT i
U 25 R Bk 6 A K B A T 2w LA A, X R A
R0 v 1 A P ) 5 ) I AR TS . AR R
G T B — PTT Rk B A 1 B () P BT 1) Sy
B, % il B N SR B AR M L B Ak
) 5 BB SR I 2 S HLE8 2= S B, Db
A (AR ) AL 5 235 4 55 M ) 25 S o B A R A B ) [T
AR M, &R Z A0 ROT ) PTT B A Al Jr
T A A 22 B AR T A ) o AR B — [ AR ) 1R 2 o
M FEAG A T3, DA d 35 3 T PWV Al B E 4T
A )L K A JhE SR Tl RN rh B Ef M S5
HaiwR
3.3 $FEREVAE

FE I W0 R E R BRCS 7E A 2% e A Y R
A B S TP R T Ak 5 R S A SR 1 R

) (5)
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S PRSI 3 A 4 A R U, DT i A s A
BN AR S HERf M . IR S BT R AE S Oy 12

A3 D I R BUCRRAE A 2R AR DL R R JEE
FHIE

RAAESREL
Wi
Pk R
® N
Bt S AE ﬁéiﬂa‘l\ﬂ; pos i
kg E
r &35 (0.04-0.15HZ) Lgn
| %3‘5@1‘4’%#%%@531@ Tﬁﬂjﬁiﬁii
S BN /\’\ IR G A & = )
L 4l (0.15-0.4HZ)
Iy AR FRASIE ZRIZ BRI EIES AR
A L A A . I
— LUV EI:}
UNVNVVNVY B A ST #3KE (DBP)
o T
T YT :
JRLREIIE S EEEEERE I
2 LE::’»;M
%%ﬁ%m |
TRBE 2 S HFAE 3D-CNN LSTM Transformer

K5 HRAEREO R A

Fig.5 Schematic diagram of feature extraction methods

I IARFAE 1542 A rPPG A5 I 1] 32 8] 4 J, 2
75 DA /AL O 238 B SR Ipt T AR L 4, T A ik A
W0 EAPE ST S HEIE . BRFER W] FE R I 2%
fF7F , SBP #1 DBP Al il i rPPG U (B 5 4 {B i %
(Fleischhauer 5§, 2022) ;0> F&AR L 52 WA &7 5K WIS
T R AR 5K 55 DO 5 Ik gl i AR L D) 5 S A
BH #7 (total peripheral resistance , TPR)#H &, TPR F}
545 S5 SBP M DBP [ R} 17t

IR I T o R B I O£ T e e A
i A8 AR AL 55 KA (low frequency, LF) | 55 55 (high
frequency, HF) & LF/HF A . LF(0.04 - 0. 15 Hz)
2 P e S A 283 B, LR SR i T v A G
(Kim %5, 2021) 5 HF(0. 15 - 0. 4 Hz) 2 B &l 5
2815 3l s LE/HE (AN T3PAl 3 3200 2 P AR
X 1t T EL A R S

R LM REAE T 220 i AR B A5 5 v i 52 S sl
FRrE o W AR5 0 AR S REDLIE , 73 I 4R H
AR50 FARME S U 20 B, — 3 S RE S it
FRNMERAE B 1T AROCAE 2 (Ma 55, 2025)

TRIE A7 > R 3 3 v 39 s 0 24 11 4 BB iy
HRIN . —YEE T Z M 4 (three-dimensional con-

volutional neural network , 3D-CNN ) & | B} 53 4 AiE 42
HU(Niu %5, 2023) ; K& W02 9 2% (long short-term
memory, LSTM) A i £ 1< 3 I 8] 4 #6i (Kamanditya
4, 2024) ; Transformer [W 45 W 1) FH 7 25 7 AL i EE A
KRS 5 4 JRi {5 B (Arjomand %5, 2024)

VU FFIE A L5 < I AR AR 153 1T 5, (A
R B 00 R RS 5 AR AR 3 T a3 o0 #r (R
BARAF T B AR RHIE RE 20 &2 24 3 ) 2 (H T
STV R R s TR 2 ) R e B e PR i (L PR AR A 1 PR
il T S AR B RN . AT XA [F I K
SR 22 AR RRIESR WO 38, AL 45 P T 0 B A
D T I A i A AR G TR AT R R
FAIHOR

4 MEF/REFZE

ML FEAS 317 0K PPG KRR A e 5 Sy HAK
IfiL < AE (SBP H1 DBP) o AR 8 g 45 K8 %, w73k 12 4
B~ > 5 IR~ 2] RS « i MO R AR T
R, Gl R ] B AT SRR o 5 i 5 e s ) e )
SR IBCRFAIE , AT P2 52 A AR LR 20 AT M 2

© h[E KR KL AR
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VERER S SRR IR SR R A 6 A5 T T R G
P
4.1 BRENRFFIFTE

BLA 7 > J7 v el S e PR A5 AR A 3L vy 4B AR AE
E ML AG T B Tz o AT B AR DL 2 A
(Carbonell 55, 1983) Kl /L& K (random forest, RF)
(Qiao, 2025) .XGBoost (Jordan F1 Mitchell, 2015) Fll
LightGBM (Septian 4§ , 2025) WAL AL #8272 >
o Horp, Sk [ AR 2548 {7 5. FT A B3R 5 R
2o 4 AR 22 R R SR A BTG FUL 5 XU 5 XGBoost il
LightGBM 1 86 $R THHE 2R, eI 2R3 AU A
& RIS .

