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Abstract . Remote photoplethysmography (rPPG) , as a contactless heart rate measurement technique, has been widely applied in health
monitoring, affective computing, and driving safety. Existing supervised tPPG methods rely heavily on ground truth physiological signal
labels, yet such reference labels are difficult to acquire and costly to annotate, which limits their practical deployment. To address this
issue, this paper proposes a self-supervised learning method that integrates masked autoencoder (MAE) with contrastive learning (CL) ,
termed PhysCMAE, to enable accurate video-based heart rate measurement when only limited reference physiological signal labels are
available. First, multi-scale spatiotemporal maps are constructed from the temporal variations of pixel values in facial skin regions of
interest. Next, an asymmetric encoder-decoder architecture based on a Vision Transformer is designed to perform masked autoencoder
pretraining on the multi-scale spatiotemporal maps, thereby learning fine-grained physiological feature representations. Then, in the later
stage of pretraining, a contrastive learning module is introduced, and a frequency-domain contrastive strategy is adopted to enhance the
instance discriminability of physiological features. Finally, an rPPG prediction head is added, and the pretrained encoder is finetuned to

map video physiological features to high-precision blood volume pulse (BVP) signals and perform heart rate estimation. In within-dataset
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experiments on two public datasets, UBFC-RPPG and PURE, the proposed method achieves mean absolute errors of 0. 71 bpm and 0. 59

bpm, respectively. In cross-dataset experiments, the mean absolute errors are 3. 80 bpm and 4. 88 bpm, representing error reductions of

about 68.0% and 15.2%, respectively, compared with baseline methods. In cross-dataset experiments on the self-collected BSIPL-

RPPG dataset, the mean absolute errors are 3. 96 bpm and 6. 69 bpm, respectively, achieving the second-best results among existing

supervised learning methods. Experimental results demonstrate that, compared with existing self-supervised learning approaches,

PhysCMAE can achieve higher heart rate estimation accuracy and stronger cross-dataset generalization under conditions of scarce

physiological signal labels, providing an effective technical solution for the practical application of video-based rPPG technology.

Keywords : remote photoplethysmography; heart rate detection; self-supervised ; masked autoencoders; contrastive learning
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ViT 19 i A B3R, A SCH 58 3 MSTMap %Il 3 0 #5 T 4>
MSTMap F F Bt , BA~F B BEIRE N 224 X R 224
WP B B 28 T [D B A T e A BRI R A Bl e, AR S
TN GREE IEAT T B &R 43, oI EdE o8 T 5 5
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Table 1 Intra-dataset comparison results of HR
—— ik UBFC-RPPG PURE
MeanAE (min™") RMSE(min™") R MeanAE (min™") RMSE (min™") R
GREEN 12. 85 22.99 0. 47 5.36 11.11 0. 69
e CHROM!?'] 2.80 7. 64 0. 80 10.28 21.29 0.24
pOs! 2.39 8.15 0.78 4.47 13.30 0. 64
omIT!?’ 10. 30 22.39 0.35 2.34 7.05 0.88
DeepPhys! > 3. 64 12.36 0. 69 1.20 4.83 0.94
PhysNet!*'] 0. 67 2.49 0.98 0. 81 2.92 0.98
PulseGAN!%] 1.19 2.10 0.98 2.28 4.29 0.99
W] Dual-GAN?"] 0. 44 0. 67 0.99 0. 82 1.31 0.99
PhysFormer**/ 1.09 4.51 0.92 1.68 6.85 0.89
EfficientPhys!*! 1.27 7.50 0. 80 1.27 5.68 0.92
STCNet" ! 0.92 1.52 0. 99 0.27 0.44 0.99
Contrast-Phys+( 100% ) '’ 0.21 0. 80 0.99 0.48 0.98 0.99
Gidon2021"" 1.85 4.28 0.93 2.30 2.90 0.99
Contrast-Phys+(0%) !} 0. 64 1.00 0. 99 1.00 1.40 0.99
Yue20230'2) 0.58 0.94 0.99 1.23 2.01 0.99
W 2 5] gy Sinc ™! 0.59 1.83 0.99 0.61 1. 84 0.99
Zhang et al. 3% 1.88 2.54 0.98 1.70 2.38 0.99
rPPG-MAE! 0.75 1.58 0.99 1.41 5.14 0.93
MAE ( Baseline) '] 0.74 1.57 0.99 1.52 5.45 0.93
PhysCMAE 0.71 1.54 0.99 0. 59 1.35 1. 00

