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Outline

" A
1 »What is the focus of micro-perspective face analysis

<+ Knowledge and data driven modeling
< Disentangled representation learning

< Summary

2% & 3
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@z What can we get from a face image/video?
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 U.S.MIDTERMS

DONALD TRUMP WARNED DEMOCRATS ON POTENTIAL INVESTIGATIONS
SAYING "THEY CAN PLAY THAT GAME BUT WE CAN PLAY IT BETTER"

Identity
Trump

Attribute
Old, White, Male

Expression/Emotion
Anger

Action Unit
4+5+7+23

Physiological signals
Heart rate, respiratory
rate, ...



@Vision based physiological signal measurement
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Figure is from : https://jbhi.embs.org/special-issues/camera-based-monitoring-for-pervasive-healthcare-informatics/



@z Trend of face analysis

2
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Task

A

[Physiological signals}

Multiple

[AU detection]

Eixpression recog}

&Attribute analysi%

Single [Face recognition]

— Scale
Macro Micro

'DEMOCRATS WON A MAJORITY IN THE HOUSE WHILE REPUBLICANS
U.S. MIDTERMS l RETAINED CONTROL OF THE SENATE IN 2018 U5 MIDTERM ELECTIONS

Face analysis Deep face analysis from macro to micro perspectives!



@ Why Is micro perspective analysis important?
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Intelligent healthcare
Images from Internet



Milestones of face analysis in micro perspective

Suwa & Sugie \N\
st & Fujimora (ICPR) Apple FacelD
Ekman & Frlesen Automatic expression Emerging applications
ExpressmnI recognition ~ recognition of FR
1965 1975 1978 2008 2017 >
Bledsoe & Chan Ekman and Friesen Verkruysse et al.
& Bisson FACS (Opt. Express)

Geometry based FR Camera based HR
‘ estimation

ears (bottom)
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@ Challenges of micro perspective face analysis

2
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DEMOCRATS WON A MAJORITY IN THE HOUSE WHILE REPUBLICANS
RETAINED CONTROL OF THE SENATE IN 2018 U.S. MIDTERM ELECTIONS

Micro perspective
face analysis

Challenges Approaches
Weak visual | .Knowledge + data
signal (low PSNR) \\ ,,/ driven
Y

Lacking (big) | » . Disentangled
labeled data | /| representation

\\\\ /,/
\\\ l,/
\\ ,l
R
A
/l’ \\\
ll \\\ °
/
Poor /’ \\ Unsupervised
eneralization g----=-=-=-=---- 3 /weakly
2 bili supervised
2Dty learning




msu| ‘i\ *TD’!; & ??'3‘*

09 10 3N

S90UBI0S Jo Awapedy asauly) ‘Abojouyos | Bunndw

< Knowledge and data driven modeling [TIP2020, FG2019 Best
Poster]

Weak visual signal, insufficient labeled data

<+ Disentangled representation learning [CVPR2019, CVPR2020,
ECCV2020]

Weak visual signal, poor generalization ability

4
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Knowledge and data driven rPPG HR estimation

2 A 3
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" oM
g “»What kind of knowledge do we have in rPPG HR estimation?
= A review of the physical imaging process w.r.t. rPPG

sample over a duration of time

o gy a4 4 s (e Py by s s v sl

= m‘.\/\/\/\/\[\/

PR . I—D?B BMP (Basts Per i)

Periodic heartbeat > periodic blood volume changes >

Hr;

periodic light absorption by blood = periodic color

changes in video

Knowledge/prior: There is indeed a periodic signal contained
In the raw face video 10



WeII—known knowledge/prior in different tasks

Imaging prior Shape prior Structural prior

% (Y -t
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@z rPPG based HR estimation

Background signal

U

rPPG signal
/4

Video X Noisy signal
N

How to leverage prior knowledge to extract or enhance V?

2
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@2 Milestone of rPPG based HR estimation

i Shared weights

e‘ igj\ne b Component 1
iy "; Pty ey

: =0 -
¥ r ‘ \ / :—-{&———- Y
] BMas= . o
2 R Pt iy ComE
% T,T,T, P P Li et al. Niu et al.
& Opt. Express 2010/2011 (light rectification & (knowledge + data
- (KTA) motion ertimation) driven)
2008 2010 2013 2014 2017 2018- >
E Verkruysse et al. Haan et al. Wang et al. Chen et al.
B Opt. Express 2008 TBME 2013 TBME 2017 ECCV 2018
o First work on camera (chrominance) (orthogonal projection plane) (DeepPhys“)
> based HR est. " st 5,0 ) ARRS N
1 (spatial avg. & MWM
H filtering) "
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@z Review: ICA based HR estimation

Red trace Component 1

Green channel \
L . |
: = y

Component 2

CA—*MMNWM

(a)

(d)

M.-Z. Poh, D. J. McDuff, and R. W. Picard, “Non-contact, automated cardiac pulse measurements using video imaging and blind source separation.” Opt.
Express, vol. 18, no. 10, pp. 10 762-10 774, 2010.