DAEGE IR T 1%

AR 48 11 3 7 AR T 20 B MR A BIURR NI AS 2 5
L o SR IR BCRRAE S MR R R R R
T e/ MEIR ZE LB HE . Zeng 55 N (2025) F H]
Z UMV HE ST B A LIRS 23060 PTT KX 2%
K PTT FRAE 1 W5 SBP I DBP 1 °F- 34 4 % 5% 2%
(mean absolute error, MAE) 43 %) & 7.65+7.48
mmHg 1 6. 31+5. 58 mmHg. Jain 55 A (2016) 45 &
PPG I AR IEZEAT IR F5U , SBP Fl DBP Y MAE 43
8 3.9 mmHg #13. 7 mmHg. &4 7] )4 &7 58 H. AT
R BN R 5 A IR S 1 O Rl R AR, Bl
28 PR IR ME DL $E &2 24 A FRAZ K (Van 1 Bamford,,
2023).

S ) ] 1 (support vector regression, SVR)
i L TR LT T AR 3 L AT 55, BB A AR IR 4R
PEICF o BT E LI R AR 3T, SVR A SBP Al
DBP () MAE 435 47 6. 90+6. 39 mmHg 1 6. 30+5. 86
mmHg. Liu %% A (2017) D\ MIMIC %4 42 b $2 5 14
A Z B 8 PPG RFAE, R JH SVR #E4T il AL 3 o
SVR TEALFR/NREAS | i AE I Iy T 2 A DR (E X4
RN P R R, LT A 1 AR A IS A 32 B, ZE
Ui I AR 0 B3R B PRI ARG Inl A 07 v B iE &
VBN 2 AR B PE REJEME (Liu 55, 2023)

2) BEHLARAK

BERLARBRE 1 A 22 BR U SR I 255 5 LTI 45
T DAHZ /5 MERA P RN 2 7% o Thambiraj 55 A (2020)
FEIL A3 SRR AL S R AL AR 2% 2 5 2% BEHLAR AR 25
G FFE PR U RAE BE , SBP H1 DBP (1) MAE 4351l
479. 54 mmHg f15. 48 mmHg. Slapnicar 5% A (2024)
R F B — 05 22 SURAIE A BEL AR MR ASE Y, SBP 1 DBP

) MAE 4351 4 3. 59 mmHg 1 2. 63 mmHg. FfHLZR
AR BE 12 A2b B 2 4 BOHE R ITAG R A B M (B AR I 25
BAEAS B 5 KA UA
3)  XGBoost

XGBoost A& —Fi 5L T8 $2 THIE QR 1 =i 2T 9
YRR R G0, i BTN SR AR PSR, AR BT A
2 ) H— BRI 5R 22, B 2 BN A AR 1 T 45 5
Yang 55 A (2025) fifi FH XGBoost #4 £ Ifil. s [7] = 455 750 |
SBP il DBP () MAE 435I A 4. 8893+6. 6237 mmHg Al
4. 0805+5. 5821 mmHg, ik F| 3¢ [¥ B J7 #45% P 25 b
W, I3 E = 52 A 2Pl . XGBoost BB H
SPPAL FEAE B I 5 1 A E WAL ML B k1T 35
AR AT S5 I L AT M 7 5 R
4) LightGBM

LightGBM J2& & T ISR (1) 6 B 4 FHHEZR | SR
B R A SR s A DI ol B IR RS A7 5
Gonzalez 55 A (2023 ) 7 0 1] AF 4= A IR A T AL
fveE ) FEUEMNA P &, LightGBM 7E I ZR3CR A2
AERE I 7 TR ILGE Y | 35 5 A RO FASE A

B2 ) 7 ik SR A B AR 2 800l A 2 A il
FIRE 7T, 7 A4 ok 3o e A T v e B LR R A T
HERRPE RIS . AR T — 20 A e s 2 4
PRI Ab S AR W S BR R , LA S B BEORE ff v]
SE 0 A Ak Xt W
4.2 REFIFE

