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Abstract : Remote photoplethysmography (rPPG) is a video-based and the non-contact heart rate (HR) detection technique that is
susceptible to motion noise due to weak amplitudes of blood volume pulse signal that carries, making it challenging to accurately detect
video-based HR values in motion scenarios. This article studies HR estimation based on a combination of chrominance ( CHROM )
signals and joint blind source separation (JBSS). On the one hand, CHROM is applied to each facial region of interest (ROI) and time-
delay operation is followed by constructing two multi-channel datasets, which can highlight quasi-periodic variables while suppressing
irregular motion noises. On the other hand, JBSS technique is applied to the generated two datasets to extract the common underlying
source component vectors (SCVs) , where the one indicating BVP signal is selected and the HR is measured. The proposed method is
evaluated on two public databases UBFC-RPPG and ECG-Fitness, and compared with several other typical methods. The results show

that the method achieves the best performance of HR estimation during the dramatic sport situation, with HR . =9.93 bpm, HR

mae rmse

16. 17 bpm and r=0.75. It provides a solution for the practical applications of the rPPG technology.
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A BEBHOT T IEAS AR 0 R (heart rate,
HR) VBN e 2 AR M S5z — 6 Hgh A7 e i B A o 22
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P AR 2ok R 1 450 B e i o Bk A LT 20 5 | 1) T 7
e IR IR el Ul B QI S| WA SE R o 27 B 2: = 3
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T rPPG #5747 1) 1L 25 12 Bk 3% ( blood volume pulse,
BVP) {55 IR {E W55 , 25 5 32 3 iz sh e s T4, R i it iz
SRR HBA — i M2 337 5, RG34
WPk, AR ZHR TAESU) THE M PPG iz 3
EErE, BB A S R R TRR R T
BB RET TR s URIETA
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OFAF BRI ARMEBEZS R AL JE AR (1Y Jr vk T S
5 R FAE AL 22 8] B 2 B8 A BE Y 28 1k 1 iz 3h 47
5 540 €6, 2% 45 78 ( chrominance model, CHROM ) ' 17
T 1E A2 B R S SR8 ( plane orthogonal to skin, POS) ',
Mz shiRE/N, AT LR K S E 5 0z sh g 15 5 A HAE
SEMLNEA AR IR R A B TR 435 (blind source
separation, BSS) IR T O FRRAE SR B, B B R
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Pl ST e S ( independent vector analysis, TVA) (14] 2
BN T RE A S IR P 2 ) BOR WA T vPPG th il
FETF A X PT M 4% ( generative adversarial network, GAN)
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A [T SR Az AR A R — 2D s (S H
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Fig. 1 Diagram of two facial ROIs
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Ho, win R A LS = [S),85)
S 1T JRIRARE, T FORFEE , IBSS REMS IR AN EUE
SEIRFLF A5 A9 SCVs, 55 1 4> SCV Sl 7 F HiAth SCV
RIREAL ), B SCV IS A B, IBSS & 763k
FRAAEEE W s (W) T LRORE R I
Ay = (wrh) e X 1A SeV AT R
yo=ly oy ey e ey Ry =
(W)™ x O IVA 1R JBSS ALy 3, H
Froe N M AEARESE RG] L AN ISz /9 SCV, I3 1 fe /)
At SCV Z IR EAR S 1, RSB, HAR B E XN .

L=1

= iH[yLJ - H[W) X (W) TXM ] =

> logldet((W") ™) |- ¢, (6)

Horr, HI -] FoRfi, ¢, BT H[ XY X -
XM R4 SCV 5 AR M e B HES , e & T
DA P HES ) i )

IVA SR AL RGP0 7 307 43 A #0040 A, 43 ik
IVA-L 1 IVA-G, K L2 4 2 1 b 8500 48 18] i —
AR S R BB B, SUAS SR T TVA-G
2.3 ILEITE