M.-Z. Poh, D. J. McDuff, and R. W. Picard, “Advancements in noncontact, multiparameter physiological measurements using a webcam,” IEEE Trans. Biomed.
Eng., vol. 58, no. 1, pp. 7-11, 2011. 14
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@z Review: ICA based HR estimation

<+ Better performance than using green channel
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bt =
;:’_ 2 Average Heart Rate by BVP and o Average Heart Rate by BVP and
& a Green Trace (bpm) ICA (bpm)
>
E
§ M.-Z. Poh, D. J. McDuff, and R. W. Picard, “Non-contact, automated cardiac pulse measurements using video imaging and blind source separation.” Opt.
3 Express, vol. 18, no. 10, pp. 10 762-10 774, 2010.

M.-Z. Poh, D. J. McDuff, and R. W. Picard, “Advancements in noncontact, multiparameter physiological measurements using a webcam,” IEEE Trans. Biomed.
Eng., vol. 58, no. 1, pp. 7-11, 2011. 15



@z Review: Chrominance-based method

< Assume the influence of motion to different channels is equal

: \/R C; = IC;(PC(I(: + pci +@)

Specu‘lar
reflection C E {R, G) B}

A ‘Diffused
“ light

Skin surface

ﬁ?, ii -~
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G. de Haan and V. Jeanne, “Robust pulse-rate from chrominance-based rPPG,” IEEE Trans. Biomed. Eng. , 2013
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@z Review: Chrominance-based method

< Assume the influence of motion to different channels is equal

C; = Ici(pcde + pci +@)

e C € {R,G, B}
\? .

rSe':]Z(Z:Ltlilgr: X=R-G Two orthogonal
Y =05R+0.5G - B signals

v hbids ‘Diffused
“ light ’

Skin surface S

ﬁ?, ii -~
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G. de Haan and V. Jeanne, “Robust pulse-rate from chrominance-based rPPG,” IEEE Trans. Biomed. Eng. , 2013 17



@z Review: Chrominance-based method

2
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s Result

=) - 4
S , |SNR (dB)-
25 °
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SNR of stationary scenario SNR of exercise scenario

G. de Haan and V. Jeanne, “Robust pulse-rate from chrominance-based rPPG,” IEEE Trans. Biomed. Eng. , 2013




@ Review: I[llumination and motion robust rPPG
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Face video |
a . fHR =1.12 HZ,
&
/k HR =60 x f,. = 67.2 bpm

*frequncy
0 4 7 11 15

1. 2. 3. 4,
{ ROI Detection} { lllumination } {Non-rigid Motion} { Temporal }

& Tracking Rectification Elimination Filtering

X. Li, J. Chen, G. Zhao, and M. Pietikainen, “Remote heart rate measurement from face videos under realistic situations,” in Proc. IEEE
CVPR, 2014, pp. 4264-4271.
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@ Review: I[llumination and motion robust rPPG

% Best results on MAHNOB-HCI in 2014

d

st

¢ Method Mc(SD.) | RMSE | Megae | T

2 (bpm) | (bpm)

7 Poh2010 -8.95(24.3) [ 259 [25.0% [ 0.08
) Kwon2012 | -7.96(23.8) | 25.1 | 23.6% | 0.09
Poh2011 2.04(13.5) | 13.6 | 13.2% | 0.36*
Balakrishnan2013 | -14.4(15.2) | 21.0 | 20.7% | 0.11
5 Ours
Step 1+4 -3.53(8.62) | 9.31 | 8.03% | 0.69*
Step 142+4 | -3.46(7.36) | 8.13 | 7.02% | 0.79*
; All steps -3.30(6.88) | 7.62 | 6.87% | 0.81*

X. Li, J. Chen, G. Zhao, and M. Pietikainen, “Remote heart rate measurement from face videos under realistic situations,” in Proc. IEEE
CVPR, 2014, pp. 4264-4271.