TR )y i il 2 )2 AR LR PE 45 H 22 2 K
JE s 5000 ) 0 {1 52 A A, B AR =T o
“hy ity ) s P 245 S5 TR A AR RS . T 6 AT HLAR
2 o) SR B2 2] i W i Al TR AR
4.2.1 i3 o P9 4%

iy 58] i X 4% 3 R 4 AT 0T 1 Sk i A L B
M EAE, Jo 52 = a) A0 BR kT TARAE R R, AT
ATk T B A S BRI B T A kK 2R
AL O ATE T A 2 I B 2SRRI AR C A
RN T AT S

PhysNet & Yu 25 A (2019) 42 H 09 & 4 F T i
T Y B cPPG AE 5 1 3 B R 4% . 1B IR
H T =R 2R AR IR . JEF 3D-CNN (1) PhysNet3D | i
FIF 5] 2t AL 48 - 78 B 24 0 3D-CNIN, A K% 45 45 A B Aol
25 W 2% (recurrent neural network, RNN) A9 — 4k #: fH
28 N 2% (two-dimensional convolution neural net-

work, 2D-CNN) ., H:#1 PhysNet3D ] 3D-CNN JZ 2
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Fig. 6 Flowchat of blood pressure estimation based on traditional machine learning and deep learning

DeepPhys & Chen 1 McDuff (2018 ) 42 H 119 3 2]
Vi 45 AR 2 7 W 2% (convolutional attention network ,
CAN) , [RVRE S B T ) Lo R A THAE 55 o I 25 R XL
53 SCHERE AP 53 SCAL BRIE AR I, 328 3 43 STAL R 2%
fr B IR 145 HIL 51 5 0 4 O 1 B R IXC
s, DLz s O 52 07 46 98 A BRAE 5 i it o Deep-
Phys LIARHEAL PPG AT Ry B 155 2E A7 1 25 o

T RAER AR AR I Al TR (H I
)i~ > HE RN 23 FRAE AR ICRE ) oy S S 5 S 4L
THEENEOREEG S TR RER b, AF5E PR
R Transformer Z2M 75 vPPG IfiL AL A A W, il o
HR A S [R]FIR (] 2 R, B i i T A
5500 B A AH G A B 2 X8, S 3 8 g 14 1
B30T . Arjomand %5 A (2024) #2 4 T Transfo-
Rhythm HEZE , 2 F Transformer ) 22 3k 13 2 1AL ,
ELFE PPG A5 5 R AR B ds e B R M G 2R 5 AH
WLPE, SEBLTEAh A LA . Shao % A (2025) £ i
T Ui B G AT Transformer f 8 | 38 13 42 Jmy T4 AEEE

T 53 S5 I E WO AR S 2ER o G RN &
e Mg T SEMAE R Y «PPC A S B, IR UE T
AR i A AR B S EAG T LA R . Ak, Li 4
A (2026) £ 1 19 ACFA HEZE mf  FE B T xLSTM 5
Transformer [ & 2444 , 7€ PPG-BP £ 4 F IS T
SBP [ MAE & 2.21 mmHg., DBP ) MAE & 3. 48
mmHg P RE , #F— 2 B0 UE T Transformer 2244 7£ I
FEAS TS5 Hh i 3 I -
4.2.2 IRAEES ZHSHME

TR EE 27 2 1R A IR0 i il 22 JRRRAE 5 544 )
Z5IEH o IR B — B AR B AR 1) R PR M . RRIE RS
S HAZODITT, BT AN [FR IR A R R 5 N S
Fom , VAR T MU PERE . UL 3R A 5 FRAE PF
F2 OMBCRAN S B Rl - PR B RRAE ) 5 H
I 5 AR G 2 ] 2 ) B B 5 VE R T il E 3
AU A RFIE ) T ZEAE .

Bk A JZ Rl G Ah AR R SR 2 AR
Fang %5 A (2024) 4E i CNN | X Ji] K 5 B 2 12 ) 2%
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(bidirectional long short-term memory, BiLSTM) l]’]
PEVE I BT (gated recurrent unit, GRU) ¥ 21 & M
KAt 1T I o Chen 55 A (2025) 48 i rU-Net 5 2 R
R SE e S A LD N N I NS e (T e N =
Wk 22 3k R ) WS i s {H . Hwang #l Lee
(2024) $2 HH B B AE 42 DRP-Net 5 BBP-Net, 7 # 2
WPPGAR 5, Ja 5 73 Fr I 18] 2 53 5 Rl 15 1o P A
ittt

ARG TR 7 2] 07 BAE R AG T b #Y
FH o T BRIE 2 2 L Ml Al b B 2 0k e L (]
AT AT i 22 R o TR AT ) B A BR ) A
e A BE Il R DR SR TR A O 5 58 A2 )L 8 AR S HAE AR
Y I AE B A N 2 S Rl AR R A X
B S NHE R A TR BEAS 2, il P A I T SR
W o AN AL T T 2K AR R ST R
T AR RORIASE S R BBl 4, A R Sl FL A B AT g ek 5
R BB S B OB, Bl 2 RS A A T SR
W , 4t 3l vPPG 72 5 MR G5 A A5 s DU AH A= L
AR L BN o
4.2.3  YILFn

