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Problem

 Face Alignment：
Predict facial landmarks from the face region

 Application
Face recognition
Expression recognition
Face animation …
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Challenges

 Appearance -> Shape: a complex mapping
 Large appearance & shape variations
Head pose
Expressions
 Illumination
Partial occlusion
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Related Work

 ASM & AAM [Cootes’95; Gu’08; Cootes’01; Matthews’04 ]

Sensitive to initial shapes
Sensitive to noise
Hard to cover complex variations

 DCNN [Sun’13; Toshev’14]

Fragile to partial occlusions
 Shape regression model
CPR,ESR,RCPR [Dollar’10; Cao’12; Burgos-Artizzu’13]

DRMF [Asthana’13]

SDM [Xiong’13]
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Motivation
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Cascade shape regression models for face alignment

 Global regression for better initialization 𝑺𝑺𝟎𝟎

∆𝑺𝑺𝒋𝒋 = 𝑯𝑯𝒋𝒋(∅(𝑰𝑰,𝑺𝑺𝒋𝒋−𝟏𝟏))
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Motivation
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Cascade shape regression models for face alignment

 Global regression for better initialization 𝑺𝑺𝟎𝟎

∆𝑺𝑺𝒋𝒋 = 𝑯𝑯𝒋𝒋(∅(𝑰𝑰,𝑺𝑺𝒋𝒋−𝟏𝟏))

Mean
Shape
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Motivation
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Cascade shape regression models for face alignment

 Global regression for better initialization 𝑺𝑺𝟎𝟎

∆𝑺𝑺𝒋𝒋 = 𝑯𝑯𝒋𝒋(∅(𝑰𝑰,𝑺𝑺𝒋𝒋−𝟏𝟏))

Mean
Shape

Global
Regression
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Motivation
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Cascade shape regression models for face alignment

 Global regression for better initialization 𝑺𝑺𝟎𝟎
 Deep networks for nonlinear regression function  𝑯𝑯𝒋𝒋

∆𝑺𝑺𝒋𝒋 = 𝑯𝑯𝒋𝒋(∅(𝑰𝑰,𝑺𝑺𝒋𝒋−𝟏𝟏))

…

…

…
𝑺𝑺𝒋𝒋−𝟏𝟏 𝑺𝑺𝒋𝒋
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Motivation

Explicit Shape Regression

1
0

Cascade shape regression models for face alignment

 Global regression for better initialization 𝑺𝑺𝟎𝟎
 Deep networks for nonlinear regression function  𝑯𝑯𝒋𝒋

 Cascade 𝑯𝑯𝒋𝒋 in a coarse-to-fine architecture

∆𝑺𝑺𝒋𝒋 = 𝑯𝑯𝒋𝒋(∅(𝑰𝑰,𝑺𝑺𝒋𝒋−𝟏𝟏))

Coarse-to-fine Cascade
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 Schema of  Coarse-to-Fine AE Networks 

Our Method(1/7)
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𝐼𝐼

𝑺𝑺𝟏𝟏

∅(𝑆𝑆0)

𝑺𝑺𝟐𝟐

∅(𝑆𝑆1)

𝑺𝑺𝟑𝟑

∅(𝑆𝑆2)

Nonlinear𝑯𝑯𝟎𝟎 Nonlinear 𝑯𝑯𝟏𝟏 Nonlinear 𝑯𝑯𝟐𝟐 Nonlinear 𝑯𝑯𝟑𝟑

𝑺𝑺𝟎𝟎

Global SAN Local SANs

SAN: Stacked Auto-encoder Network
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 Pipeline

Our Method(2/7)
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 Pipeline

Our Method(2/7)
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 Pipeline

Our Method(2/7)
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𝐼𝐼

𝑆𝑆0
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 Pipeline

Our Method(2/7)
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𝑆𝑆0

𝑆𝑆0
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 Pipeline

Our Method(2/7)
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𝑆𝑆0

𝑆𝑆0
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 Pipeline

Our Method(2/7)
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𝑆𝑆0

𝑆𝑆0

∆𝑆𝑆2

𝑆𝑆1 + ∆𝑆𝑆2

𝑆𝑆2

… …

∅(𝑆𝑆1)

∆𝑆𝑆3

𝑆𝑆2 + ∆𝑆𝑆3

𝑆𝑆3

… …

∅(𝑆𝑆2)

∆𝑆𝑆1

𝑆𝑆0 + ∆𝑆𝑆1

𝑆𝑆1

… …

∅(𝑆𝑆0)
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 Pipeline

Our Method(3/7)
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 Pipeline

Our Method(3/7)
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 Global SAN:
Mapping 𝐻𝐻0 from image 𝐼𝐼 to shape 𝑆𝑆.

𝐻𝐻0∶ 𝑆𝑆 ← 𝐼𝐼
Model 𝐻𝐻0 as a Stacked Auto-encoder:

𝐻𝐻0∗ = arg min
𝐻𝐻0

𝑆𝑆 − 𝑓𝑓𝑘𝑘(𝑓𝑓𝑘𝑘−1(… 𝑓𝑓1(𝐼𝐼))) 2
2+𝛼𝛼 ∑𝑖𝑖=1𝑘𝑘 𝑊𝑊𝑖𝑖 𝐹𝐹

2

Our Method(4/7)

20

𝑓𝑓𝑘𝑘 𝑎𝑎𝑘𝑘−1 = 𝑊𝑊𝑘𝑘𝑎𝑎𝑘𝑘−1 + 𝑏𝑏𝑘𝑘 ≜ 𝑆𝑆0

𝑓𝑓𝑖𝑖 𝑎𝑎𝑖𝑖−1 = σ 𝑊𝑊𝑖𝑖𝑎𝑎𝑖𝑖−1 + 𝑏𝑏𝑖𝑖 ≜ 𝑎𝑎𝑖𝑖 , 𝑖𝑖 = 1, … , 𝑘𝑘 − 1

𝐼𝐼

𝑆𝑆0
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 Global SAN:
Mapping 𝐻𝐻0 from image 𝐼𝐼 to shape 𝑆𝑆.