@z Review: CNN+Attention
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Feature Feature Feature Feature Feature Feature Hidden
Feature MapS' Inputs maps maps maps maps maps maps units Outputs p(t+1) - p(t)
T 3@36x36 32@36x36 32@36x36 32@18x18 64@18x18 64@18x18 64@9x9 128 0r32

Moton Model e [, o, = = e B '

brmalized Difference
{t+1) - C{t)) / (C(t+1) + C(t))

L1 normalization

I
|
1
1
1
: Element-wise multiplication

N
(

C(ty C(t+1)

L1 normalization

o
0]
o Output Blood Volume Pulse
> ]
5 Pty .. p(t+4)
o™ .t W L T T T Lo .
£ bpearance Model Convolution Convolution 1
1x1 kernel 1x1 kernel 1
|
|
|
|
|
|
1
L] L] I
S -
USIﬂg normal |Zed Lavers: Convolution Convolution Average-pooling  Convolution  Convolution Average-pooling Flatten Fully Fully
. y ’ 3x3 kernel 3x3 kernel 2x2 kernel 3x3 kernel 3x3 kernel  2x2 kernel connected connected
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7 Layer8 Layer9
Imrerence pewween
frames as input N , -
P Learning spatial

mask as attention

Weixuan Chen and Daniel McDuff DeepPhys: Video-Based Physiological Measurement Using Convolutional Attention Networks. In Proc. ECCV 2018.
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@z Review: CNN+Attention

2
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HEART RATE

Mean Absolute Error / BPM

Signal-To-Noise Ratic / dB

Methods 1 2 3 4 5 G Avg, 1 2 3 4 5 G Avg
Estepp et al. [10] 348 305 380 655 11.8 134 T.16 | 6.06 482 357 -0.10 -4.72 -5.63 0.03
McDuff et al. [19] 1.17 1.0 1.v0 4.00 5.22 11.8 4.29 | 10.9 955 669 3.08 0.08 -6.93 3.90
Balakrishnan et al. [3] | 4.99 5.16 12.¥ 17.4 187 14.2 12.2 |-1.08 -0.34 -883 -12.6 -14.2 -12.1 -8.19
De Haan et al. [13] 4.53 4.59 4.35 4.84 6.89 10.3 5.92 | 1.72 1.38 397y 3.63 202 -247 1.71
Wang et al. [38] 1.50 1.53 1.50 1.84 205 6.11 2.42 | 6.84 6.21 480 2.97Y 0.77 -4.33 2.88
Tulyakov et al. [34] 1.76 2.14 149 19%0 15.v 220 126 | 4.32 229 -11.8 -14.3 -12.3 -15.3 -T.85
OURS: Part. Dep.

Motion-only CNN 117 1.29 1.2% 166 204 295 1.3 | 10.2 928 7.02 4.18 1.95 -1.00 5.28
Stacked CINN 1.18 1.30 1.2 1.51 1.82 2.62 1.61 10.7 9.60 B8.28 559 2,84 0.29 6.22
CAN 1.17 1.26 1.16 1.61 204 1.8 1.50 | 10.9 9.66 B8.20 5.69 3.57 1.23 6.55
OURS: Part. Ind.

Motion-only CNN 1.17 1.41 1.33 1.1 3.57 6.41 2,63 | 9.60 B8.62 625 2.3 -0.15 -4.02 3.84
Stacked CNN 1.12 1.66 1.30 165 2.33 6.25 2.38 | 92.26 B.18 7.2% 3.81 1.14 -2.84 4.47
CAN 1.16 1.45 1.23 1.72 2.42 5.59 2.26 | 9.52 B.82 7T.36 3.90 1.10 -2.72 4.66
CAN (task 1) 1.16 32.01 243 4.85 7T.92 139 5570 | 9.52 574 201 -213 -5%7 -9.70 -0.06
CAN (task 2) 1.12 1.45 1.67 3.5 7.531 129 4.66 | 10.1 8.82 4.25 -0.90 -5.33 -8.96 1.33
CAN (task 3) 1.18 1.41 123 1.8 273 923 293 )| 9.5 879 T.36 433 0.55 -588 4.15
CAN (task 4) 1.132 1.57 1.24 1.72 279 898 291 | 9.95 8.72 706 390 0.37 -568 4.05
CAN (task 5) 1.16 1.38 1.30 1.54 242 7T.05 2.48 | 9.86 B8.98 T.68 4.40 1.10 -4.15 4.65
CAN (task 6) 1.14 1.32 1.22 147 217 5.59 215 | 10.4 9.62 B8.21 5.15 1.83 -2.72 5.41
CAN (all tasks) 1.13 1.34 245 1.64 1.83 6.32 2.45 | 9.88 T.21 1.46 B8.48 4.11 -3.23 4.65
EREATH. RATE Mean Absolute Error / BPM Signal-To-Noise Ratic / dB

Methods 1 2 3 4 5 G Avg, 1 2 3 4 5 5] Avg
Tarassenko et al. [31] 251 253 3.19% 485 4.22 478 3.68 |-1.29 -1.832 -§.32 -B.55 -B.THh -10.6 -6.22
OURS: Part. Dep.