TR 27 > RS 5 5 i 3 0 5 451 2K v iR
T ENARFIE % 25 >, S [R] P s AR R A 2 2] T fa)
ZALRE T RSO3

P 2 BRSPS 0l A ) e 22
SRR AR B F bR o F ] ek B IR 7 iR %
(mean squared error, MSE) \MAE X 21 & #5 J< sR %L
MSE fIt ARG (H0 S (B AHURS s MAE X 5 (R BE .
G EYE (AR BRI AR X & % . Parashiva 55 A
(2023) % i MSE VIl 2 LSTM $E47 Il JE A 11 5 Jiang %5
A (2023) DA MAE 4L Transformer P 2% ; Chen %5 A
(2025) 4545 17t Pearson A OC F 805 bR 2 43 A 1 2K 42
Tt PhysFormer‘@ﬁEO

TE DAL AR E TS AE 0 R oS AN 24 SRR A A5
TS IRE B b 5 o TR kAL 4% L1/L2 IR
1k . Dropout B 54, Hou % A (2025) K ] L2 1F 1
1B (Z%10.04) Fil Dropout ( FFHER0.2); Arjomand &
A (2024) 1E TransfoRhythm T fii FH Dropout (EFZR
470.15) ; Fang 55 A (2024)7E 181 )2 A Dropout (%
FEEN0.3) . Maf5A(2025) 45 Hi L2 1E A58 1o %
T RA 5 A S e i, WP IR B W 28 0y i A
B s e i R T HZ ALRE T

PR 2 2= BB UR PN WL BN S € M RT3

AR RS EREA BR Y oPPG LA HHAE 55, A%
PEMG B[] 8, Cheng 55 A\ (2025 ) F| FH PPG & i £ s
£ W G bR B E PPG {5 5 5 Omer 25 A
(2024) ¥ — 4k PPG {5 5 45 o — 4k BIAZ, A 0
SR BRI TR Y7 AL BE J) 5 Chen 55 A (2025 )3 i 734
TR 2 P A5 448 5 A 105 7 A AT 55, 3kt A
R RER S

25 L TIR RS AN TR pR AL is P E AR AR
S8 2O I R R GRS B €7y 7N Saahe a7 WL i
A EEPRER 32 TErPPG I AG A5 50 i i 1 1 5
ZAEETT .
4.3 REZIVSEZAEHNRBESEE

A X vPPG A 422 ik =X iR A T R A S
SRS ITENMIL S BT B g . RSIDE TIRE
2 3 7 5 A% G2 )5 ¥R AE fPPG LR AL T A B S
FHHXTH

W7 fros 3 5 4R TR B 2% 2] J7 I 7E oPPG il
FEATFRIRGE s G o b 3 BT 3T T A e
25 AR LML, JETR N T T FEA BB |
o e A AR Mg s R O R AR K 55 5 2 M 7
T, A A 2R s T 5
AN WSS AN [ AR S5 3085 . BRI, 207 1R
R o SO R TR AR s AR R B 4 IR e, K
2PN o) S B AL fLRR 11 25 . bAk IR
2p ) SRUIE A T TRAR Y B = AT R PR T
FLAE AT A5 BE I RS R i I

JUE TR 2% 2 D7 ik U B 5 e AL 58 ik A
S AR B IH 5 1E S 0y ik
(InZEPE1H (SVR) 3 T B B2 B, ISR 1
AR RS , FE /MR AS FTGE IR 32 B 3 5 T T 3k 2 )
PG s (H AR N TRRIE B3, FER ELYE DL 42 i
AR LB, Xz B iR Ot RRAR L S k(LR
UUE S TIECH R, HERE S TR

g5 b URBEE A 2 i DL A B REAE A ) BE I AE T
AR EAL 4E ik , (0 B o T iRt A
e ity (B T0UI BB S AD TG 4T o ARS8 I A AT 375
5 /INEEA AR PRy ARSI ARSI Rl W
g, T R IRA B, JE R AT A e N T8 B H AR 3
SRR P8 2 > A R T AU 3 M
4.4 AREFEREREXTLE

rPPG I AR T EL A 16 BR 5 7 1], T B
RGeS SRR FE 2k, KoM T
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AR J5 35 A8 2 A4 Bl 5 L%k SBP M DBP #IN 1 MAE KAnifE 22 (standard deviation, SD) o
x4 REFIFEEMLEGTHEEA
Table 4 ~ Application of deep learning method in blood pressure estimation
SCHk P 24 EAENTIE S G 4 & S MR W E
HE ST iPPG 5 cPPG {5 5 1t

