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Multi-channel linear fusion model for remote photoplethysmography signal

Li Yangjie He Xingyan Fu Changhong Hong Hong

(School of Electronic and Optical Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract : Conventional remote photoplethysmography (rPPG) methods suffer from limited robustness in complex scenarios, while deep
learning approaches often involve high computational cost and poor interpretability. To address these issues, a lightweight solution that
integrates the advantages of machine learning and linear modeling is developed. The proposed method first partitions the facial region into
multiple regions of interest (ROI) to extract multi-channel ( RGB) temporal signals, followed by correlation-based filtering to achieve
temporal alignment between video signals and reference pulse signals. A lightweight network is then employed to learn the optimal linear
fusion weights across channels, and pulse signal reconstruction is performed under joint constraints in both the time and frequency
domains. In this process, the model preserves the interpretability of traditional linear combination methods while introducing a data-
driven weight learning mechanism, enabling adaptive fusion of multi-channel signals. Finally, high-resolution spectral analysis and
ridge-based time-frequency tracking are applied for heart rate estimation and dynamic tracking. Experimental results on multiple public
datasets, including VitalVideo, MMPD, UBFC-Phys, iBVP, and PhyRec, demonstrate consistent performance across different
scenarios. On the VitalVideo dataset, the proposed method achieves a signal-to-noise ratio (SNR) of 6. 15 dB and a mean absolute error
(MAE) of 1.45 min"'. On the PhyRec dataset, the MAE reaches 0. 29 min~'. In the overall evaluation, the method achieves an MAE
of 8.45 min™', a root mean square error (RMSE) of 10.43 min™", an SNR of —0.55 dB, and an accuracy (ACC) of 0.84. These
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results indicate that the proposed multi-channel linear fusion strategy improves signal reconstruction quality and heart rate estimation

stability while maintaining model interpretability. The method effectively balances interpretability and performance under complex

conditions,, making it suitable for non-contact physiological signal measurement.

Keywords : remote photoplethysmography extraction; multiple regions of interest; linear fusion network; time-frequency analysis; heart

rate tracking; signal alignment
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Flowchart of the remote photoplethysmography signal extraction method based on multi-channel signal fusion network

IR 18/
K2 R SF IR s 5 525 5 S
Fig.2 Strictly aligned remote photoplethysmographic

(rPPG) signal and reference signal

Pl 37 R TR 23 DR A /N = A DI, DT 34 B A
20 23 (B 5 R WA 3 7R . RS/ U TR IR
JEi RGB P HIM5 5, B 2= W] 22 505 L

9
1
|

3 TR /N DX R B IR

Fig.3 Schematic diagram of small facial regions

LR, A T 83 == 2 i S 45 F) A — 2505 vl ok Y e
PR R B 0 /N DR A7 ] DL PR i i A =



57

TR KA AR5 2200 3 2 P Rl i A Y =27 -

S DI AR Sk B AR BE (I ST P B T DL IX 38, A1
S R G T A2 SRR 5 [N, AR R DX Sl 1) -5 WL £ 7 1) )
e Af SRR A B A DI, DAV Hy S S s i ok
FOMERAS MR LU A5 5 (BB w/4) o O e 25 21 1A 4
B

PSS
DL R B

EAE SR

2 vk

K4 Pl sk
Fig.4 Two-step filtering method

FERLIERE b A 3RS AT — 805 SRR A X 83 4
HE ENKIBES s.(1) 52%E5 s, (1) BN

UBFCI ECG-Fitness

MMPD

HATGA T
Xos (1) —u(s (1)) s, (1) —p(s(1))

P ) Y ey ©
Kb w WIE; o IbnifERE . H—RbBERR TORR X
Sl ) O {2 S A 2 T, 1 5 A G 1 R BR B A% L S i i 4%
I A5 i,

