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Outline

What is the focus of micro-perspective face analysis

Knowledge and data driven modeling

Disentangled representation learning

Summary



Institute of C
om

puting Technology, C
hinese Academ

y of Sciences

3

Identity
Trump

What can we get from a face image/video?

Attribute
Old, White, Male
Expression/Emotion
Anger
Action Unit
4+5+7+23
Physiological signals
Heart rate, respiratory 
rate, …
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Vision based physiological signal measurement

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

心率（成人60-100）、心率变异性(逐次心跳周期差异的变化情况，
它含有神经体液因素对心血管系统调节的信息，从而判断其对心血管等疾
病的病情及预防，可能是预测心脏性猝死和心律失常性事件的一个有价值
的指标)

血氧饱和度(血液中被氧结合的氧合血红蛋白占全部可结合的血红蛋白
的百分比，是呼吸循环的重要生理参数，正常95%以上)

呼吸频率(成人12~20次)

体温、疼痛…
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Trend of face analysis

Face analysis

Face recognition

Scale

Task

Macro Micro

Single

Multiple

Attribute analysis

Expression recog.

AU detection

Physiological signals

Deep face analysis from macro to micro perspectives! 
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Why is micro perspective analysis important? 

NHCI HMC

Intelligent healthcare ADAS
Images from Internet
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Milestones of face analysis in micro perspective  

Ekman and Friesen
FACS

1978 20081965

Bledsoe & Chan
& Bisson

Geometry based FR

Verkruysse et al.
(Opt. Express)

Camera based HR 
estimation

2017

Apple FaceID
Emerging applications

of FR

1975

Ekman & Friesen
Expression recognition

Suwa & Sugie
& Fujimora (ICPR)

Automatic expression
recognition 
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Challenges of micro perspective face analysis 

Micro perspective
face analysis

Weak visual 
signal (low PSNR)

Lacking (big) 
labeled data

Challenges

Poor 
generalization

ability

Approaches

Knowledge + data
driven

Unsupervised
/weakly 

supervised
learning

Disentangled
representation
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Outline

What is the focus of micro-perspective face analysis
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

Summary
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Knowledge and data driven rPPG HR estimation

What kind of knowledge do we have in rPPG HR estimation?
 A review of the physical imaging process w.r.t. rPPG

Periodic heartbeat  periodic blood volume changes 

periodic light absorption by blood  periodic color

changes in video

Knowledge/prior: There is indeed a periodic signal contained
in the raw face video
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Well-known knowledge/prior in different tasks

Imaging prior Shape prior Structural prior
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rPPG based HR estimation

Video X

Background signal
U

rPPG signal
V

Noisy signal
N

How to leverage prior knowledge to extract or enhance V?
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Milestone of rPPG based HR estimation

Verkruysse et al.
Opt. Express 2008

First work on camera 
based HR est.
(spatial avg. & 

filtering)

2008 2010 2013 2014 2017 2018-

Poh et al.
Opt. Express 2010/2011

(ICA)

Haan et al.
TBME 2013

(chrominance)

Li et al.
CVPR2014

(light rectification & 
motion estimation)

Wang et al.
TBME 2017

(orthogonal projection plane)

Niu et al.
ACCV2018/TIP19
(knowledge + data 

driven)

Chen et al.
ECCV 2018
(DeepPhys)
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Review：ICA based HR estimation

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.
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Review：ICA based HR estimation

 Better performance than using green channel

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.
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Review：Chrominance-based method

 Assume the influence of motion to different channels is equal

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

 Assume the influence of motion to different channels is equal

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

Two orthogonal 
signals
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Review：Chrominance-based method

 Result

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

SNR of stationary scenario SNR of exercise scenario
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Review：Illumination and motion robust rPPG

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：Illumination and motion robust rPPG

 Best results on MAHNOB-HCI in 2014

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：CNN+Attention

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

Using normalized 
difference between 

frames as input Learning spatial 
mask as attention
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Review：CNN+Attention

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

Internal dataset
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Motivation of our approach

Review of traditional rPPG pipeline

…
HR = 72

Video ROI
Temporal signal

(PCA, ICA, 
Filtering, Avg.)

Spectral Result

rPPG signal

FFT

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

HR = 72

Video ResultDeep neural network

Datasets in this area are usually very small; may easily cause overfitting
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Motivation of our approach

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

ImageNet 
Pre-train

rPPG based HR est.

