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Introduction  



Face Recognition Process 

1. Face Detection 

2. Face Tracking 

3. Face Alignment 

4. Face Recognition 
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 Face Recognition System 
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Face Tracking (MSR) 

Â Input:  
Â Video containing 

moving faces 

Â Output:  
Â Locations, scales, 

 and poses of  

 tracked face  
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Face Alignment 

Â Input:  

Â Face detection/tracking 
output (location, scale, and 
pose) 

Â Output:  

Â Accurate localization of facial 
landmarks / outline  

Â Purpose: 

Â For geometric normalization 
towards accurate facial 
feature extraction  
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Face Matching 

Â Feature Extraction 

Â Matching 

Â Decision (Identification, 
Verification) 

ȂȂȂȂȂȂ 

Face 

Database 

Face Input 
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Face as Compared to  
Other Biometrics 

Â Universality  -- H 

Â Acceptance  -- H 

Â Easy to acquire-- H 

Â Permanence  -- M 

Â Reliability  -- M-H 

Â Uniqueness  -- L 
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Face Recognition R&D 

Â Applied Basic Research 

Â Image processing 

Â Vision ï pose, lighting 

Â Pattern recognition 

Â Statistical learning 

Â Subspaces & manifolds 

Â Algorithm Research 

Â Face detection 

Â Face tracking 

Â Face alignment 

Â Feature extraction 

Â Face Matching 

Â System development 

Â Application Development 
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History (60-70ôs): 
Geometric Feature Based Approach 

Â In traditional AI-CV  framework 

Â Image features pre-specified 

Â Features= 

 {type, locations, distances} 11 



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

Â Different from the AI -CV approach 

Â Example-based 

Â Features Learned 

Â Dimension reduction 

Â Linear mapping from high-dim to low-dim spaces  

Â Linear Subspace Methods: Eigenface (PCA) 
and Others 

Â Face Representation: Kirby & Sirovich. 1990. 

Â Face Recognition: Turk & Pentland. 1991. 

Â Nonlinear Methods 

Â (More contemporary  work).  
- .... 
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Year 2002: EyeCU at MSR Techfest  
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Year 2005: AuthenMetrics of CBSR  

Â E-Passport at China-Hong Kong Boarder 

Â E-Passport at China-Macau Boarder 

Â Access-control in ñBeijingò 

Â Others 

MRTD System 
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Challenges in  
Face Recognition 

Â Image Changes due to Variations in 
Â Geometry (Head pose, Facial expression) 

Â Photometry (Illumination, Camera properties)  

Â Other Variation Factors 
Â Aging, Facial hair, Cosmetics, Accessories 

(eyeglasses, etc) 
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Outline 

1. Introduction to Face Recognition 

2. Linear Subspace Analysis 

3. Nonlinear Subspace Analysis 

4. Research in MSRA Face Group 

5. Face Recognition Evaluation 

6. Future Perspectives 
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Linear Subspace Analysis 



Subspace Modeling 
Dimension Reduction  

Feature Extraction 

Â Eg: Images of size 64x64 

Â Dimensionality of image space: 64x64=4096 (pixels) 

Â Pixel values in {0,é,255}  

Â 256^4096 > 10^9864 possible configurations in 
4096-dim hypercube 

Â Face pattern living in low dim subspace  
Â Dimension reduction (features = projected 

coordinates) 
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Dimension Reduction  

Given {xi in RN | i=1, é,K}, find  
1. A space Rn  

2. Dimension Reduction Mapping 
  y=F(x): RN Ą Rn 

3. Reconstruction Mapping (Smooth, Non-Singular) 
  x=f(y): Rn Ą M (a manifold in RN) 

Such that 
1.  n<N as small as possible 
2.  M  approximately contains {x i }  

  (reconstruction error is small)  

Note that f(F(x)) needs not be x (identity mapping)  
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Linear Subspace Analysis 

Â Linear projection: n dim Ą m dim, m<n  
Â h=Px      x: nx1, P: mxn, h: mx1  

Â Reconstruction x=Bh,    B: nxm  

Â Matrix Factorization 
Â   

  where X: nxN, B: nxm, H: mxN  

Â Principal component analysis (PCA) 

Â Vector Quantization (VQ) 

Â Independent component analysis (ICA) 

Â Non-Negative Matrix Factorization (NMF, LNMF) 

Â Linear Discriminant Analysis (LDA) 
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PCA, VQ, NMF, and LNMF 

  

Method Constraints 

PCA b orthonormal vectors 

VQ h unary vectors 

ICA h independent 

NMF b,h non-negative vectors 

LNMF b,h non-negative + h sparse  

Ą b really  part-based 
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PCA Representation  

Â Basis vectors = Principal eigenfaces 

1st 2nd 3rd 4th 5th 6th 7th 

= 0.9569 X - 0.1945 X + 0.0461 X + 0.0573 X - .... 

Original Face 1st 2nd  3rd 4th 

Â Face as linear combination of eigenfaces 

Y=[0.9569, - 0.1945 , 0.0461, 0.0573, é, ] 
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Independent Component Analysis 

H components as independent as possible 
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Learning View-Subspaces by Using 
PCA, ICA, ISA, TICA (Li et al 2001) 

  

  

PCA ICA ISA TICA 

view-specific n Y Y Y 
View-grouping n n Y Y 
View-ordering n n n Y 
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Non-negative Matrix Factorization 

Â Papers: 

Â Lee and Seung, Nature , 1999 

Â Lee and Seung, NIPS, 2001.  

Â Non-negative Matrix Factorization  

min D(X||BH),  s.t. B,H >=0  and            for all j 

        Basis Components learned by different methods 

NMF  VQ  PCA Training Example 25 



Problems with NMF 

1. Learned components not really localized, part-based 
2. Face recognition not very good 

NMF Results Learned From: 

    Lee-Seungôs Data               ORL Data              Our Data 
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Local Non-negative Matrix Factorization 

Â Additional constraints imposed on NMF 

 for spatially localized, part-based representation 

 LNMF      NMF            PCA 

     Comparative results learned from ORL data: 
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Additional Constraints  
                     .    Let   

 

1. Maximum Sparsity in H. A basis component       
should not be further decomposed into more 
components. Given          ,                            
should be minimized for all j:  
 
 

2. Maximum total activity . Retain most 
expressive components:  
 
 

3. Orthogonality of basis :  
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