Motion-only CNN 203 247 3.21 3.04 311 4.2v 302 |-0.33 -1.91 -528 -483 -533 -0.64 -4.55
Stacked CINN 1.74 2,27 298 279 3.03 533 302 )| 1.4 -0.93 -631 -518 -5%0 -11.2 -4.58
CAN 1.70 2,19 2.24 305 306 3.96 286 | 2.v3 -0.02 -4.39 -4.47 -4.36 -7.97 -3.08
OURS: Part. Ind.

Motion-only CNN 1.70 2.31 4.09% 4.85 4.60 4.06 3.60 | 0.¥5 -0.17 -6.03 -9.19 -9.05 -9.06 -5.46
Stacked CNN 200 210 5.67 5.55 634 576 4.57 | 019 -0.25 -120 -11.5 -12.¥ -13.0 -8.20
CAN 1.28 1.64 4.15 4.37 3.77 4.37 3.26 | 4.45 296 -505 -6.72 -6.70 -893 -3.33
CAN (task 1) 1.28 1.2 6.34 T.28 B6.28 4.01 4.48 | 4.45 237 -10.0 -13.5 -13.9 -9.02 -G5.60
CAN (task 2) 1.21 1.64 5.Y3 565 4.92 3,82 383 | 4.39 29 -7.9Y -12.3 -11.7¥ -8.54 -5.52
CAN (task 3) 1.62 1.v1 4.15 457 4.16 3.56 3.30 | 3.38 274 -505 -7.05 -6.%1 -6.23 -3.15
CAN (task 4) 1.74 1.85 2.80 4.27 4.60 3.42 3.30 | 2.69 256 -510 -6.72 -T.B6 -6.63 -3.51
CAN (task 5) 1.65 1.v4 437 445 377 337 322 )| 290 3.18 -620 -7.02 -6.%D0 -563 -3.25
CAN (task 6) 206 1.76 5.890 592 521 4.37 4.20 | 1.11 1.54 -8.7v2 -11.% -10.1 -8.93 -6.33
CAN (all tasks) 1.54 4.69 2.71 2,14 5.27 23.33 3.45 | 32.09 -6.45 -T.09 0.21 -10.7 -7.36 -4.71

Internal dataset

Weixuan Chen and Daniel McDuff DeepPhys: Video-Based Physiological Measurement Using Convolutional Attention Networks. In Proc. ECCV 2018.
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Motivation of our approach

" o
g Review of traditional rPPG pipeline

aaaaaaaaaaaa

; Video ROI Ter?pp(? :: Ilcszf,nal Spectral

9 Filtering, Avg.) |

v

Can we learn a more informative representation
instead of using the hand-crafted features?

rPPG signal
x‘ MAMW\/W\WMNWM
Mr-y“w»’,”““’r‘l.‘/.,.-\.4\. P 0“} | HR g 72
MMM |
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@z Motivation of our approach

700 TAN
Yoo W
XN @ lhg

; Lo\
@K )

A\
o
4 A 4;”
Al

N

PR\ el

ik

i HR=72
&)

Video Deep neural network Result

Datasets in this area are usually very small; may easily cause overfitting

2
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@z Motivation of our approach

<+ General to specific fintuning may not work under such big
domain gap

Model transfer/flnetune

A

ImageNet rPPG based HR est.
Pre-train

@ (Y -t
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@ Our approach: knowledge and data driven

<+ Reduce the domain gap using synthetic HR signal

ImageNet Synthetic HR signal Real HR signal
Pretrain with noises

RyhthmNet v1.0 (2017-2018)

Xuesong Niu, et al., SynRhythm: Learning a Deep Heart Rate Estimator from General to Specific. ICPR, 2018.

2
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@ Our approach: knowledge and data driven

<+ Result: MAHNOB-HCI (27sub., 20vid/sub.)

i
HRme HRSd Herse

-y Method (bpm) (bpm)  (bpm) e
a Poh2010 [1] -895 243 25.9 25.0%
&5 Poh2011 [3] 2.04 13.5 13.6 13.2%
- Balakrishnan2013 [2] -14.4  15.2 21.0 20.7%
: Li2014 [5] -3.30  6.88 7.62 6.87%
9 Haan2013 [4] -2.89  13.67 10.7 12.9%
£ Niu2017 [7] -0.38  10.81 8.72 11.5%
g Tulyakov2016 [6] 3.19 5.81 6.23 5.93%
é Hus2014 [11] -0.20 11.32 11.315 12.8%
> Proposed method 0.30 4.48 4.49K 4.37 %
RyhthmNet v1.0 (2017-2018)

Xuesong Niu, et al., SynRhythm: Learning a Deep Heart Rate Estimator from General to Specific. ICPR, 2018.



