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m Face Alighment:
J1Predict facial landmarks from the face region

m Application
1Face recognition
1EXpression recognition
1Face animation ...



@ Challenges

m Appearance -> Shape: a complex mapping

m Large appearance & shape variations
"THead pose
1EXpressions
Cllumination
“1Partial occlusion

ABojouyosa] Bunndwo) Jo a1ninsu|




Related Work

ASM & AAM [Cootes’d5; Gu’08; Cootes’01; Matthews’'04 ]
Sensitive to initial shapes
Sensitive to noise
Hard to cover complex variations

DCN N [Sun’l3; Toshev'14]
Fragile to partial occlusions

Shape regression model
C DR,ESR,RCPR [Dollar'10; Cao'12; Burgos-Artizzu’13]
DRMF [Asthana’l3]
SDM [xiong'13]
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Cascade shape regression models for face alignment
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@ Motivation

Cascade shape regression models for face alignment
AS; = H;(0(I,Sj-1))

€ Global regression for better initialization S,

€ Deep networks for nonlinear regression function H;
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@ Motivation

Cascade shape regression models for face alignment
AS; = H;(0(I,Sj-1))

€ Global regression for better initialization S,

€ Deep networks for nonlinear regression function H;

€ Cascade H; In a coarse-to-fine architecture

High
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hanging in Resolution

Coarse-to-fine Cascade



Our Method(1/7)

| m Schema of Coarse-to-Fine AE Networks

So A YT S> S3

1 1 1 1

Nonlinear H I::> Nonlinear H, |:> Nonlinear H, I::> Nonlinear Hj
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Global SAN Local SANs

SAN: Stacked Auto-encoder Network 11
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m Pipeline
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Our Method(4/7)

()
NS
S0

-l = Global SAN:

= Mapping H, from image I to shape S.

> Hy: S « 1

5 Model H, as a Stacked Auto-encoder:

s I

: Hy = arg rrlglionllS — fi (fi—1 G ALDD 5 +a T W 1

filai-1) =ocW;a;—1 + b)) 2 a;,i=1,.., k-1

filag—1) = Wiag_1 + by £ 5
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Our Method(4/7)
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| = Global SAN:

Mapping H, from image I to shape S.

Hy: S « 1

Model H, as a Stacked Auto-encoder:

()
NS
S0

Hp = argmin||S — [fi (fi—1 (. A[(DD113+

k
a Yi-1 Wil

0
Regression

filai—1) =o(Wia;_1 + b;) £ a;,i =1,

fr(ag—1) = Wxag_1 + b £ S,

Regularization

k=1
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m Pipeline
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Our Method(6/7) Y|
l m Local SAN: SO0
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Initialize shape S, from global SAN. OOOO

Refine the shape with local feature ggEs &
= predict shape deviation with AE

a5, — nt (.h(065))| +aZIIW1II

H{ = arg mln

AS, =S —5,
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&% Our Method(7/7)

m Coarse-to-fine Cascade:

5y = ] (! (0(5)-1)))

2 k 2
) Wl
j: index of local SAN =1

k: index of hidden layer . ; High

HS = arg rrlbi_n
j
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LLocal SAN1 1lLocal SAN2 lLocal SAN3 LLocal SAN 4
So S S> S3

Large Search Region/Step > Tiny Search Region/Step
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Experiments(1/8)

m Datasets

XM2VTS [Messer'99]

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

LFPW [Belhumeur'11]

m 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
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Experiments(2/8)

JisE

m Evaluation of Successive SANs
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Performance gain of each SAN
(Conduct on LFPW)
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m Evaluation of Successive SANs
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@ Experiments(2/8)

m Evaluation of Successive SANs
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Experiments(3/8)

| = Comparative Methods

Local Models with Regression Fitting
s SDM [Xiong'13]
m DRMF [Asthana’13]

Tree-structured Models
m Zhu et al. [Zhu'12]
m Yuetal. [Yu'l3]

Deep Model
= DCNN [Sun'13]
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@ Experimental Result(4/8)

m Performance comparisons on HELEN
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m Performance comparisons on HELEN
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@ Experimental Result(4/8)

m Performance comparisons on HELEN
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@ Experimental Result(5/8)

m Performance comparisons on LFPW
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@ Experimental Result(6/8)
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Experimental Result(7/8)

| = Comparisons with DCNN
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Note: The performance is evaluated in terms of five common landmarks
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Experimental Result(8/8)
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Experimental Result(8/8)

Occlusion

Pose Expression

g« i
i ®
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@ Conclusions
"
m Global SAN achieves more accurate
Initialization
m SAE well characterizes the non-linearity
from appearance to face shape
m Coarse-to-fine strategy Is effective
Alleviate the local minimum problem

m I[mpressive improvement and real-time
performance
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ICE
" A
Model is available online!

http://vipl.ict.ac.cn/resources
Poster ID: P-2A-50
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