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Classification for face recognition 

J. Meynet, V. Popovici and J. Thiran. Mixtures of Boosted Classifiers for Frontal Face Detection, Signal, Image and Video Processing, 

vol. 1, num. 1, p. 29--38, 2007 

Binary classification can be used to classify between face and non-face, 

or between frontal versus non-frontal face (to determine when to start 

interaction). 
 

Multi-class classification can be used to classify across orientations of the 

face, or to recognize different faces. 
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From clustering to classification 

Need to decide to which class each point belongs.  

What if the probability of belonging to several classes is not zero? 
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Bayesô rule and simple classification 
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A, B have associated probabilities P(A) and P(B) 

 

Conditional probability of event A given B 

 

For probability density or continuous distributions: 
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Maximum Likelihood Discriminant Rule 

ÅA maximum likelihood classifier chooses the class label that is 
the most likely. 

 

Å Conditional density that a data point x has associated class 
label y=k is: 

 

 

Å The maximum likelihood (ML) discriminant rule predicts the 
class of an observation x  using:   

( ) ( | )kp x p x y k= =

( ) arg max ( )k
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Gaussian ML Discriminant Rules 
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Å 2-class problem, conditional densities to belong to class 1 and 2: 

 

 

 

 

 

 

 

 

Å To determine the class label, compute likelihood ratio (optimal Bayes 
classifier) Ą A new point x belong to class 1 if: 
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Gaussian ML Discriminant Rules 
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Gaussian ML Discriminant Rules 

Example of binary classification using two 

Gaussian distributions 
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Gaussian ML Discriminant Rules 

Å Muticlass problem with k=1éK classes, conditional densities for each 
class is a multivariate Gaussian:  

 

 ( ) ( )| ~ ,k kp x y k N m= S

 

Å ML discriminant rule is minimum of the log-likelihood (equiv. to 
maximizing the likelihood): 
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Gaussian ML Discriminant Rules 

Example of 4-classes classification using 

four Gaussian distributions 
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Gaussian ML Discriminant Rules 

Example of 4-classes classification using 

four Gaussian distributions 
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Gaussian ML Discriminant Rules 

•When all class densities have the same covariance matrix, 

Sk 
 = S , the discriminant rule is linear. This is equivalent to 

Linear discriminant analysis for k = 2): 
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Gaussian ML Discriminant Rules 

Example of 2-classes classification using 

2 Gaussian distributions with equal 

covariance matrices 
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Classification with GMM-s 

Muticlass problem with l=1éL classes, and each class is modeled 
with a GMM composed of Kl multivariate Gaussian:  
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Å ML discriminant rule is minimum of the log-likelihood (equiv. to 
maximizing the likelihood): 
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Gaussian ML Discriminant Rules 
 

Å In practice, population mean vectors mk and covariance matrices S k are 

estimated from the training set. 
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Clustering with a GMM with 4 Gaussians 
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Classification with two GMM per class. Each GMM has 2 Gaussians. 
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From clustering to classification 

Clustering with GMM Ą 

Classification with GMM 

using Naïve Bayes 
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Linear Discriminant Analysis (LDA) 

ÅPCA finds the most accurate data representation in a lower 

dimensional space: 

ïProjects data in the directions of maximum variance. 

ÅHowever the directions of maximum variance can not be 

used for classification:  

ïDiscriminate between two or more groups (classes) of objects.
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ÅA method for projecting data into lower dimension useful for 

classification: 

ïLinearly separable data. 

ïCategorical variables, i.e. class labels (not regression).  

ÅProject to a line that best separates the data in a least-

square sense: to a vector that connects the means. 

 

  

Linear Discriminant Analysis (LDA) 
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ÅGiven the data matrix           find a linear transformation    

   that maps each column         

 in the N-dimensional space to a vector      in P-dimensional 

 space: 

 

ÅThe data in  X  are partitioned into K classes 

  

 where each class       contains      data points and 

 

Å Find an optimal transformation A that preserves the class 
structure of the original high-dimensional space in the     
low- dimensional space.   
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( )( ) ( )( )1 1 1 2 2 2

1 2

:  Global mean of all datapoints

, :  number of datapoints in class 1 and 2
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Classification in a two-class problem using two Gaussian 

distributions and assuming same covariance matrix. 

 

 

 

Must be true for all points x belonging to class 1. 