Xt UBFC-RPPG $#i54E , PhysCMAE [#) MeanAE 4
0.71 bpm, 5 rPPG-MAE F1 MAE ( Baseline ) #f [t 3] #f —
ARG TR 2 (AREARIR B AR A PR, 2553, 72U 25
AR 5N S AT B — B SRS TR E B 3 e s
WEIMEE T  MAE A5 B4R T8 4027 > B 0
RAGTT B A FERAE | I 5 LK EE 27 2 J5 5 SR il i sl
PR E R, T 248 A2, PhysCMAE 7£ UBFC-RPPG
et LU TR 805 B 535 W r i m B g
T AR eI AR 4a X fe

*}F PURE B4 , 5 UBFC-RPPG 4t £ AH F , H:
A5 B S E B TR, R [FSh R Z5 1 iy e s
R 25 S, PRI IR B B A 6 A5 7 S e 7 R A 2 g S 1
EEVE, 7EiZ %58 % I, PhysCMAE £ MeanAE 4 0. 59
bpm, %% rPPG-MAE Fl MAE ( Baseline ) ¥ 8. 2 F (& H AL T

S A MBS 2 5 R o B Oy ik A AR SO R R R
Feby e T RE RS T A S5 I ) A BRI RS R 2 T 1 T
Yo, %45 R K PhysCMAE 18 i3 5 #4T 55 2% > MSTMap
PRI MR S ) 2 R AR [R5 £ By TSTMap 5 FRSTMap, #
— 25 PR 56 T 5 Ik L R G 0 A8 SR AR AR i R S
iz sh S HR AR A R 2 5 A5 R b 3 A RS REAE
JeH R AE PURE X 28 40 % £ Rz 3k 4 19 S i
PhysCMAE BEAS (51 1 7 £ 15 A BA5 B 4075 14 8] B, 42
fRr VAN T) A LIRS 1) X 40 BE 7, R I Bb ASUAR O 8 A
) MAE A {3

LAl PURE 4.0 340 A Y B R 35 0%
LR 40~80 bpm JEAL A #4100 ~ 140 bpm (1955 0%
B N2 S AT A B 0 R A A BT
—SEFREE N 2, PhysCMAE J8 3 % MSTMap #4745 %
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3.3 BHEEXR

1 VAL 5 AT )T M A SCHFE PURE | UBFC-
RPPG #il BSIPL-RPPG Z [a]i#E47 T B 5 A2t

5%, LA PURE E M Il 2R 8 K il UBFC-RPPG, 5
B4 Rk 2 B 7R, PhysCMAE ) MeanAE
3.80 bpm, i F rPPG-MAE # 10.55 bpm HI MAE
( Baseline ) 19 4. 48 bpm, ZEERF Y PhysCMAE i)
TR ZE P PURE LI G , 1557 RE A% 3 4 ks
JIreE R AR G 78 3 e S R ) UBFC-RPPG F, Ui W]
PhysCMAE £ Tl 25y Brifi i2f TSTMap Fl1 FRSTMap 124
weE ) o E v R A S, FeF Ui CL 7E
PhysCMAE H1 & # (1) VE I O AN J2 187 B A0 3G s R A 22 5
TR A WAV 52 2 I 200t v 2 2] s BT vk i A=
PHERRAE | DT 76 52 30 PR 45 B A 1 0 3 4 v A LR e A
PERE

% 2 7£ PURE _LillZ&# UBFC-RPPG
BHIRE ORI L LR ER
Table 2 Cross-dataset comparison results of HR while
training on PURE and testing on UBFC-RPPG

%3 7£ UBFC-RPPG _t1l%# PURE
BHEEOEN LKL ER
Table 3 Cross-dataset comparison results of HR while
training on UBFC-RPPG and testing on PURE

MeanAE RMSE
ik R

(min™") (min™")
DeepPhysDO] 1.60 7.59 0.91
PhysNet!?'] 3.99 12. 42 0.78
PhysFormerDz] 1.96 6.73 0.93
EfficientPhys! 1.89 8.18 0.90
Contrast—Phys[ 10] 10. 22 - 0.45
Sinc ! 6. 64 - 0.59
tPPG-MAEL '] 10. 55 19.92 0.57
MAE ( Baseline) -1 4.48 11.88 0.82
PhysCMAE 3.80 10. 05 0. 86

