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Introduction

Feature clustering is a popular approach for segmentation and 
grouping.

For image egmentation, clustering is performed in order to 
subdivide the feature spcace  into dense clusters, which 
(presumably) correspond to homogeneous regions in the image. 

Original image
Cluters in feature space

Homogeneous regions
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Motivation of the problem

Finite Mixture models (FMM) has been proved as a powerful technique 
for clustering. It has been successfully used for segmentation. 

FMM try to model the distribution of each cluster in the data using a 
probability density function (pdf). 

The image data can then be described by a mixture of these densities.
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Motivation of the problem:

What is the best way to the combine several features to yield optimal 
regions (clusters) in the image?

+
Example:
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Motivation of the problem
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Motivation of the problem
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Proposed solution
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Proposed solution: Feature Selection (saliency)
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Mixture of GGDs with feature selection
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Model Learning 
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Performance testing
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Some results

We tested our model for image and video segmentation. 

We used the Berkeley Benchmark dataset and known test videos:
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Some results
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Some results
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Some results

Image segmentation

Video segmentation
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Conclusion and future work

- We introduced an unsupervised model for feature selection 
and clustering for segmentation.

- Feature selection is important for mitigating over-segmentation  due  to 
uniform (non-relevant) features.

- Use more features for more accurate segmentation.

- Use feature selection for object segmentation.
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Thank you!

Questions?
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