GitaREN AR XIBRES R e rELEER,
A Sk 5 0080 X el A e A e T AR R | 3 AR X )
Zis ) T, FET %A R s AR AR BLAS 5 e bk
AL /N XA T 5 96 8 i T HA AR MY ROT,

e, AR ROT B TS M AR RE B2 [ i 5t
R FY AL 7 0 ] — DX 9 B R AE e AT L, A AR
EESMAE XK, &2 ¥R 554 17 4~ ROL, If 5
F (1) HEA XA RGB ¥IEG S s5,(1) , (ENGEEZE
WE AR A . RIERE S iR, %RIGLE
PRAEZS 0] 53 BEA 0 R B, A3 3808 T T 5 A5 5 A5 e tb
55k,

1.3 ZEEESHEMNE

1) PHEELERE g i,

FI Xt 2 ROT 23818 (5 5 Rl A i 12 A% 58 5 i [
FE P R MELLIE I AR 22 st R AR ), AR SCH H —
P m AL MRS W 4% ( multi-channel fusion, MCF) . 1%
J7 kR0 BAR IR BB I TR EE N 45 A i rPPG (5,
T ) R B 3K 2y 202 2 2B (5 5 1 S 4 vl &
AUE , TR CRFFIRE Y AT i REPE 1 AT 2 T 4 THE 5 B i

UBFC2 iBVP

PhyRecorder

!;'

K5 SR Al AR A ) S 5 1) fre 8 AR

Fig.5 Final effect of the mask convex hull algorithm in different datasets
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Fig. 6 Hierarchy of the linear signal fusion network
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J71k DIS | POS DL F IR JE 27 2] J5 7% DeepPhys #4752
¥, UIFSRMIETE K 20 s, K 10 s, REEM RN
30 Hz (S ECRE T IHE, R 14l T &Ik
AR AR F R PERES

R1 AXFE(MCF) 5RAREEETHIREE LBRE

Table 1 Comparison of performance between the proposed method (MCF) and existing methods on various datasets
VitalVideo MMPD UBFC-Phys iBVP PhyRec
SNR MAE SNR MAE SNR MAE SNR MAE SNR MAE
DIS -3.15 2.69 =7.24 15.96 -8.35 21.49 -5.15 4.75 -4.52 5.27
POS 4.12 1.43 -7.43 16. 30 -7.01 21.00 -3.54 4.50 7.30 0.52
DeepPhys 1.95 2.42 -9.73 19.54 -9.93 20. 04 -3.97 4.35 1. 67 2.62
MCF 6. 15 1.45 —6. 80 15.93 -5.57 18. 61 -2.37 4.04 4.19 0.29
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MR 1A LIE ), MCF 78 280806 4 3 Ue T &
AL 25 5. 7E VitalVideo 3044 I, MCF 7E SNR
1 MAE BTS00 X o i, R A & 2437 5
NHEATE A E 5K RE S, 7E MMPD &5 UBFC-Phys
FATREDI TN EHEE T, MCF [FIFER B AR
FE BIRZEIKF R TR B 2 2 7 IR AE o st rh g vk
REl s, A B AF I & 1 . 75 MMPD dli 58 I, A3
A MCF 73 BUE T 15.93 min™' AY MAE, B AL T
DIS J5 %4 15. 96 min™' (HFF 22054/, XF o, 4Bk
HRTREAETEPI T TR, B %6, MMPD Bl 2 A B B oA
1 BE (R 2R TR TSR DB IR A 32 sh 20 I
RAEVEE , T AT SAIL AR B T 7™ IR Pk AR, 76201
LARB BN ZOE A 150 BV 2 5 T 2tk filt
AL TR S PR Rt W] g Ha I AR G T vk M Re
R, FEEE ML — PR, R, — AR Z R 5
AR X FF R Ak 2 0Tz, MCF 783 R TEA, () 2
IRIMAHIE REGAE] 0.50, 3% & T DIS HikA) 0.35, 31X
FH MCF T80 9 155 5 I I8 5 0 S Jkcbli O LA o8 o 1 —
ek, SR, MMPD a8 T RRAE7E B8 &R 21 IR 4R
PR R GEAE | 1 AR SCH TR 00 58 T4 Jm) BAH O ) 46
PR B0 555 1%, AT RE TGV AE X S s A A b 58 B AL IE
bR 5155 ML KRR NI #E 5 T MCF 7238 I
o P BRI E MAE $845_ L A4 THAN 8
%o AN MCF 7R 8088 5 LARSR IS T A X L
ITEE R AL MAE 1 SNR 455 8630F 7 Hofe &2 20 15+
TR E Rz AR

£ iBVP 5 PhyRec ¥t4li4E I, MCF 7ELRFHAL MAE
B [ S T AR A = 1Y SNR, B HAE A [l 5 i
ZAME N IR AT AP DK gy, AR, MCF
FEZA B L R SR In 44, (R B R A 85 37 5
ZAkRETT .

