
Input: Positive and negative training sample P1, P2, …, Pu and N1, 
N2, …, Nv, where each example is a d  dimensional vector 
obtained by vectorizing positive and negative class images.

Output: Classifier H(x)

1. Compute the kernel matrices Kp and Kn from positive and 
negative training samples. 

2. Solve eigen value equations:

where       and are eigen-value and eigenvector 
matrices, respectively.

3.  Project each training sample onto the nonlinear subspaces of
positive and negative samples using Ap and An to get the new 
representation fp and fn respectively. The final augmented feature 
vector for an example will be f = [fp fn].

4. Construct a one dimensional histogram hi for ith dimension of 
feature vector f. These histograms will be the weak classifiers.

5. Train AdaBoost using labeled feature vectors obtained in Step 3. 
Training will return a classifier which will be the weighted 
combination of weak classifiers hi.

6. Output the strong classifier H(x)

Detect the object of interest in the given image

• Automated object detection has many uses:

Indexing in image libraries, 

Multimedia search engines    

Surveillance, 

Understanding Scene Semantics etc.

A Supervised Learning Framework for Generic 
Object Detection in Images

Saad Ali and Mubarak Shah, Computer Vision Lab, University of Central Florida

• Challenges are due to variations in visual

appearance,  shape, illumination, background,

view point and scale of the object that result in

enormous intra-class variations.

An efficient detector should factor out as many of 
these variations as possible

• Use Kernel PCA for mapping data nonlinearly into a 
higher dimensional space which will capture the 
nonlinear variation of the underlying data.

• Use Adaboost  to discover most relevant features in 
this higher dimensional space for object detection 
task at hand
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Problem

Motivation & Challenges

•Two step Object Classification 

1.    Extract features for encoding objects
2.    Learn a classifier using these features

Assumptions:
• Variation in underlying data of the same class 

is linear. 
• All the extracted features are useful and if 

there are any irrelevant or redundant features
the classification algorithms would be able to
deal with them

Traditional Approach (PCA)

Our Approach
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Polynomial

Gaussian

Distance

Pair wise similarity measures of samples are 
collected in Matrix K called Gram Matrix
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Feature Extraction

Which features generated by Kernel PCA are 
truly important?

Advantages: 
• Improved accuracy, 
• Faster processing on testing data,
• Eliminates redundancy

Adaboost as a Feature Selection Device

Feature Selection

Results
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D  is calculated by applying kernel 
function on S and Training Images 1…. m
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Feature Vector for Image S
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Algorithm

Tables show the detection results from the experiments performed
on single image.

Experiments were also performed using sliding window approach.