IBSS ZJa , WA EUE 4 vh Wk &2 s -5 D 3 3 250 [
[ SCVs, ¥ A Gt = 2 HES . i FRIAR ROT i AR
K AERIMEZ B0, HE B R  SE  , FRATT 328 R 45
ROI WS 9 SCVs 18 B BVP (55 ik, &t
SZEGWIN , 2545 BH 5238 3l P 3 A7 AE I, 45 40 ECG-Fitness
PRI 55 1 AHOCHY SCV iz shMers 7 325 i 2 #
KA SCV 3l 2 Hbs BVP {55, P R ROL KA
HHEF S 2 (19 SCV #i5E 8 BFS BVP {55 . ZJ5, R
CURRUR T I8 U0t 28 U I8 (DB V2R B A5 o 3 R AR
0.75~2.5 Hz) . R)5 , fi R 3 o L nh A5 46 ( fast Fourier
transform, FFT) T189% SCV B EW £, LA IO %R
{HH 60%f WK/ 435 (beat per minute, bpm) , ARFKH
B4 2 MU UBFC-RPPG ¥ M (1932 8l Dk 3 3 Rk
JE I, HLA2 s R EAH XS 34055 , b T 7 UBFC-RPPG %4
J&E 1 ARAARE B A0 0 R A, X JBSS $2HUAY T SCVs #E 47
FFT, IR0 (5 et fe K AY SCV % = 45086 72 S Fr
SRA FA, DT AR S e A0 R A

3 EREIE
3.1 HEENR

1) UBFC-RPPG %4l g . >R 4E 42 44 3230 1Y T A0
B9, EFAAIRZ 1 min, S (# FH Logitech €920 HD pro

AR RAE M55 KA N 30 FPS, 43R N 640%480,
AR G HE 4R 8 i RGB 4% :UARAF, LRSS EF S
i1 ContecMedical CMSS0E R 4E 1) PPG {55, SRFE R Ny
30 Hz,

2) ECG-Fitness %2 : f 204 /Mgt B 3= ORI ZH B, B
A1 min, 17 £323808 (RN 20~ 53 %) 54T 4 Fpis
B(UETE KA EE A AT RIEBL) SR PLEL 30 FPS,
1920x1 080 pixel PEATHAEE, H LI ELGHY YUV - {5 2%
A, R CCS FHRAYBLFER Vitom CheckMeTMPro J(HL
EUXFEEREE ECG 175, REEHH 125 Hz,

B A AR U A B B 1 B R 30 s, B LAY
W KRS N 5 s, UBFC-RPPG U g 277 4F 320 B
$diE , ECG-Fitness $idi FE 4L 332 Bridls
3.2 EMisER

K H T FE AR DAL O A I M ) 51y
AN 1R 2% HR,, (mean absolute error, MAE) , ¥ /7 AR 1% 2%
HR__ (oot mean square error, RMSE) I Ji7 /R #hAH ¢ 2 4L

r( Pearson’s correlation coefficient, 1) ,
3.3 LIGHER

JoFAG T H CHROM-TDIBSS J7 ¥ HHERE K H 5 HoAt
JUFF BBy PPG B BE BE AT HLER, B AR A oS
CHROM"™ ICA"™ 11 JBSS ™) 51k [RIINF , 1145 J Ll B A TR
BE2E S I A TPEREXS L . A, FRAT AR T I R SR

1) # kT e g

145 T UBFC-RPPG 0¥ 2 X} LR g 25 1, M
T PAMER M TS, FidE CHROM-TDJBSS
JEBET HR,,. IS e AEERERY POS J7744% 0. 13 bpm
ZAN, HAh A 48 AR AR BUAR T B A p M RE, HiR b,
HR,_=1.47 bpm HR__=3.77 bpm r=0.98, M FIRE
ST R ITIE AT LA 5 Z A Y MR . PulseGAN
PulseGAN 7 0. 28 bpm , #1 F& MetaPhys J5 %541 0. 43 bpm, it
W1 T R T UBFC-RPPG B e FPEREIL 5