2L E T AR LS G bR LAy R I,
AR ZE RS MCF £ MAE .RMSE \PCC LA f ACC %
KRR S T mRZ45 8, MCF ) MAE W 8. 45,
RMSE A 10. 43 MBI TAE 58 )% DIS YA Wl k38, 78
{55 i 71, MCF ) SNR 35 %]-0. 55 dB, 5 POS J7i%
Y, [F BT DeepPhys,

x2 ANFEEUEFEEREER LA
Table 2 Comparison of various indicators between the

proposed method and existing methods

MAE  RMSE  SNR PCC  ACC(A5 min™")

DIS 9.18 11.71 -5.46 0.35 0.76
POS  8.61  10.86 -2.27 0.4 0.79
DeepPhys 9.24 12.83 -6.57 0.23 0. 65
MCF 8.45 10. 43 -0.55 0.50 0. 84

FERBRAIEHET T, MCF 1) PCC 3551 0,50, %7

TR, X 25 R8T SR B (55 X 557 R s
(L177) , IZORMBES A S/ NI E S 53 % F 52
] B ) O A%, TSR TR — Bk . M2 T, AR X
HEAT B[] X 5 A0 B Ay T AR AR AR RIS

AN, FEHER K45 HR ACC(5 min™') |-, MCF ik %
0. 84 , 2 B HAE I 2 Bt 5] BE PN Rl A% 52 B0 4 o o fy FL
FERORMT, L85 KF MCF 7515 53 HE 5.0 R4
FIRE BE Z RIS T R4 AP

L5 LR, SR A AR B T ) 2l 1A 2 R A
TrEAEARERE 52 s T EA R E kS
ALRE S, I g A R AR AT iR R S B Ok Bl
P BB R RE T % AR SRR A IRl B SEEL T
Ko} 76 R AR £ 04 v o o T A S MR A O T

3 & it

AR XS S 2 5 T IR RN 5 2 s 3 Tk
SRR B TR, 42 T — Tl B T 22 SO R X
M2 IE RN E R STk . T IR AR PR R AT AT figp
PERIHTER T, 5 AR IR S AL 27 > Sl 5 AR, S
T ZEIE(R T A & ROIAL R

FEITEBETT b, F doaf o 3 T A SC O I Ta) X 5% 5K
WA RAHER TG 5 5 2 R E 5 Z a H R 5
FERT; HR , 3T Delaunay =M H 4 S5 A A HE L
ROI o #2812 [lfE B AHACR 555 —2hk 7 it
SLAth L, B ARl S R 2% SR 22 1 5 1Y
FRER & focJ , 255 o 23 R IR o M -5 I AU 2 B
DI S T RE O RAG T 5 3 AR ER

TEZA AT RE A L) S U 45 R R W], BT d i 7 ik
TEL AR BE (MAE (RMSE) {55 JF i (SNR) L2 E
—Hk (PCC) FEdabr LAY T HA 524 ST RPERE, M
BTG SR EE 5 2] J5 1%, MCF 7EA [R50 2R3
AR E R PERE , LA A7 iz 3 T4 5Ot AR b i 2
FIRGE R B A A B R S AR RE T

g b AR SO VR i Rl e AR A B UK B o
AP TE PR IET TR TR B [ I, SEE B 1 X
TR KA AR5 1) g o ek o A, Sy T i 5 A LA 5 0
PR T — R R H AT AR RO R
(1] BNZE, Bilhe, BT, 45 BT 0P M i I Y
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