@ Our approach: knowledge and data driven

<+ Spatial-temporal map based on 1imaging prior
Suppressing the background and noisy signals while
enhancing the rPPG signal

FIHET

Multi-ROI temporal signal  STMap Visualization of STMap

@ (Y -t
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Xuesong Niu, Shiguang Shan, Hu Han, and Xilin Chen. RhythmNet: End-to-end Heart Rate Estimation from Face
via Spatial-temporal Representation. IEEE Trans. Image Process., 2020. 28



@ Our approach: knowledge and data driven

relationship with RNN

L
o/
t

sharing weights

Long face video

Spatial-temporal
Face video clips map

Convolutional layer

2 A o B %
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via Spatial-temporal Representation. IEEE Trans. Image Process., 2020.

»Learn representation with CNN, model temporal

hr,

— > hry, =+ HR

1

c _/O__’hl't Mean

|
I pooling
I

Recurrent layer

Xuesong Niu, Shiguang Shan, Hu Han, and Xilin Chen. RhythmNet: End-to-end Heart Rate Estimation from Face

29



Our approach: knowledge and data driven

"
| *» Result on VIPL-HR (unconstrained)

Mean Std MAFE RMSE

Method (bpm) (bpm) (bpm) (bpm) “TEE T

Tulyakov2016 [6] 10.8 18.0 15.9 21.0 26.7% 0.11
POS [7] 7.87 15.3 11.5 17.2 18.5% 0.30
Haan2013 [4] 7.63 15.1 11.4 16.9 17.8% 0.28
13D [37] 1.37 15.9 12.0 15.9 15.6% 0.07
DeepPhy [27] 260 136 11.0 138 13.6% 0.11

RhythmNet w/o GRU 1.02 8.88 5.79 8.94  7.38% 0.73
RhythmNet 0.73 8.11 5.30 814 6.71% 0.76

AR
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Xuesong Niu, Shiguang Shan, Hu Han, and Xilin Chen. RhythmNet: End-to-end Heart Rate Estimation from Face
via Spatial-temporal Representation. IEEE Trans. Image Process., 2020.



@ Our approach: knowledge and data driven

% Results under different conditions

9 10
9.4
8 7.9 ) 8.3
7 8
6 7
6 6
) ¢
2 7,
> . i
o [«
3 3
2 2
1 1
0 0 — — —
Lab Environment Bright Dim Stable Talking Large Movement
Error under different illuminations Error under different movements

2 A o B %
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Xuesong Niu, Shiguang Shan, Hu Han, and Xilin Chen. RhythmNet: End-to-end Heart Rate Estimation from Face
via Spatial-temporal Representation. IEEE Trans. Image Process., 2020. 31



Our approach: knowledge and data driven

2% & 3
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[ |
| < Results under different conditions
20
M Std MAE RMSE °
can
Datatype (bpm) (bpm) (bpm) (bpm) SER " g 10
oc

Compressed 034 876 594 877 17.54% 0.58 5
Uncompressed 0.08  8.69  5.81 8.69 7.24% 0.59

Compressed video (x10, MJPG) vs. raw video

17.5

12

RGB NIR
RGB vs. NIR under dark illumination

Xuesong Niu, Shiguang Shan, Hu Han, and Xilin Chen. RhythmNet: End-to-end Heart Rate Estimation from Face

via Spatial-temporal Representation. IEEE Trans. Image Process., 2020.

32



Our approach: knowledge and data driven

| % Cross-database testing on MAHNOB-HCI

Mean Std RMSE

Method (bpm) (bpm)  (bpm) MFER r

Poh2010 [1] -8.95 24.3 25.9 25.0%  0.08
Poh2011 [2] 2.04 13.5 13.6 13.2%  0.36
Balakrishnan2013 [3] -144 15.2 21.0 20.7%  0.11
Li2014 [5] -3.30 6.88 7.62 6.87%  0.81
Haan2013 [4] -2.89  13.67 10.7 129%  0.82
Tulyakov2016 [6] 3.19 5.81 6.23 593%  0.83

RhythmNet(WithinDB)  0.41 3.98 4.00 4.18%  0.87
RhythmNet(CrossDB) -5.66  6.06 8.28 8.00%  0.64
RhythmNet(Fine-tuned) 0.43 3.97 3.99 4.06% 0.87

% (Y -t
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Xuesong Niu, Shiguang Shan, Hu Han, and Xilin Chen. RhythmNet: End-to-end Heart Rate Estimation from Face
via Spatial-temporal Representation. IEEE Trans. Image Process., 2020.