&1 UBFC-RPPG H#EFEXTLL LI 4R
Table 1 Results comparison on UBFC-RPPG database

Iy HR,,/bpm  HR,_/bpm r
pos'® 1.34 4.10 0.98
CHROM!!'! 1.65 4.82 0.97
ICAl 3.26 9.99 0. 86
JBsst4] 2.77 9.34 0. 88
CHROM-TDICA 1.83 5.56 0.96
PulseGAN'®] 1.19 2.49 0.98
MetaPhys!2! 1.90 2.62 0. 96
CHROM-TDJBSS 1.47 3.77 0.98
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M T UBFC-RPPG %4 I v 32 4 3 A Ak, iz
ST HIRIER /N HARORAE BT i i (O R 4E) , — 2848
D5 N 3L T ) CHROM Al POS st i BUS3E 3 &
FIPERE, DU, T BSS J5 ik (9 1 R 8 (IR 3 T
B X 5 YRR Z WFgE a5 R AR T s Al
T IBSS Y AL T3 T BSS B9 7%, HAR ML, JBSS J7
RARAF HR,, FHELTF 1CA J75 FF£ 0. 49 bpm ,HR,, . T
[% 0. 65 bpm, T r #£FF 0. 02, Wit EF1 BSS 44 )7 1,
JBSS (40 4 R REAL T BSS M4 &, H A& H, CHROM-
TDJBSS B HR, . At F CHROM-TDICA T % 0. 36 bpm,

mae

HR__ FF%1.79 bpm, i r #27+0.02, CHROM-TDICA #H

rmse

T ICA, HEfeA T B F T, HR,,, T FF 43.9%
(1.43 bpm) HR, . TF%44.3%(4.43 bpm) r #£5 0.1,
FerE T CHROM J7 k5 BSS Jiik4h & A sk, fu
J& CHROM ARt 2E AT LA 4550 30 il W (B AR X5/ Ny 32 8
BT, 5tk [E B, CHROM-TDJBSS 5 JBSS fi 1 e Xl
FEIRIRESEI T CHROM ARinas ZE X1 iz sh A 2k

B2 45 1T B 7 BE A S R AL 48 05 5 A9 Bland-
Altman &, &2 £ ,3X 5 Fhr L3R5 09 1. 96 £5 bR ifE
ZH kR 8.53 bpm, i & K 21.35 bpm, X Ifi T 4
CHROM-TDJBSS J7 % 7] LKt 1,96 £% (4 b i 22 B {1 3]
7.42 bpm,F-HJi%2EH 0. 02 bpm,

40 . 40+ . 40 ‘. .
. . .
£ .. £ o . |- S v, - Meantl 960
© mean+1.96c ) meant1.960 ) ¢
2 10 R rw.’ Fan s 200 290l 4. M en .
24 24 S =4 - <
= mean T oo mean T . N e o sedi

o [ -—-te- a1 96 N R E Tt e~ g . ot et
oﬁd " mean-1. 3 o . mean-1.960 S L P
= -20 % -20 % -20 mean-1.96c

=50 A -50 -50 .
50 70 90 110 130 150 50 70 110 130 150 50 70 90 110 130 150
HR, . *HR,; /bpm HR;;*HR,,; /bpm HR ;. *HR,; /bpm
2 2 2
(a) POS (b) CHROM (¢) ICA
wof . 40+ o 40
|- . meant1 96 & ) £ .

2 10l .. - ¥ ¢ 2 10___:_‘___r_,__‘{_____’”_"gﬂtl_-‘l(’_”_ ERTINN a mean+1.960
o . - B N <. . S O S TS Y P T -
T “ Ce LN, mean T K P B D K. - Sy ."ii Tmean

e} - T S S - <} .

