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Feature Extraction 
(Based on Dr. Gutierrez-Osuna’s lecture notes)



Why Dimension Reduction?

� Curse of Dimensionality

� Applications:

� Pattern Recognition

� Similarity Search 
� Visualization

� Compression

� Different goals

� Better clustering/classification results
� Preserve distance relationship

� Produce as few bits as possible with little loss of  quality



Outline

� Curse of Dimensionality

� Feature selection vs. Feature extraction
� Signal Representation vs. Classification
� Principal Component Analysis (PCA)
� Linear Discriminant Analysis (LDA)

� Independent Component Analysis (ICA)



Curse of dimensionality (1)



Curse of dimensionality (2)



Curse of Dimensionality (3)



Dimensionality Reduction (1)



Dimensionality Reduction (2)



Signal representation vs. 
classification



PCA (1)



PCA (2)



PCA (3)



PCA (4)



PCA Example



Linear Discriminant Analysis 
(LDA)



LDA – 2 classes (1)



LDA – 2 classes (2)



LDA – 2 classes (3)



LDA – 2 classes (4)



LDA Example



LDA – C classes (1)



LDA – C classes (2)



LDA – C classes (3)



LDA vs. PCA



Limitations of LDA



Independent Component 
Analysis (ICA)

� PCA : find subspace with largest variance

� ICA: find subspace that independent from the 
rest

� PCA = ICA for Gaussian Data but different 
significantly when not



Uncorrelated vs. Independent

x x

y y

� Are x and y uncorrelated?
� Are x and y independent?
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Unknown sources

Observations

s1

s2

x1

x2

Unknown mixing matrix A

x = As

n sources, m=n observations



MotivationMotivation

Two Independent Sources Mixture at two Mics

aIJ ... Depend on the distances of the microphones from the speakers
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MotivationMotivation

Get the Independent Signals out of the Mixture



Definition and Applications

� Problem Statement

� Applications:
� “cocktail party problem” (Blind source separation)

� Neurological signal separation from electroencephalograms (EEG)
� Separation of noise from signals in mobile
� Climate studies – separating El Nino from Volcano

� Multimedia : compression, watermarking

other each oft independen are ,..., that such  

 ation transformfind,,...,, inputs Given

1
2

1
1

21

m

n
m

n

yy

x

x

x

W

y

y

Wxxx

��
�
�
�

�

�

��
�
�
�

�

�

=
�
�
�

�

�

�
�
�

�

�

�
�



ICA Estimation Principle

� Principle 1: Nonlinear decorrelation
� Find the matrix W so that for any i � j, the components yi

and yj are uncorrelated, AND the transform components 
g(yi) and g(yj) are uncorrelated, where g and h are some 
suitable non-linear function

� Principle 2: Maximum non-gaussianity
� Find the local maxima of nongaussianity of a linear 

combination                   under the constraint that the 
variance of y is constant. Each local maximum gives  
one independent component.
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Maximal NonGaussianity

� By Central Limit 
Theorem,               would 
normally be “more” 
Gaussian than individual 
components

� This would not be the 
case y is one of the 
recovered independent 
sources s – it will be 
“less” Gaussian than any 
of the x’s

x x

y y

P(x) P(x)
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Measures of NonMeasures of Non --GaussianityGaussianity

� We need to have a quantitative measure of non-gauss ianity for ICA Estimation.
� Kurtotis : gauss=0 (sensitive to outliers)

� Entropy : gauss=largest

� Neg-entropy : gauss = 0 (difficult to estimate)

� Approximations

� where v is a standard gaussian random variable and :
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