@z \mbalanced data

»The ground-truth HR distribution in VIPL-HR

250

200

50
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Heart rate: Beat per minute (BPM)
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Handling data imbalance
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» Temporal data augmentation

e QAAAAAAQAQAQQQQQQ ==

‘ @ @ @@ ® & ® @ ® © m @ ® @ ®
Raw 89bpm
video
Temporal 71.2bpm
downsampling '
STMap HR

X. Niu, X. Zhao, H. Han, A. Das, A. Dantcheva, S. Shan, and X. Chen. Robust Remote Heart Rate Estimation from Face Utilizing
Spatial-temporal Attention. IEEE FG, 2019. (F{:#ER 18 30)
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Handling head movement
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1 »Channel and spatial attention

-

o

X. Niu, X. Zhao, H. Han, A. Das, A. Dantcheva, S. Shan, and X. Chen. Robust Remote Heart Rate Estimation from Face Utilizing
Spatial-temporal Attention. IEEE FG, 2019. (F{:#ER 18 30)
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@z 2 Results
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2 VIPL-HR

Method HRg;(bpm) |HRg;(bpm) |HR,,.(bpm) |HR,,.(bpm) | HR,,., r

Haan13 7.63 15.1 11.4 16.9 17.8% 0.28
Tulyakov16 10.8 18.0 15.9 21.0 26.7% 0.11

Wang17 7.87 15.3 11.5 17.2 18.5% 0.30

X. Niu, X. Zhao, H. Han, A. Das, A. Dantcheva, S. Shan, and X. Chen. Robust Remote Heart Rate Estimation from Face Utilizing
Spatial-temporal Attention. IEEE FG, 2019. (s fE#E#H i 3X)
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Database collection

| % VIPL-HR: Unconstrained, 100+ subjects, 3000 +videos,
RGB-D modality, diverse illumination, movement, sensor,
etc. 4
Movement

Lighting | RSl PN |
d j%?}

-, :
o ' %

(2018)

D http://vipl.ict.ac.cn/view_database.php?id=15
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X. Niu, H. Han, S. Shan, and X. Chen. VIPL-HR: A Multi-modal Database for Pulse Estimation from Less-constrained Face Video.
ACCV, 2018. 39
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< Disentangled representation learning [CVPR2019, CVPR2020,
ECCV2020]

Weak visual signal, poor generalization ability

4

4
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@ Disentangled representation learning

*» Motivation

F
—
F=fX)
> —
—)

“Rima” vs VNTE”

F =1 09
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task,

SO

task,

DF,—b
IF.Z‘
I-—

task,,

e.g., identity

e.g., age, gender

e.g., expression

task, | e.g., identity

task, | e.g., age, gender

task,,| e.g., expression

—
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@z Facial Action Unit (AU) recognition

<+ AUs intensity can be minor and their intensities can be
subject dependent

AUS AU7

How to learn a subject-independent representation for AU?

2 A o B %
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https://imotions.com/blog/facial-action-coding-system/
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@ Disentangled representation learning for AU

“* Disentangled representation learning via regularization

Subject independent AU features .
Disentangled feature

Regularization i

AU6 (Cheek N \

Raiser) e ‘
s ©) =
e O a X

Subject dependent shape features

@ (Y -t
$90UBI0S Jo Awapedy asauly) ‘Abojouyos | Bunndwo) jo ainyisu| ?p i t’h

X. Niu, H. Han, S. Yang, Y. Huang, and S. Shan. Local Relationship Learning with Person-specific Regularization
for Facial Action Unit Detection. IEEE CVPR, 2019.
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@ Disentangled representation learning for AU

** Network

Person-specific Shape Regularization

. Regularization
term m;

Orthogonal
feature space

1
1
|
|
: AU probability p ;
1
I
1

fau
Global AU
feature

Face image

Local Features

Stem Network Local Relationship Learning

2
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X. Niu, H. Han, S. Yang, Y. Huang, and S. Shan. Local Relationship Learning with Person-specific Regularization
for Facial Action Unit Detection. IEEE CVPR, 2019.



