
Pattern Recognition

Feature Selection and Reduction



Motivation

• In practical multi-category applications, it is 

not unusual to encounter problems involving 

tens or hundreds of features.

• Increasing the number of features increases 

the complexity of the classifier.



Curse of Dimensionality

• It has frequently been observed in practice 
that, beyond a certain point, adding new 
features leads to worse rather than better 
performance.

• The fact that the convergence of any 
estimator to the true value of a smooth 
function defined on a space of high dimension 
is very slow after a point is called the curse of 
dimensionality



Optimum Dimensionality

• The aim of optimizing dimensionality of the 

feature space is:

– Finding the optimum number of features for best 

performance (feature reduction)

– Choosing the most suitable features for best 

discrimination (feature selection)



Considerations for Optimum 

Dimensionality

• There are two issues that we must be careful 

about:

– How is the classification accuracy affected by the 

dimensionality (relative to the amount of training 

data)?

– How is the computational complexity of the 

classifier affected by the dimensionality?



Problems of Dimensionality

• Potential reasons for increase in error include

– wrong assumptions in model selection, 

– estimation errors due to the finite number of 

training samples for high-dimensional 

observations (overfitting).

• Potential solutions include 

– reducing the dimensionality, 

– simplifying the estimation.



Example: Overfitting



Reducing Dimensionality

• Dimensionality can be reduced by

– redesigning the features,

– selecting an appropriate subset among the 

existing features,

– combining existing features.



Issues in feature reduction

• Linear vs. non-linear transformations.

• Use of class labels or not (depends on the 
availability of training data).

• Training objective:

– minimizing classification error (discriminative 
training),

– minimizing reconstruction error (PCA),

– maximizing class separability (LDA),

– retaining interesting directions (projection pursuit),

– making features as independent as possible (ICA).



Feature Reduction

• Given x є Rd, the goal is to find a linear 

transformation A that gives y= ATx є Rd’ where d’ < d

• Two classical approaches for finding optimal linear 

transformations are:

– Principal Components Analysis (PCA): Seeks a projection 

that best represents the data in a least-squares sense.

– Linear Discriminant Analysis (LDA): Seeks a projection 

that best separates the data in a least-squares sense



Principal Component Analysis (PCA)

• Given x1, . . . , xn є Rd, the goal is to find a 

d’-dimensional subspace where the 

reconstruction error of xi in this subspace is 

minimized



PCA



PCA



PCA Example



Principal Component Projections



Example (PCA)
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Example (PCA)



Example (Cont.)



Example(Cont.)



Example(Cont.)



Example(Cont.)



Example(Cont.)



Example (Cont.)



Example (Cont.)



Example (Cont.)



Example (Cont.)

• To recover data from Y



Recovering Data



Linear Discriminant Analysis



Linear Discriminant Analysis
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Linear Discriminant Analysis



Linear Discriminant Analysis



Example
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Potential Term Project

• Assume each face image is given as a 2D matrix of 
integer numbers ranging from 0 to 255. (Each value 
represents a gray level, o being black, 255 white and 
all other numbers in between gray shadings). Also 
assume images of n persons at different conditions 
have been given (image of each person). Convert 
each matrix into a vector and use PCA to classify the 
images and identify a person if a new image is 
provided.

• Use public face image databases for training and 
testing your algorithm.



Sample Images



Questions?