𝐻𝐻0∶ 𝑆𝑆 ← 𝐼𝐼
Model 𝐻𝐻0 as a Stacked Auto-encoder:

𝐻𝐻0∗ = arg min
𝐻𝐻0

𝑆𝑆 − 𝑓𝑓𝑘𝑘(𝑓𝑓𝑘𝑘−1(… 𝑓𝑓1(𝐼𝐼))) 2
2+𝛼𝛼 ∑𝑖𝑖=1𝑘𝑘 𝑊𝑊𝑖𝑖 𝐹𝐹

2

Our Method(4/7)

21

Regularization

𝑓𝑓𝑘𝑘 𝑎𝑎𝑘𝑘−1 = 𝑊𝑊𝑘𝑘𝑎𝑎𝑘𝑘−1 + 𝑏𝑏𝑘𝑘 ≜ 𝑆𝑆0

𝑓𝑓𝑖𝑖 𝑎𝑎𝑖𝑖−1 = σ 𝑊𝑊𝑖𝑖𝑎𝑎𝑖𝑖−1 + 𝑏𝑏𝑖𝑖 ≜ 𝑎𝑎𝑖𝑖 , 𝑖𝑖 = 1, … , 𝑘𝑘 − 1
Regression 

𝐼𝐼

𝑆𝑆0
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 Pipeline

Our Method(5/7)
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 Pipeline

Our Method(5/7)
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 Local SAN:
 Initialize shape 𝑆𝑆0 from global SAN.
Refine the shape with local feature

 predict shape deviation with AE

𝐻𝐻1∗ = arg min
𝐻𝐻1

∆𝑆𝑆1 − ℎ𝑘𝑘1 … ℎ11 ∅ 𝑆𝑆0
2

2
+ 𝛼𝛼�

𝑖𝑖=1

𝑘𝑘

𝑊𝑊𝑖𝑖
1

𝐹𝐹
2

∆𝑆𝑆1 = 𝑆𝑆 − 𝑆𝑆0

Our Method(6/7)
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∆𝑆𝑆𝑗𝑗
𝑆𝑆0 + ∆𝑆𝑆𝟏𝟏

𝑆𝑆1

… …
∅(𝑆𝑆0)
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Our Method(7/7)

25

𝑺𝑺𝟎𝟎 𝑺𝑺𝟏𝟏 𝑺𝑺𝟐𝟐 𝑺𝑺𝟑𝟑

 Coarse-to-fine Cascade:

𝐻𝐻𝑗𝑗∗ = arg min
𝐻𝐻𝑗𝑗

∆𝑆𝑆𝑗𝑗 − ℎ𝑘𝑘
𝑗𝑗 …ℎ1

𝑗𝑗 ∅ 𝑺𝑺𝒋𝒋−𝟏𝟏
2

2
+ 𝛼𝛼�

𝑖𝑖=1

𝑘𝑘

𝑊𝑊𝑖𝑖
𝑗𝑗

𝐹𝐹

2

Large Search Region/Step Tiny Search Region/Step

𝑗𝑗: index of local SAN
𝑘𝑘: index of hidden layer 
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Experiments(1/8)

 Datasets
 XM2VTS [Messer’99]

 2360 face images collected over 4 sessions under the 
controlled settings

 LFPW [Belhumeur’11]
 1132 training images and 300 test images collected from 

wild  condition
 HELEN [Le’12]

 2330 high-resolution face images collected from the wild, 
2000 images for training and 330 images for test

 AFW [Zhu’12]
 205 images with 468 faces collected from the wild

26
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Experiments(2/8)

 Evaluation of Successive SANs

27

Performance gain of each SAN
(Conduct on LFPW)
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Experiments(2/8)

 Evaluation of Successive SANs

28

Performance gain of each SAN
(Conduct on LFPW)
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Experiments(2/8)

 Evaluation of Successive SANs
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Experiments(2/8)

 Evaluation of Successive SANs
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Experiments(2/8)

 Evaluation of Successive SANs

31
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Experiments(2/8)

 Evaluation of Successive SANs

32
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Experiments(3/8)

 Comparative Methods
 Local Models with Regression Fitting

 SDM [Xiong’13]
 DRMF [Asthana’13]

 Tree-structured Models
 Zhu et al. [Zhu’12]
 Yu et al. [Yu’13]

 Deep Model
 DCNN [Sun’13]
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Experimental Result(4/8)

 Performance comparisons on HELEN

34
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Experimental Result(4/8)

 Performance comparisons on HELEN
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Experimental Result(4/8)

 Performance comparisons on HELEN
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Experimental Result(5/8)

 Performance comparisons on LFPW
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Experimental Result(6/8)

 Performance comparisons on XM2VTS
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Experimental Result(7/8)

 Comparisons with DCNN

39

Note: The performance is evaluated in terms of five common landmarks 

XM2VTS                    LFPW                      HELEN         
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Experimental Result(8/8)

40
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Experimental Result(8/8)

Pose Expression Beard Sunglass Occlusion

41
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 Global SAN achieves more accurate 
initialization

 SAE well characterizes the non-linearity 
from appearance to face shape

 Coarse-to-fine strategy is effective
Alleviate the local minimum problem

 Impressive improvement and real-time 
performance

Conclusions

42
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Model is available online!
http://vipl.ict.ac.cn/resources

Poster ID: P-2A-50

http://vipl.ict.ac.cn/resources
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