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Face RecognitionProcess

~ace betection
=ace lfracking
=ace Alignment
=ace Recognition
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Face RecognitionSystem
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Face Tracking (MSR)

Input:

AL Video containing
moving faces

Output:

Al LLocations, scales,
and poses of
tracked face

@ Microsoft Techfest 2002
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Face Alighment

lnput: -8

Al [Face detection/tracking
output(location, scale, and
POSE)

Output:

A Accurate localization of tacial
landmarks / outline

PUrpose:

A For geometric normalization
towards accurate facial
feature extraction
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Face Matehing

o Feature EXtraction
A, Matehing

Face Input
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Face Recognition R&D

Applied Basie Research Algorithmi Researeh
Allmage processing Al lFace detection
ALVision I pese, lighting [Face tracking

Al Pattern recognition [Face alighment

Statistical learning Feature extraction
Supspaces & manifolds Face Matching

System development
Application Development
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History (60-708):
Geometric Feature Based Approach

Allnitraditienal Al=C\/ framewaork

Allmage features pre-specified

)

)

A Features=
{type, locations, distances}

Table 1 The J-dimensional feature vector:|



History (90 -):
Learning-Based, Subspace Analysis.Approach

Diiferentirom the-Al =C\/ approach

Al EXamplebased

Al Features Learned

Al Dimension reduction

Al LLinear mapping from high-dim to low-dim spaces
Linear Subspace Methods: Eigentace ((RCA)
and Others

Al [Face Representation: Kirby & Siravich. 1990.

Al [Face Recognition: Turk & Penttand. 1991,

Nonlinear Methoads
Al (More contemporary Work).

Stan Z. Li, Chinese Academy of Sciences
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Year 2005: AuthenMetrics of CBSR
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Challenges in
Face Recognition

Image Changes due te Variations In
AL Geometry (Head pese, Facial expression)
Al Phiotometry (llumination, Cameraproperties)

Other Variation Factors

ArAding, Facial hair, Cosmetics, Accessaries
(eyeglasses, ete)

Stan Z. Li, Chinese Academy of Sciences 15



Outline

lntroauction to Face Recognition
CiRear Subspace Analysis
Nonlinear Subspace Analysis
Research in MSRA:Face:Group
Face Recognition Evaluation
[Futlre Perspectives
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Cinear Subspace Analysts



Subspace Modeling
Dimension Reduction
Feature Extraction

EQg: Images ofisize 64x64
Dimensionality of Image space: 64x64=4096(pixels)
Pixel values in {0,e ,255}

25624096 > 1019864 possible contigurations in
4096-dim hypercube

[Face pattern living in'low dim 'subspace

Dimension reduction (features = projected
coordinates)

Stan Z. Li, Chinese Academy of Sciences 18



Dimension Reduction

Given {x;in RN [i=1, & ,K}, find
1.  AspaceR"
> Dimension Reduction Mapping
V=E(X): RN A R"
s Reconstruction Mapping (Smooth, NorrSingular)
x=t(y)s R A M! (@amanifoldin RY)

Such that
1 n<Nas small as poessible
. M approximately contains {X;}

(recoenstruction error:is small)
Note that f(F(X)) heeds notbe-x (identity mapping)

Stan Z. Li, Chinese Academy of Sciences 19



Linear Subspace Analysis

LLinear prejection: n dim A- mdim, m<nh
Arh=Pxe xanxd, Pmxn; hiimxiL
Reconstiuction x=Bh, Binxm

Matrix‘kactorization
A XxBH, X=(Xi,...,%y),H=(h,,...,hy)
where X: nxN; Binxm, HEmxN
AL Prineipal component analysis (PCA)
AL Veetor Quantization (VQ)
Arlndependenticomponentanalysis (ICA)
A Nen-Negative Matrix Factorization (NMFE, LNME)
A Linear Diseriminant Analysis (LDA)

Stan Z. Li, Chinese Academy of Sciences
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PCA, VO, NMF -and"LNMFE

X = BH

Method Caonstraints
PCA B erthonormal vectors

VQ Aiunary Vectors

ICA h independent

NMF 19,1 neN-negative Vectors
LNMF B,hrnoen-negative + h sparse

A b really part-based

Stan Z. Li, Chinese Academy of Sciences
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PCA Representation

BasiS Vectors = Principal elgenfaces

el act

L :

3rd 4th 5th

[Faece as linear combination of eigenfaces

~~ N
‘ :
Le —09569X} -0.1945 X *© + 0.0461 X ’T' +0.0573X_ = g

_ 4 |

Original Face 2nd 3rd 4th

Y=[0.9569,-0. 1945 , O0.0461, 0.0573, ¢é&,
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Independent: Component Analysis

X ~BH, X=(X11"'!XN)!Hz(hll"'rhN)

H components as independent as possible

23



Learning VieWw-Subspaces by Using

PCA,ICA; |
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Non-negative Matrix Factorization

PapeErs:

Al lcee and Seung, Natre:, 1999

Allcee and Seung, M/PS 2001

Non-negative Matrix Factorization X ~BH
min D(X]|BH), st B.H >=0 'and Zl-b’fﬁ)lr alll |ty

Basis Components leanned Dy different methods

oot L
S P e I e e

Training Example




Problems with NMFE

NME Results Learned From:

Lee-S e u:n g-0-S Our Dataa OR L

B ]
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Learned components not really localized, partbased
[Face recognition not very good
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Local Norrnegative Matrix Factorization

Additional constraints imposed on NMF
forspatially/localized, part-ased representation

Comparative results leamed from ORL data:
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Additional Constraints

L'et

Maximum Sparsity in: s H Abasis-component
should: not be further .decomposedsinto more
components. Given

should be minimized for all J:

Maximum total activity . Retain most
expressive components:

Orthogonality of basis

Stan Z. Li, Chinese Academy of Sciences
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