Disentangled representation learning for AU
. "

| +* Results on DISFA
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Method AUL | AU2 | AU4 | AU6 | AU9 | AUI2 | AU25 | AU26 | Avg.
LSVM [11] 108 | 100 | 218 | 157 | 115 | 704 | 120 | 22.1 | 21.8
DRML [47] 173 | 177 | 374 | 290 | 107 | 377 | 385 | 20.1 | 267
APL [48] 114 | 120 | 30.1 | 124 | 101 | 659 | 214 | 269 | 2338
ROI [24] 415 | 264 | 664 |[50.7]| 85 | 893 | 88.9 | 15.6 | 485
JAA-Net[35] | [43.7] | [46.2] | 56.0 | 414 | 447 | 69.6 | 88.3 | [58.4] | [56.0]
DSIN [5] [42.4] | [39.0] | [68.4] | 28.6 | [46.8] | [70.8] | [90.4] | 422 | 53.6
LP-Net 209 | 247 | [727]1 ] [46.8] | [49.6] | [72.9] | [93.8] | [65.0] | [56.9]

X. Niu, H. Han, S. Yang, Y. Huang, and S. Shan. Local Relationship Learning with Person-specific Regularization
for Facial Action Unit Detection. IEEE CVPR, 2019.
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@ Disentangled representation learning for AU

2 A o B %
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+*Visualization

Stem-Net

AU4
(Brow Lowerer)

AU23
(Lip Tightener)

X. Niu, H. Han, S. Yang, Y. Huang, and S. Shan. Local Relationship Learning with Person-specific Regularization
for Facial Action Unit Detection. IEEE CVPR, 2019.
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@ Face anti-spoofing(presentation attack detection)

*|s this a live face?

RS RS

The differences between live and spoof faces can be minor!
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Challenge of face anti-spoofing/PAD
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g “»While the error rate for intra-database testing can be close

zero, the error rate for cross-database testing can be high
How to learn a domain-independent representation for PAD?

LY
-
-

]
A
]
e {A‘ Testing
close gy image 2
live
H
’
1]

1 live

{_ i spoof

Subject 2
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@ Challenge of face anti-spoofing
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“* Multi-domain Disentangled Representation Learning

---------------------------------
* -

Domain
Independent
features

: : N
s Domain N 4)§E o
' rEaaEAl Y | T

-
.......
--------------------------------------------------------------------------------------------------------------------------

G. Wang, H. Han, S. Shan, and X. Chen. Cross-domain Face Presentation Attack Detection via Multi-domain
Disentangled Representation Learning. IEEE CVPR, 2020.
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Challenge of face anti-spoofing

| «» Two types of encoders for representation learning

real vs. fake Bve v§. SPPOf real vs. fake sup .jeCt.
classification classification
LG_J.-V L(* LGA.-\' LC

v

i
o/

D
/N
. I
Sampling Sampling
PAD Noise ID Noise
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a) , (b)
Encoder ;for anti-spoof feature  Encoder for ID feature
G. Wang, H. Han, S. Shan, and X. Chen. Cross-domain Face Presentation Attack Detection via Multi-domain
Disentangled Representation Learning. IEEE CVPR, 2020.
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@ Challenge of face anti-spoofing

2
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“* Self-supervision

;' Recontructed

- image E
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G. Wang, H. Han, S. Shan, and X. Chen. Cross-domain Face Presentation Attack Detection via Multi-domain
Disentangled Representation Learning. IEEE CVPR, 2020.
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Challenge of face anti-spoofing
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. “* Cross-database testing results

Method O, C, I —-M [O, M, []=C [0, C, M]|—I [I, C, M]—=0
HTER(%) | AUC(%) | HTER(%) | AUC(%) | HTER(%) | AUC(%) | HTER(%) | AUC(%)

MS_LBP [32] 29.76 78.50 54.28 44.98 50.30 51.64 50.29 49.31
CNN [50] 29.25 82.87 34.88 71.95 34.47 65.88 29.61 77.54
IDA [48] 66.67 27.86 55.17 39.05 28.35 78.25 54.20 44.59
CT [5] 28.09 78.47 30.58 76.89 40.40 62.78 63.59 32.71
LBPTOP [11] 36.90 70.80 42.60 61.05 49.45 49.54 53.15 44.09
Aux(Depth only) [30] 22.72 85.88 33.52 73.15 29.14 71.69 30.17 66.61
Aux(All) [30] - - 28.4 - 27.6 - - -

MMD-AAE [26] 27.08 83.19 44.59 58.29 31.58 75.18 40.98 63.08
MADDG [38] 17.69 88.06 24.5 84.51 22.19 84.99 27.98 80.02
Proposed approach 17.02 90.10 19.68 87.43 20.87 86.72 25.02 81.47

G. Wang, H. Han, S. Shan, and X. Chen. Cross-domain Face Presentation Attack Detection via Multi-domain
Disentangled Representation Learning. IEEE CVPR, 2020.
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Disentangled Representation Learning for HR