Bousefsal 3 U-Net wse  VEER pyy U, B AE W 1R K PPG By
A(2021) £ e
A
luchi % A Efzviein T T 8 Ik A s ) 4% 4%
(2022) ResNet,CBAM MSE P PWA A B S LR
Wu ZE A Morph-II, A E N S SR R
" ResNet MSE RS PIT vPPG Il JE A 1 3 1
(2022) N
1E B
A _— M3 vPPG {5 5 B 30
Lin fm;; _ HuSE. ﬁﬁf*ﬁ PIT 3 50 T B 4T B
Tz ALRE
e % 17 0 5 PJE I 90 300 A 78 -
Xing %% A ResNet50,ResNet18, MAE H @5 PWA A T 25 ROT 2 5 %6 3l
(2023) GoogleNet,VGG16 £ £
T RE 1Y 521
Joung %5 A _ ~ . SR 22K Y S R
2023) 1D-CNN,MLP,FCL VitalDB  PWA feit
Xception,DenseNet121,
VGG16, TR AU T HLEAZ Sk i
Hamoud %% Resnet50V2, MSE V4V, [ i PWA A7 MEAS B AT 471, Heds
A(2023)  Inception V3,EfficientNet, Bk £ T CNN Kz LSTM 22 #4 1
FCL, 58
LSTM
PPG,
. . . Dynamic, L% £ Ff CNN J2 LSTM %2
Wu fozé; Multitask ca(s;(jf;e CNN, Info- _ TVGH. PWA g5 T LI 1L A v
EREviein Pk fE
%
\ . AR AT ok 1 5 0o g ok
Cheng 5 \ ID-CNN,BiGRU cce THEREE gy A5 2R DA Tl A
(2023) S ,
TR
38 3 DRP-Net M T #1055
B S AN P rPPG
H:anéozf)] BBP-Net 1241\}4\ ;EE MM\S]E;HR’ PTT (=% A PTT, IF454 VPG
° FIAPG FEURFE , 2 BBP-
Netfii i1 SBP il DBP
o ResNet101,VGG16,AlexNet, MIMIC II, %?%% E(J 2? @1%“3 bpe/
Omer % A DenseNet MSE HEHIE PWA tPPG {5 R 2 52
(2024) MobﬂeN/e; s DML IATIEREF 2T,
W5 B34k 11 SBP A DBP
T ECC MPPGIE S,
PEIU F STET S J2 A1
Chen % A . et AR, & rU-Net 5 £
(2025) rUnet,BiGRU MSE PulseDB  PTT S A S G

1B [8] U5 ) 45 43 5 Al 1T SBP
F1DBP,
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FasiF
ik o) £4% WgcmE  HdEsE MR8 5 H W
I T L PPG, R
Mohammadi CNN-BiLSTM- i 2 1 4L
Bil.STM MSE MIMIC-II PWA
2 ) (2025) CNN,BilS S cbPw SR 2 AT | F T
i1 SBP #1 DBP
Roha % A R>,RMSE, PTTPGG, I B PPG KR 1L 5 £
ona (2025) ResNet, (HCA MAEME,  Cabrini, PWA kX X EE A AW
SD MIMIC-II ResNet=50 Ifil Ak 11HESE
" T T 1PPG R IR FE 2 )
% 7 AR D ) \ \
Zaza (;)22; MTTS—-CAN,LSTM ;&i;% H 1%;&%}?5 PWA F T A% o 125 8 1 PR AR - T
- [ PR A B A 1% R G
, I DL 3 R B 2 2 Ak 3
Akamatsu MSPM, F 7 . e
- i 130 AS 7 B e
2 1 (2026) U-FaceBP NLL e PWA iifmji i e M DL 5 S
PN 2l ]
Rohe i AttentiveConvRegNet, PTTPGG, Jo T BEWERY PTT- 1R FE 22 2]
YO 4 (2026) ConvolutionalPoolingRegNet, MSE Cabrini,  PTT FELR SRR N BE kG nT
Hee NeuralRegressionNet MINIC-II 3 SBP A1 DBP A1t
Hong 4§ A . . I F PPG I 5 sdPPG U 3 T PPG ¥ 2% > Al IfL )&
MLP Encode 2 Y VitalDB i e e \ R
(2026) CNN,ResNet,Encoder 3234 HARE g R ST 40 ATV S 42K
LeE AL Ge L g o TR 4R
Naskinova MIMIC-TIT P L R T SR S 4L
. " .
5 \(2026) ResNet,Transformer MSE Waveform L TR [ 4 Wy 7 TE A Ul 4 T A5 o
M fE
MIMICIT PR ACFA S BT R A 1R
Li % A DyCASNet,xLSTM, Trans- MAE Wavef et g ] S HESR ST ER IR
(2026) former,FKAN P;Vg_(’]:;’ i Al 0 5 TG A o W
18 T T S I R 8
Fe T X b 2 ) R 43 S7
Son F1 Choi Encoder,Decoder, Trans- Sy g G 1 TChR 2R 1PPG AT
3 1]y ) e
(2026) former RMSE . VV.Vav il ) 3] ST BN T A

f L AG T

1 :DL, TREE2=2] s BNN, DU 24 CNN, BT 2% RNN, fEIR ML RZ ; CGAN, AR O M 45 s LSTM, i

T2 s PWA , BKHEE 7347 s PTT, BRI AL HIRT H] ;s CBAM, B RUEUE B MLP, £ 284 FCL, 23%E4H:)2;BiGRU, W
] PR IR BTG s CCE, 432538 XU ; DRP-Net, XGZEFEG HLIRFRA i 2% ; BBP-Net, 5 Il (2% s STFT, 7 Aisf {8 L I 72 46 ;