Model transfer/finetune



Institute of C
om

puting Technology, C
hinese Academ

y of Sciences

26

Our approach: knowledge and data driven

Reduce the domain gap using synthetic HR signal

ImageNet 
Pretrain

Synthetic HR signal 
with noises

Real HR signal

RyhthmNet v1.0 (2017-2018)
Xuesong Niu, et al., SynRhythm: Learning a Deep Heart Rate Estimator from General to Specific. ICPR, 2018.
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Our approach: knowledge and data driven

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

RyhthmNet v1.0 (2017-2018)
Xuesong Niu, et al., SynRhythm: Learning a Deep Heart Rate Estimator from General to Specific. ICPR, 2018.
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Our approach: knowledge and data driven

Spatial-temporal map based on imaging prior ：
Suppressing the background and noisy signals while
enhancing the rPPG signal

Multi-ROI temporal signal

序列长度T

RO
I

块
数
N

STMap Visualization of STMap

序列长度T

RO
I

块
数
N

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.
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Our approach: knowledge and data driven

Learn representation with CNN，model temporal 
relationship with RNN

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.
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Result on VIPL-HR (unconstrained)

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
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Results under different conditions

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

Error under different illuminations Error under different movements
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Results under different conditions

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

Compressed video (x10, MJPG) vs. raw video

RGB vs. NIR under dark illumination
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Cross-database testing on MAHNOB-HCI

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
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Imbalanced data

The ground-truth HR distribution in VIPL-HR

Heart rate: Beat per minute (BPM)
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Handling data imbalance

Temporal data augmentation

Raw 
video

Temporal
downsampling

Temporal
upsampling

Video
STMap

133bpm

71.2bpm

89bpm

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. (最佳海报论文)
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Handling head movement

Channel and spatial attention

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. (最佳海报论文)
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Results

VIPL-HR

Method 𝑯𝑹𝒔𝒕𝒅ሺ𝒃𝒑𝒎ሻ 𝑯𝑹𝒔𝒕𝒅ሺ𝒃𝒑𝒎ሻ 𝑯𝑹𝒎𝒂𝒆ሺ𝒃𝒑𝒎ሻ 𝑯𝑹𝒓𝒎𝒔𝒆ሺ𝒃𝒑𝒎ሻ 𝑯𝑹𝒎𝒆𝒓 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

RhythmNet v1 1.02 8.88 5.79 8.94 7.38% 0.73
RhythmNet v1

+ DA -0.08 8.14 5.58 8.14 6.91% 0.63

RhythmNet v1
+ DA +Attention -0.16 7.99 5.40 7.99 6.70% 0.66

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. (最佳海报论文)
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Database collection

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

http://vipl.ict.ac.cn/view_database.php?id=15

Movement

Lighting

Camera

Download VIPL-HR

(2018)

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.
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Outline

What is the focus of micro-perspective face analysis
Knowledge and data driven modeling [TIP2020, FG2019, 

ICPR2018]
 Weak visual signal, insufficient labeled data

Disentangled representation learning [CVPR2019, CVPR2020, 
ECCV2020]
 Weak visual signal, poor generalization ability

Summary
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Disentangled representation learning

Motivation

Fi =fi (X) 

F1

F2

Fm

task1

task2

taskm

e.g., identity

e.g., age, gender

e.g., expression

F =f(X) 

task1

task2

taskm

e.g., identity

e.g., age, gender

e.g., expression

F

“大而全”vs “小而专”
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Facial Action Unit (AU) recognition

AUs intensity can be minor and their intensities can be 
subject dependent

https://imotions.com/blog/facial-action-coding-system/

AU1 AU5 AU7

How to learn a subject-independent representation for AU? 
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Disentangled representation learning for AU 
recognition 

Subject independent AU features

Subject dependent shape features

Regularization
Disentangled feature

Disentangled representation learning via regularization 

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 
recognition 
Network

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 
recognition 
Results on DISFA 

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 
recognition 
Visualization 

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）

Is this a live face? 

The differences between live and spoof faces can be minor!



Institute of C
om

puting Technology, C
hinese Academ

y of Sciences

48

Challenge of face anti-spoofing/PAD

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? 
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Challenge of face anti-spoofing

Multi-domain Disentangled Representation Learning

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

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

Encoder for ID featureEncoder for anti-spoof feature
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Challenge of face anti-spoofing

Self-supervision

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

Cross-database testing results

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 
Estimation
Cross-verified feature learning

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 
Estimation
Result on VIPL-HR

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 
Estimation
Train on VIPL-HR, test on MMSE-HR

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 
Estimation
Visualization

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 
Estimation
Heart rate variability (HRV): Variation in the time interval between 

heartbeats
 Sudden cardiac death have been found to have lower HRV than 

healthy individuals

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%)



Institute of C
om

puting Technology, C
hinese Academ

y of Sciences

58

Disentangled Representation Learning for HR 
Estimation
HRV and RF measurement on OBF

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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Outline

What is the focus of micro-perspective face analysis
Knowledge and data driven modeling [TIP2020, FG2019, 

ICPR2018]
 Weak visual signal, insufficient labeled data

Disentangled representation learning [CVPR2019, CVPR2020, 
ECCV2020]
 Weak visual signal, poor generalization ability

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 is 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!