“* Cross-verified feature learning

predicted rPPG signal
L
predicted HR;, HRyye1 HRE

Physiological estimator @

Leyp
o -0
ull

fpse'_‘pl ¥ fpl

e ull P

: t:pse_JfJZ d fP2

o —0

Face video e b i pull £

clip vy pC - e
Gz POV i

E TR
ARyser P HR,

g ull d
HRoces P HR,

\/
Face video
clipv,

predicted HR;, HR 52
Lpre
> predicted rPPG signal

Physiological estimator

Xuesong Niu, Zitong Yu, Hu Han, Xiaobai Li, Shiguang Shan, Guoying Zhao. Video-based Remote Physiological
Measurement via Cross-verified Feature Disentangling. ECCV, 2020. (Oral, 2%)

53



Disentangled Representation Learning for HR

smalsddation -
g »* Result on VIPL-HR

¥

it Std] MAE] RMSE]

¢

% Hethod (bpm) (bpm) (bpm) "'
s SAMC [19] 180 159  21.0 0.1
POS [22] 153  11.5 172 0.30
CHROM |3] 15.1 11.4 16.9 0.28
13D [1] 159  12.0 159  0.07
DeepPhy [2] 13.6  11.0 13.8  0.11
RhythmNet [13] | 8.11 5.30 8.14  0.76
Proposed 7.92  5.02 7.97 0.79

Xuesong Niu, Zitong Yu, Hu Han, Xiaobai Li, Shiguang Shan, Guoying Zhao. Video-based Remote Physiological
Measurement via Cross-verified Feature Disentangling. ECCV, 2020. (Oral, 2%)



Disentangled Representation Learning for HR
- m .

§ < Train on VIPL-HR, test on MMSE-HR

Std] RMSE]

Method r
(bpm) (bpm) " |

Li2014 [9) 20.02 19.95 0.38

CHROM (3] 14.08 13.97 0.55
SAMC [19] 12.24 11.37 0.71
RhythmNet [13]] 6.98 7.33 0.78
Proposed 6.06 6.04 0.84
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Xuesong Niu, Zitong Yu, Hu Han, Xiaobai Li, Shiguang Shan, Guoying Zhao. Video-based Remote Physiological
Measurement via Cross-verified Feature Disentangling. ECCV, 2020. (Oral, 2%)



@ Disentangled Representation Learning for HR
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i 8

time (s)

Xuesong Niu, Zitong Yu, Hu Han, Xiaobai Li, Shiguang Shan, Guoying Zhao. Video-based Remote Physiological
Measurement via Cross-verified Feature Disentangling. ECCV, 2020. (Oral, 2%)
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Disentangled Representation Learning for HR
- m .

g *» Heart rate variability (HRV): Variation in the time interval between

heartbeats

Sudden cardiac death have been found to have lower HRV than
healthy individuals

R-R interval (ms)

@10 210)
e s

S
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Xuesong Niu, Zitong Yu, Hu Han, Xiaobai Li, Shiguang Shan, Guoying Zhao. Video-based Remote Physiological
Measurement via Cross-verified Feature Disentangling. ECCV, 2020. (Oral, 2%)
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Disentangled Representation Learning for HR
- m .
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i ** HRV and RF measurement on OBF

Method

RF(Hz)

LF (u.n)

HF(u.n)

LF/HF

Std RMSE r

Std RMSE r

Std RMSE r

Std RMSE r

ROT,oen [8
CHROM [3]
POS [22]

rPPGNet[25]

0.078 0.084 0.321
0.081 0.081 0.224
0.07 0.07 0.44
0.064 0.064 0.53

0.22 0.24 0.573
0.199 0.206 0.524
0.155 0.158 0.727
0.133 0.135 0.804

0.22 0.24 0.573
0.199 0.206 0.524
0.155 0.158 0.727
0.133 0.135 0.804

0.819 0.832 0.571
0.83 0.863 0.459
0.663 0.679 0.687
0.58 0.589 0.773

Proposed

0.058 0.058 0.606

0.09 0.09 0.914

0.09 0.09 0.914

0.453 0.453 0.877

Xuesong Niu, Zitong Yu, Hu Han, Xiaobai Li, Shiguang Shan, Guoying Zhao. Video-based Remote Physiological
Measurement via Cross-verified Feature Disentangling. ECCV, 2020. (Oral, 2%)
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< Summary
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@ Summary

=
<+ Professional domain knowledge/prior is becoming more
Important when we need to take a close look at face from

a micro perspective

Medical image analysis

It I1s necessary to leverage unlabeled/inexactly/inaccurately
labeled data to learn a better representation

< Multi-modality/cues can be helpful for micro perspective
(face) analysis
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Thank you!

wa E@ Institute of Computing Technology, Chinese Academy of Sciences
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