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Introduction
• Statistical approaches to image segmentation usually differ in
two difficult design decisions, i.e. the statistical model for an
individual segment and the number of segments.

 Model choices: k-means clustering, histogram clustering, mixtures of
Gaussians

 Number of clusters: a priori knowledge, educated guessing, model
selection methods (MDL or cross-validation)

• In this paper, the authors proposed a nonparametric
Bayesian model for histogram clustering based on Dirichlet
process mixture (MDP) and Markov random field (MRF) for
image segmentation.

 The model can automatically determine the number of segments.

 The spatial smoothness constraints on the class assignments are
enforced by a Markov random field.



Dirichlet process mixture models
• Data generation process

• Property: MDP model is capable of adjusting the number of 
classes without switching models.



• Markov random fields provide an approach to modeling
systems of dependent random variables.

• The conditional prior contribution will favor similar
parameter values at sites which are neighbors.

Markov random fields



• Data generation process

• Property: 

 The smoothness constraints on cluster assignments encourage
consistent assignments within neighborhoods.

 The site corresponding to a new draw from the base measurement will
not be affected by the smoothness constraint.

Dirichlet process mixtures 

constrained by Markov random fields



DP Formulation



• The likelihood, base distribution and cost function:

• The resulting MRF will make a larger local contribution if more
neighbors of a site are assigned to the same class, thereby
encouraging spatial smoothness of cluster assignments.

Application to image processing: 

Histogram clustering



• Update equations:



Experimental results
• The unconstrained MDP model is applied to natural images (from

the Corel database), which is sufficiently smooth not to require
spatial constraints.





• The MDP/MRF model is applied to synthetic aperture radar (SAR)
images and magnetic resonance imaging (MRI) data.





Stability is a cross-validation based wrapper method for an arbitrary clustering
algorithm chosen by the user. An instability index is computed for different number of
clusters, which measures how unstable cluster solutions are under the random split
procedure. The chosen model is the one for which the instability index is minimal.
Usually, a local rather than the global minimum is chosen. To obtain a valid comparison,
the algorithm chosen for use with stability is an EM algorithm named ACM.

For Image Fig. 1, the outcome of stability method is comparable to the result of the
smoothed MDP model, which (except for very small values of α) selects three or four
clusters. Both the MDP/MRF approach and the stability method give unreliable results
on an image with a high noise level (Image Fig. 2) and poorly discernible segments.



Without smoothing, large batches of sites are suddenly reassigned
from one cluster to another; while with smoothness constraints,
clusters change gradually. Both the algorithms take about 600
iterations to stabilize.



Conclusions

• This paper summarizes the first attempt both to apply the
Dirichlet nonparametric approach to image segmentation,
and to combine it with Markov random fields.

• It is easy to extend such an MDP-based model to multiple
images. The number of segments may vary from image to
image, but the images are drawn from the same source or
very similar sources.

• How to develop an efficient large-scale inference (i.e. VB)
scheme for this model?