HK, VL UBFC-RPPG 1 R IRk i PURE, 5K
¥ 4% B % 3 A8, PhysCMAE fJ MeanAE W
4. 88 bpm, i F T rPPG-MAE % 15.01 bpm F1 MAE
(Baseline) 1) 15. 24 bpm, PURE %{#% 4 5 UBFC-RPPG
B A LA A G Sk S Sl R A 2 B D K
FBCHE > A 22 S, AR AE A X T W D
UBFC-RPPG L illZh, H15 B AE A0 & W) i Sk iz s FI i &2
ZME ALY PURE 3 35 X A5 78 g Xof M 75 =48 1)
REJI HIZALRE 3 TR R . X AR B 2 H A
1) MAE 105, I ZRB B2 30 AR AE T 25 5 52 I8 4,
PRIt A 00 3 A M S S X AR A S Pk R s B S R R T
PhysCMAE 3# i3 76 I 25 J5 1 51 AR L2 2] LA
2% 2] 8] MSTMap PN (%) 4IDRL A BEARRAE | i ifE — 25 2
2T S REA AT ) A 8, PR A T R A A A AR
FEBT ELAT BB E

MeanAE RMSE
Jrik R

(min™") (min™")
DeepPhys !>’ 7.08 18.50 0. 66
PhysNet!*!) 11.28 22.63 0.57
PhysFormer| 3} 12.96 23.49 0.39
EfficientPhys! > 5.79 6. 64 0.73
Conlrast-Phys[ 10] 19. 61 - 0.33
siNg!! 4.02 - 0.86
tPPG-MAEL'] 15.01 27.03 0. 44
MAE (Baseline) !'®! 15.24 26. 80 0.46
PhysCMAE 4.88 15.71 0.79

% 4 &Lk UBFC-RPPG FYIZ4ETE PURE L UL AT
5% B9 Bland-Altman &, %F B 2 3 AR SC A #2819
PhysCMAE J5 %, UL &% 5 MAE ( Baseline ) . rPPG-MAE #il
PhysFormer TR g5 8. 7F Bland-Altman E ¥, P
S M4 22 [] % ) o S e 1 S 5 L S 22 ()R 22 O b
TEZE RN TS 1) DN A b o7 5 D) A BT 30 DAL A X T
BEHM BRIR LT . 45 R F W, PhysCMAE 7 7E
5 RSCHE AE I 3R R T o A AT RE T LT a5 2 Y (E
s/, H 95% — S SRR A b B iy ik T 45
5ZHMEZE—SEE s g R 52 EHZ
(i) LA B /N 9 i B R B B Y IR 25 A A, R
PhysCMAE ANMYFEF-2 15 25 45 br b 540, M H 78 25 %5 4
TR BA B Al TR e YR A SR

%4 BSIPL-RPPG BHIEE O EILLLWLER
Table 4 Cross-dataset comparison results of HR
while testing on BSIPL-RPPG

IIFZEeS
BSIPL-RPPG
Irik MR AR RMSE
R

(min™") (min™")
o) UBFC  10.25 18.27 0.24
DeepPhys PURE 12. 11 20.20 0.16
. UBFC 3.05 7.42 0.83
PhysNet PURE 9.75 16. 02 0.34
. UBFC 5.09 10. 87 0.59
PhysFormer PURE  3.78 8. 86 0.76
—— UBFC 9.11 17.37 0.26
PURE 8. 82 17.05 0.29
S UBFC 4.70 11. 03 0.70
” PURE 8.85 15.75 0.29
VAE ( Baseline) 16 UBFC 4.28 10. 03 0.74
PURE  7.17 14. 66 0.45
PhysCMAE UBFC 3.96 953 0.76
PURE  6.69 14.51 0.51
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Fig. 4 The Bland-Altman figures of PURE cross-dataset experiments while training on UBFC-RPPG
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Fig. 5 The Bland-Altman figures of BSIPL-RPPG cross-dataset experiments while training on UBFC-RPPG
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Fig.7 Ablation study results of the staged training strategy
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Table 5 Fine-tuning experiment with limited labeled data

MeanAE RMSE

LTS ik L .
(min™") (min™")
U6 MAE ( Baseline) !¢/ 13.14 15.57 -0. 06
PhysCMAE 12.35 17.48 0.22
26 MAE (Baseline) "' 12. 87 16. 51 0.26
PhysCMAE 10. 67 16.43 0.33
36 MAE ( Baseline) "' 3.13 8. 42 0. 81
PhysCMAE 1.11 3.93 0. 96
e MAE (Baseline) -'! 1.93 5.80 0.91
PhysCMAE 0. 94 3.57 0.97
/6 MAE ( Baseline) ['¢] 1.39 5.11 0.93
PhysCMAE 0.83 3.10 0.98
/6 MAE (Baseline) !¢’ 1.30 4.72 0.94
PhysCMAE 0. 66 1.86 0.99
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