Bil.STM , R[] KA HTIZ M4 sMHCA , 223638 XIE 75 )1 s MTTS=CAN, 24T 45 I [ 7 10 75 J1 2% ; DyCASNet, )25 18 8%

U P 2% s xLSTM , 7 JE K A 1042 M 4% s FKAN , 453 Kolmogorov Arnold %% s MAE, F-I94a %1% 2% ; MSE, Y7715 2% ; RMSE,
P75 MR 22 s MAPE , 946565 13 43 Heis 22 s NLL, G B BIAR s R2, JesE BRAG MSPM, 2 i 2B BRI s TVGH, &b KR EERT ;
VV, Vital Video; VPG, s EEIAFIREIC T APG, s B RF U IE .

mmHg. 5477 , Haddad %5 A (2022) fifi

MR AT DA HY R 27 2 5 A I A
THE B LRARIL ARG 7k . Tiang 5 A (2023) 119

TRCCBP # #U7E [ £ %4 48 - SBP #1 DBP 1Y
MAE 43 5| 24 4. 73 mmHg #l 4. 49 mmHg; Zeng 55 A\
(2025) 454 ResNet 5 MS-CAM 7E 6 4 Z ik & B4
[ HUAS T SBP #1 DBP (1) MAE 47 5l 24 4. 86 mmHg
4. 42

Z gt £k P 91 5 (multiple linear regression, MLR) £
MIMIC-T % 4E A5 T SBP A DBP 1 MAE 4351 4y
6. 76 mmHg F15. 32 mmHg; 1Ml Gonzalez 55 A (2023)
fd J] SVR 7 Sensors £ 45 4 | SBP ) MAE ik 15. 60
mmHg, W] B8 5 B R FUAE B 32 i3 Z AN 2
Ak,

TR 24 2 J5 3 MAE 3l % 76 4 - 10 mmHg 22 7],

© vt [ 5 TR A R A7



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

x5 REZIFES5EEFEEPPG MERKITHHAESSEXLL

Table 5 Comparison of advantages and disadvantages between deep learning method and traditional method in rPPG blood

pressure estimation
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Fig. 7 Trends in the number of published articles on blood
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pressure estimation

(R RS2 1T 2 5 0008 o 5 i 5 A5 807 3k
R BT , 00 g JEE AR5 o it 55 AT

5 HiE&ESTMIERF

5.1 HiE&E

N FFRE SR 2 HESh PPG IR A AR &Y
DR IR, M AETE & M RE I S Tk LA R A
THARMEARTEAR - & . R 25T A AR 4,
DR SR 4 451 S5 PN A AR — |, X A S B8 S 0 B 7
PONRANR ST Yl R e Y R TR N
o 2R EARZE RS T AT L. £7
WEIR T rPPG I AR T ST B A T BUE S
5.2 TEEIERR

fF 55 N B3 3 SR FH MAE 34 5 AR 1% 22 (root

mean square error, RMSE) | JiZ /K #h AH ¢ 22 %0 (r) M
Bland-Altman & Ak Il 00 AERG 1 . 28 %26 T
w5

MAE F1 RMSE J2& fig 56 A 1) 1% 22 46 b5 : MAE 7R
A5 2 B - 2 266 Sk, RMSE X6 5 85 (i 5 A UK
Cheng 55 A\ (2025) TEIlh PR & 48 4 | 1A% SBP F1 DBP
i) MAE 43 %] 47 8. 721 mmHg #1 8. 653 mmHg; Ma %5
A (2025) ) CCNN-BP 5 % MAE & 4.79 mmHg,
RMSE 4 7. 13 mmHg.

B R b AR 56 2 B B TIN5 B SR A A
ORGSR R IT 1 R AR MR . Bland-Altman

V13 o 22 o 2 (0 55 4 1L B0 LAty 8 ]
Ty B — B A 95% I B s A5 K fE 2= E A
+1. 96 i b5 il 22 B Y, Al 3 AT R —
k.