 

 

Ą Equivalent to maximizing a measure of inter-means distance: 
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LDA for two classes 
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Looking for a projection where examples from the same class are 

projected very close to each other and, at the same time, the 

projected means are as farther apart as possible 

LDA for two classes 
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To ensure that similarity within one class is high 

Ą distance across datapoints within each class must be small 

 

Measure of intra-class variability: 

 

 

 

 

 

                                                 means of class 1 and 2 
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LDA for two classes 
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Extend to a multi-class analysis with k=1éK classes: 
 

Measure of intra-class variability: 

 

 

 

 

Measure of inter-class variability: 
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ÅGiven the scatter matrices Sw and Sb , find the linear 
projection through a map A that maximizes: 

 

 
 

  

 

 which corresponds to:  

ïincreasing the between-class dissimilarity Sb (maximizes 
numerator) 

ïincreasing the within-class similarity Sw (minimizes 
denominator) 
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matrix determinant 
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LDA drawbacks 

 For complex data, projection to even the best line may result in 

unseparable projected samples.  

 Ą LDA will fail when: 

 
J(A) 

J(A) 
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LDA drawbacks 

This is not a very good measure since it does not take into 

account the standard deviation within the classes 
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Sb measures the distance between the projected means. 
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LDA improvement 

LDA assumes equal variance; the two classes have the same 

distribution 
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LDA improvement ï Fisher LDA 

LDA assumes equal variance; the two classes have the same distribution 

LDA projection 

Fisher LDA projection 

Does not assume equal  

class covariance 
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Fisher Linear Discriminant (FLD) 

ÅAs LDA, FLD optimizes classification by increasing the 

between class similarity and decreases the within class 

similarity.   

 

ÅBut it does not assume: 

ïNormally distributed classes. 

ïEqual class covariances. 
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FLD for two classes 

ÅConsider two classes with probability functions described by 
experimental means m1 and m2 and experimental covariance 
matrices S1 and S2

 . 

 

Å The scatter matrices: Sw (within-class similarity) and Sb 
(between-class similarity) are given by:  
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FLD for multiple classes 
 

Å Generalizes easily to multi-class classification. 

Å For more than two classes finds a subspace that contains 
all the classesô variability: 
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FLD optimization 

 ÅGiven the scatter matrices Sw and Sb , linearly project the 

data through a map A to maximize: 

 

 

 

ÅReduces to a generalized eigenvalue problem: 

 
 

ÅPerform an eigenvalue decomposition on the matrices: 

ï    if       is non singular 

ï   if       is non singular 

 

| | corresponds to the  

matrix determinant 
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FLD drawbacks 

ÅSingularity problem: 

ïBoth  and are singular => can not solve the problem.   

 

ÅSolution: 

ïUse a pseudo-inverse transformation 

ïApply PCA before LDA 
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FLD drawbacks 

Both LDA and FLD will fail when the discriminatory information 

is not in the mean but rather in the variance of the data 
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Example ï I: Classification with LDA 
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Example ï I: Classification with 2 GMMs  
(1 Gaussian per model, Spherical covariance matrix) 

Equivalent performance ï Equivalent computational costs? 
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Example - II: 

LDA Ą 

Fisher LDA Ą 
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Example - II: Classification with two GMMs  
(1 Gaussian per model, full covariance matrices) 
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Example III: Classification of two embedded clusters 
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Example III: Classification with PCA, LDA and FLD 

PCA 

LDA FLD 
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Example III: Classification with two 1-Gaussian GMM 

Beware of the number of parameters  

Ą increase computation time for both training and testing 
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ÅA wide range of ML methods are developed to perform 

supervised and unsupervised classification. 

 

ÅUnsupervised classification is usually referred to as 

clustering. This is used in a variety of application for which 

the number of classes is unknown, e.g. for grouping of 

behavioral traits from DNA.  

Clustering and Classification 
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What Structure is Interesting? 
 

 

Ç Principal component analysis (PCA):  

 Maximize the data variance along the projection 
 

Ç Independent component analysis (ICA):    

     Maximizes statistical independence across projections 
 

Ç Linear Discriminant Analysis (LDA):  

     Maximizes the relative separation between group means 
 

Projection pursuit generalizes these ideas  into a common method,  

where an arbitrary function on projections is optimized. 

Projection Pursuit 