5 Y P, . 2 . o % mean-1.960 2 . ®e * ‘mean-1.960
% -20 mean-1.96¢ % 20+ % K :

-50 ; 50 : -50, ;
50 70 90 110 130 150 50 70 110 130 150 50 70 90 110 130 150
HR]‘,C(3+HRII’|’(?/bpm HR):C(:V+HRY|‘1’(E /bpln HR]‘,CU+HRII’1’(? /bpln
2 2 2
(d) JBSS (¢) CHROM-TDICA (f) CHROM-TDJBSS

K2 UBFC-RPPG %d % E AN 5 HR B9 Bland-Altiman ]
Fig.2 Bland-Altman plots of HR measured by different methods on UBFC-RPPG database

2) BB E T LS

2 iR R ECG-Fitness 048 & T BT 42 5 75 5 HiAlh
JLR R s s Bk, WE 2 B E W, BTk
CHROM-TDJBSS It 45 48 hn ¥ LA T e FE45 R, HR,,,
FEALH] 9.25 bpm, HR,. B&EAK%] 16. 12 bpm, r $2 F 5|
0.75, JTHEI ) B (CHROM 1 POS) 1M REAH H 3T
B RS> B )75 (ICA F1 JBSS) 1 5 %24k, HR,, 2 /D FEAR
33.70% ( 6.66 bpm ), HR,_ . Z /b F& 1% 25.03%
(6.91 bpm) ,r Z/0 4% 0. 17, ECG-Fitness 54 PE A1, 25
FEI T HAZ Sl K AR )32 31, iX L EDIE T 2438 3l
i BE BRI, 32 Bl e 75 5 Bk b (5 5 B AL XE AR & 2k
PR ]t B T TR ) O 9 e aa B Ol B A
B R

% 2 ECG-Fitness #{iEEXTLL NI E R

Table 2 Results comparison on ECG-Fitness database

Jr i HR,,/bpm  HR,./bpm r
pos!t® 12.87 20.70 0.58
CHROM!' 13.10 19.17 0. 59
1CAL 19.76 27.61 0. 41
JBsst 18.98 25.79 0. 44
CHROM-TDICA 12.99 20.93 0. 62
CHROM-TDJBSS 9.93 16.12 0.75

JBSS J5 ¥ 3K 15 By HR,, M ICA J7 ¥ T BE
0.78 bpm,HR,, .. T 1.82 bpm, r #£F+ 0. 03, X i}i
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F&E S X H B U B T JBSS A HE T ICA A9 A
CHROM-TDJBSS # kb F JBSS, H HR,, T F% 47.68%
(9.95 bpm) , HR_.. T F% 37.50% (9.67 bpm),r $&F+

rmse

0.31, Ui B] CHROM il B 4 5 7 09 45 24 % . CHROM-
TDICA 5 ICA AOPERERT LU AR SRIIE T %4518,

& 3 Jifi7~ N7E ECG-Fitness £0E 1% _F T4 5 ¥ 5 HoAth
tPPG 77751 Bland-Altman &, XJH I REUAS 1 1. 96 £51%
Frife 22 5 A% &y 38.23 bpm, fi% 5 N 60.38 bpm, i fF #2
CHROM-TDJBSS ¥4 1. 96 £ fpnifE 22 FAIK 5] 28. 83 bpm,,

o e nean
" .J?

. . 5. 3
- e o mean-1.960 . e mean-19%c  FTmooos T Y e 1960
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3 ECG-Fitness ¥ /% 1M1 HR 9 Bland-Aliman [
Fig.3 Bland-Altman plots of HR measured by different methods on the ECG-Fitness database

2D Hl & 4 J7R S T 05 S HA xPPG 7
i HR BYEUA . ANE 4 TR i, e CHROM-TDJBSS
AT HAb FAP 3, H HR 0 (0 26 Pk 101 09 2R 400 4
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2¢ 3 Fr7R NAE ECG-Fitness $XIEE F TR T EEMA
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AT LLR B e 5L TR HE 27 ) Ik I TERE
% 3 ECG-Fitness HIEESREFEIFEMNLWERITEL