6 BASRFKITME

6.1 ABERSANERAEEB

A PR 25 S 5 A AORE J2 BELAS xPPG it R A T I
PRI A% o Bk R o A P25 S S BRI AE DR
AR S bE R 022 S R AR BIORAS AR K A
AR O I S5 A R T S , B4 52 W) «PPG {5 5
55 IR A DRI 5 TR €0 B JER PR PR 8 3R B B 5, Wl
W2 s 8 st B ke F B BRI 5 T
7 (Seepers 55, 2017; Dasari 55, 2021) . Ib4h, MK
e EL I He 3t AR 2T S i AR A
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Table 6 Performance comparison of rPPG blood pressure estimation estimation methods

SBP
SBP DBP DBP
S i \ 3
Sk O ik Bt MAE SD(mmHg) MAE(mmHg) SD(mmHg)
(mmHg)
Ruiz—
Rodriguez 2013 ZFMRP/RLESHER  HEEIEEALN) 8.37 10.35 6.13 8.69
EIN
¢ B e 2 AT N
Zhang A o017 svmgm RAZRFEMEER ) o) 8.20 7.67 6.78
Feng iR
Hasanzadeh Y- w
5 ) 2020 ANN A UCIE 4R 8.22 10.38 4.58 5.53
Fan 28 A 2020 YyRRECspmim Vicar fll VideoBP 5054 8.42 8.81 12.34 7.01
A
i&‘ddad i 2022 MLR MIMIC I %% 6.76 8.51 5.32 6.92
HEEEG A,
Wuerich - 150 A~ H0 40 40 55 1F 1
N 2022 LRI . o w 5.50 4.52 3.73 2.86
EIN ERBAEE FE 1L 300175 10
FE AR AE B4R )
JiangZ£ A 2023 TRCCBP H AR AE (36 0) 473 5.52 4.49 5.25
LiuZE A 2023 KR AdaBoost CAS-BP % #jad: 2.31 9.57 1.33 6.43
SVR A Sensors Fifi 42 15.60 19.68 7.50 9.81
Gonzéles ResNet #7 UCTHd 4k 16.59 20.65 8.30 10.84
. 2023
E TN AdaBoost 57 BCG £ #i 4k 11.42 16.44 8.06 10.73
LightGBM £ % PPG-BP $ijn 4 13.06 16.65 8.16 10.30
Omer% A 2024 2D Resnet101 MIMIC-11 B4 7.05 8.03 5.62 6.01
Y A% 22, Vil
QiufE AN 2024 RSD-Net DL Tl R 3 R 7.05 8.03 5.62 6.01
Padk
> LT ResNet #1 MS-CAM . .
ImaiZE A 2025 2 T 25 24 A 50 AR E6 L ZIRE)  4.86 6.14 442 5.50
HF MS-PTTHI MW -
PIT f MLR 83 7.65 7.48 6.31 5.58
. FF MS-PTTFIMW-  H #EE ¥ 4 (40 & Wi 2k
7 2025 » 8.62 6.47 6.89 4.95
eng“F A PTT ) SVR A JLNICU)
HF MS-PTT A1 MW -
PITH) RFR AL 8.48 6.64 6.90 5.58
ffi /1 PPG 15 5 2 rPPG .
Cheng% 2025 o, PPG-LUH %4 8.72 - 8.65 -
eng A 5 BT R r HHRSR
ffi R A E S HEMN
CCNN-BP L FI—4E | N
3 ,f% Lty \/\
Ma %5\ 2025 #FH U-Net . fi] LSTM %%Iﬂk%%ﬁﬁ 491 6.97 4.17 5.41
1 Transformer Zi 5 5 fifi
ATES
Zaza® N 2025 LSTM #%) HEHIE SRS N) 9.20 11.30 8.60 9.10
— =T AN I % > :
Dasari 25 A 2025 V-BPE(f & A 1 8¢ i Face—Hand £{3 45 17.10 - 13.20 -

FEE)
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SBP
SBP DBP DBP
X 5y ¥ % MAE
kA Jiik: LS SD(mmHg) = MAE(mmHg)  SD(mmHg)
(mmHg)
B+ 22K R AL
XGBoost 171 P H A AR 4.89 6.62 4.08 5.58
Yang%{‘)\ 2025 LS CLES
Linear {57 9.46 14.39 7.42 10.48
SVM ##1 7.43 8.58 5.75 7.20
PTT PPG % ¥4 1.31 1.86 0.98 1.65
WA R Al A A .
Roh n MIMIC-11 2.12 3.79 1.14 2.15
YO a A 2026 #L il A MultiPatterns At
uce i - 3 $ St
HESR R e R =R 7.08 2.92 2.97
S5+ 1)
Naskinova - MIMIC-IIT Waveform %%
" 2026 XGBoost f&i % ) 7.32 11.60 - -
2N oot Y
MIMIC-IIT Waveform %% 73 11.60 ~ ~
LiZ A 2026 ACFA %l RS
PPG-BP %44 221 3.37 3.48 424
\ Vital Video 548 2.49 352 3.16 458
Son 1 Choi 2026 W4y R4 2efy
AARE S 11.61 - 6.59 -

