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Abstract: Clustering methods, which are frequently em-
ployed for region-based segmentation, are inherently metric
based. A fundamental problem with an estimation-based
criterion is that as the amount of information in a region
decreases, the parameter estimates become extremely un-
reliable and incorrect decisions are likely to be made. We
show that clustering need not be metric based, and fur-
ther we use a rigorous region merging probability function
that makes use of all information available in the probabil-
ity densities of a statistical image model. Also, by using
this probability function as a termination criterion, we can
produce segmentations in which all region merges were per-
formed above some level of confidence.

1 Introduction

Clustering techniques have been popular for image seg-
mentation. Given an appropriate feature space (or param-
eter space), a feature value is computed for each image el-
ement (either a pixel or a region). Similarity is determined
by the metric distance between values in the feature space.
In contrast to this, we define “similarity” as a Bayesian,
model-based posterior probability that the union of two
regions is homogeneous.

Clustering has been applied to a variety of image types
and models. For instance, Silverman and Cooper [5] seg-
ment intensity images into regions that can be approxi-
mated by planar or quadric surfaces. Four basic compo-
nents involved in most clustering algorithms are [1]: 1.
Define a feature metric space. 2. Determine feature values
corresponding to pixels or regions. 3. Iteratively group
pixels or regions with close features in the metric space 4.
Terminate based on some stopping criterion (if the num-
ber of classes is unknown). The feature space could, for
example, correspond directly to pixel intensities, or could
represent a space of polynomial surfaces, as in [5]. The de-
cisions involved in the third step depend on the particular
clustering algorithm chosen, such as agglomerative cluster-
ing and K-means clustering. Most clustering algorithms
require specification of the number of classes, and recent
work has been done specifically addressing the problem of
determining the number of classes, known as cluster vali-
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1. Generate a set of small regions, R.

2. Select the pair of adjacent regions, R; and R;, that
maximizes: P(H(R; U R;)|y;, yJ)

3. Replace R; and R; with R; U R; in R.
4. If P(H(R; U R;)ly;, yJ) < P, then terminate
5. Go to 2

Figure 1. Our agglomerative clustering algorithm.

dation, in the context of image segmentation applications
[2, 6].

At the core of our approach is the determination of
the probability that the union of two regions is homoge-
neous, given an implicit surface model and a noise model,
presented in [4]. This probability is used to make region
merging decisions, and can also be used as a termination
criterion. This work represents a significant contribution
to segmentation since:

e Our merging criterion uses all of the information (in a
statistical sense) contained in the image model, unlike
estimation-based approaches.

e The region merging probability presents a rigorous
measure of confidence in the performed merge.

o We have a Monte Carlo based method for directly
computing the integral of a conditional density over
the parameter space of implicit polynomial surfaces.

2 The Algorithm

We are initially presented with a disjoint set of regions,
R, which represents a partition of the image into connected
sets. These could be obtained as the result of a region-
splitting procedure, or by dividing an image into square
regions of equal size as in [5]. For our experiments, we
obtained an initial region set by combining a plane-fitting,
region-splitting procedure with the Canny edge detector.

Figure 1 shows our agglomerative clustering algorithm.
We replace the usual metric-based criterion in Step 2 with
a criterion based on the region merging probability. For
some image subset, Ry, we use the predicate H(Rk) to rep-
resent the condition that Ry is homogeneous. The vectors



Figure 2.

y; and ¥j correspond to model-based information obtained
from R; and R;, which is described in [4]. We can request
a segmentation in which all merges with probability above
P, have been performed.

3 Experiments and Conclusions

For our experiments we developed a Monte Carlo based
computation scheme to evaluate high-dimensional inte-
grals that result from the Bayesian region merging prob-
ability [3].
range images, using planar and quadric models, respec-
tively. Figures 2.a, 2.d, 3.a, and 3.d show artificial ren-
derings of the data sets. Figures 2.b, 2.e, 3.b, and 3.e
indicate the region sets, obtained through recursive split-
ting and edge detection. The resulting segmentations are
given in Figures 2.c, 2.1, 3.c, and 3.f. For example, Figure

Figures 2 and 3 show some results on real

3.c shows three resulting segments (the specks appearing
in the figures correspond to invalid data).

We conclude that the region merging probability pro-
vides a useful criterion both as a decision function for re-
gion merging, and as a termination criterion. For the de-
cision to merge, the probability directly utilizes the infor-
mation contained in the conditional densities of the image
model, allowing the most confident decisions to be made
first. Also, as a termination criterion, we can return a seg-
mentation in which all merges were performed with prob-
ability greater than some value, P.. One use of this is to
perform a sequence of segmentations by setting P. high,
starting with a planar model, and increasing the degree of
the model each time. We are presently applying the clus-
tering techniques to an MRF texture model on intensity
data.
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