Table 3 Results Comparison with deep learning methods
on ECG-Fitness database

ik HR,,,./bpm HR,,../bpm r
HR-CNN!?] 14.48 19.15 0. 50
Song et al. [* 10. 34 12.99 0.57
CHROM-TDJBSS 9.93 16. 12 0.75

& 5 ff 78 9 ECG-Fitness B4 JFE I HR iR 2 7010 .
FRAE A N RS ] 125 2547l b o o0 SR8 T 152 22 22/

F 5 bpm , AHEABL, CHROM 4a%f HR 1R2ZIKF 5 bpm HLL
1514 37. 35% , 1fii CHROM-TDJBSS 5% L 4 i 21 52. 41%
CHROM HY % %f HR 1% 22 7€ 10 bpm LA PN AY A 20 tb R
54.52% , 1fif CHROM-TDJBSS 1% H [ = 5] 71. 99%
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S BT 7 R A 22 R O i S A5 R e, M
Z 4 ] LFE 1 rik CHROM-TDJBSS 7F 4 Fhiz i T
BUAS TR R, POS (UAEM A ML 5t b Mk g R B4R
22, ULH POS 35 F iz sl A S A AR kAl Wil 1 i 3l 2%
Mg TS A AIL RIS 37 S T R0 53 0 i 2 R IS T T 2
Ji%:, CHROM 7EMUFNZ shig s h it RE 2 A K, HN
7 4 P FEH CHROM M3 T POS HHEM A LR T BVP
{55 B, L ECG-Fitness 6 5 3 iX & R s WL 7 5 1Y
30 s M A B, I 6 BTN b Birdi 5 B4R BUA BVP 15
SREE L 2 TR RIS AmEE S, LA NS
# ECG {55, % CHROM-TDJBSS 4t ¥ )5, J5 5K i3 3h
b BRI EEE G S BVP 55 (55 3 1T 4R)



8 1 BB BORRTR I B R s Sl E BT O R AR T 295

H er’l’(; /bpm

40 60 80 100 120 140 160 40 60 80 100 120 140 160 40 60 80 100 120 140 160
HR_, /bpm HR_, /bpm HR_, /bpm
(a) POS (b) CHROM (¢)ICA
£
j=5
<
.
jun)
40 60 80 100 120 140 160 50 70 90 110 130 150
HR, ., /bpm HR,, /bpm
(d) IBSS (¢) CHROM-TDICA (f) CHROM-TDJBSS
Kl 4 ECG-Fitness ¥ e 1R [E] il HR A9 HR E
Fig. 4  Scatter plot of HR measured by different methods on ECG-Fitness database
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Table 4 Results comparison of different methods under different exercise scenarios on ECG-Fitness database
RIARHL H 183 AL 5 HAT % ik
Jrik HR,, — HR,, HR,, — HR,, HR,, — HR,, HR,, — HR,,
/bpm /bpm ’ /bpm /bpm " /bpm /bpm " /bpm /bpm '
pos!¢ 10. 67 15.90 0.39 19.53 27.39 -0. 06 12.12 20. 61 0.29 9.78 17.59 0.59
CHROM™ ' 10.36  15.08  0.37  13.45  21.58 0.37 14.19 21.73  0.41 1417  17.61 0.58
1cAlM 21. 80 29.13 -0. 14 18. 16 26. 16 0.22 21.97 29.09 0.31 12.90 20. 83 0.47
JBSS 4 18.23 25.58 0.07 25.19 31.49 -0.22 21.19 28.47 0.26 12.13 16. 34 0.67
CHROM-TDICA 11.99 17. 89 0.30 12.36 19.26 0.61 15.01 23.44 0.37 12.56 22.25 0.38
CHROM-TDJBSS 9.25 14. 01 0.54 11. 61 18. 20 0. 64 10. 44 17. 64 0.53 8.61 14. 36 0.78
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Fig.5 HR error distribution on ECG-Fitness database
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