T :SVM, LHFAEHL; ANN, A TAIZEMZ MLR, £ 704ME01H s TRCCBP, 3T 85 15 1 A 122 Al 2 25 i AR W0 A8 i #4526
SVR, Sz A% ; LightGBM , #2590 86 B $R T1HL s RSD—Net, 3 T8 Ik A ME B AT AL TE T R 44 s ResNet, 5% 2% 4% ; MS—
CAM, 22 ]RUBE M T8 7 2 S s MS-PTT, 3507 B I A% S A) s MW -PTT , £ I WAk 1% 50 18] s RFR, BEALARAR 1T 5
CCNN-BP, 315 fH 58 45 [ 18 Iy W 75 48 O 28 SRS 43 A Rl 2 IO 245 114 I W 3 s LSTM, KA IZ N 45 s V-BPE, 3% T
BUAT If A 1 s XCBoost, # S EE 1T+ ACFA, 38 N B A5 2844 ; CAS-BP, v ERF AR R s UCT, Jin R 2Rk
SCO LR 2 1B PR s BCG , R 2 ol PB4 s PPG-BP, SEHL AT IC AR AL s NICU, B4k JLHIE Wi g % s rPPG-
LUH, B DUsd KA e B B A B IO BR AR s VAV, BB B AE A A Bk B 4

F£7 rPPGMEM/MITAFHIEE
Table 7 Public datasets for rPPG—based blood pressure estimation
, . . Wik 439 FTHRfES EZ; .
\ N i =
ik R ik TGk (ps) % (B ) P Y
Rk Di3D &R & 1040 AIOL kG B TR A AT
MMSE-HR 2016 ﬁ?ﬁwjﬁ[l i, FLIR A655sc#h 25 x  OFEfFS MUERS J6 A BRESHEMEE R
. AR AR 1392 Wiz B
Sk MRS (arte- FRTORNE ST
MIMIC-1I/ 2010, ICU 4 9 4= FLAE ; , , rial blood pressure, Igi "'1';‘ i*ijﬁ”iéf
1 2016 51 RER ABP) .ECG 5% . oo ne U
PPG IS 5 BP MG
BB S o 1080 Il [k 15 5 (SBP/ . g
UbiHeart 2024 JASZB0IC AL & s ‘Phon;jg;‘j IR 50 % DBPL R f AR ﬂj\,?“ ﬁf{fﬁg;%m%%
T A S B . 1920 L FEFHI A8 o
=3 3
o 05 £ R LI 1oy I (SBE/ ﬁﬁg%ﬁfﬁg
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HORK (110U peosn ppopy | TVE BEKIEHR,
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PPGAIES LMESF 18 Al e i
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Table 8 Analysis of common evaluation indicators

LRIE LA fabna X PN SCik
S o o R TN R 22 P 2 1 \ ~ P .
2 (MAE) S MAE = o % zi:] ¥ — y,.‘ Cheng %5 A\ (2025); Bondarenko % A (2025)
] 15 ) - - ’ -~ 4 4
(;\ZE P Al TN R 22 O A v 22 RMSE = / % xS (y, = 7.) Zeng %5 N(2025); Ma % \(2025)

?gﬂfﬁ% fiif e ONE S5 B SEEH 2 r= 27:1(’% — )y - ) Liu %% A(2023); Wuerich %5 A (2022); Zeng 55 A\
(”r; D e iPN ) s S -0 - ) (2025); Leonardis (2025)

Bland- M B F A2 B REARAR. D ; Ji(i=120n)  Jang%K(2023); Qin %5 A(2023); Omer %5 A
Altman [l — B (2024); Sakib % A (2025)

ARy, - 5/7 (i=12,.n)

T en WREA BBy, S A REA I BB sy, RS i S REAR () B s, o585 i AV REAS I TT00 1 5 0 Sy O 00 P 5918 5 7 Ay B
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FRE AR BORZS 5 N O GE AR AR KR 2 R 1
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B B AL R PPC HASE ] H H W
1) BRI

537 507 A SRS RS 0 RS AL 5 PR B e
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A 0T WG-S5 AT LT A AN ] B2 JDR TR B 3 U L, DA
HsgoG IR E . AN 5 (B B 1ICU 5 52
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6.3 BHZITEEILEEEXK
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Uity 32 5 Vit I 2 it — RRHY (Zhang 55, 2026) - IKE
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ARG Ml 2 N T % BE (artificial intelligence, AT)
TR, LANEGS AR B2 S SRR HE 2 AL RE ) S S
PESEPRAL

FI 27 2 DR B T v AR AR A B
Yk, %% 2] tPPGAF 5 I N TEAFAE , A 5 5245 4K
PR o 38 BT s R MRS B A 55 L
RUR[ 2 ) B OE IR G5 8l k0558 e B R R Y
R 7, M $2 T 15 3% 5638 % BE J1 (Chen 55,
2024) .
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