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Abstract. Image segmentation is a primary step in many computer vismtications, whose purpose
is to extract information from the images to allow the disgriation among different objects of interest.
This task usually involves the partitioning of the imageoiatnumber of clusters, such that the data in
each cluster share similar features. This work describesactustering algorithm for providing a more
suitable coarse segmentation, used for parameter essimaixperimental results and comparisons to
other techniques are presented and discussed to demenbtaffectiveness of the proposed method.

1 Introduction

Image segmentation is of great interest in a variety of $ifieand industrial fields, with applications
in medicine, microscopy, remote sensing, control of quaiétrieval of information in graphic databases,
among others. The segmentation process is usually basedytegel intensity, color, shape or texture.

Several image segmentation approaches have been propolstedaiture [1, 2]. Methods based on
different stages generally present more reliable ressilise they first obtain a coarse segmentation and
afterwards refine it. Furthermore, they allow a hierardnseggmentation, improving the quality of the
results and speeding up the overall segmentation process.

A common multi-stage approach performs a coarse segmamtttiestimate a set of parameters,
which are used to obtain a fine segmentation [3, 4]. The paemare usually estimated by either using
a priori information, such as a training set describing ezc¢he different regions in the image (known as
supervised segmentation), or extracting informationatliyefrom the images, since it is not available in
most cases (known as unsupervised segmentation).

In the unsupervised approach, a clustering algorithm cappked to produce a coarse segmentation.
After generating the clusters, a parameter estimationrf®peed. Clustering is a common technique
for statistical data analysis, which consists of partitignthe data set into clusters (subsets), so that the
data in each cluster share certain common characterigthes similarity between the clusters is defined
according to a distance measure.

The main advantages in considering clustering algorithmasheat the only extra information needed
is the number of classes present in the image (cluster Viidariteria could also be used to detect the
number of classes [5]) and the output of the clustering &lgorcould be directly used to estimate the
parameters once each sample corresponds to a region lacdterlimage. However, the clustering al-
gorithms found in the literature for obtaining the coarsgnsentation have some disadvantages. First,
certain instability may occur due to initialization. Sedpthe definition of thresholds to compute similar-
ity matrices is not trivial. Finally, the existing methodssagn all samples to at least one cluster as result,



which is not adequate to parameter estimation, since nalddlsamples would be considered. Therefore,
a clustering algorithm that reduces such problems is maotatde to generate a coarse segmentation.

This work presents a new clustering algorithm for improving resulting coarse segmentation and,
consequently, the quality of the final segmentation. Therélym is based on multiple executions of the
K-means algorithm [6] for computing the similarity matriged to define which samples belong to a same
cluster and those that should be removed before perforrmmgarameter estimation.

The paper is organized as follows. Section 2 describes selaeant related work. The proposed
method is presented in Section 3. Experimental results auagoarison to other methods are shown in
Section 4. Finally, the conclusions are presented in Seétio

2 Related Work

In unsupervised image analysis, clustering algorithmstpar data into a number of categories or
subsets, known adusters. Ideally, the data in each cluster should share commonresatirhe homo-
geneity between clusters is defined according to distanesunes. Typical measures include Euclidean,
Manhattan and Mahalanobis distance.

Several clustering algorithms have been proposed in teeatiire, applied in a wide variety of
fields [7]. A possible taxonomy categorizes the clusterilgg@thms ashierarchical or partitional [7].
Hierarchical algorithms determine successive clustarguyseviously established clusters, whereas par-
titional algorithms directly divide data regions into somedefined number of clusters. Hierarchical
algorithms can be classified dsvisive (top-down) or agglomerative (bottom-up). Divisive algorithms
start with the entire set and proceed to subdivide it intacessively smaller clusters. Agglomerative
algorithms start with each element as a separate clustanargk them in successively larger clusters.

In hierarchical clustering algorithms, data are organiméala hierarchical structure according to the
similarity matrix, whose results are commonly represetgd dendogram or a binary tree [8]. Several
agglomerative clustering algorithms have been propoked,usually differ in the distance function used
to determined the merge sequence. Some known algorithruglesingle link, complete link, average
link, centroid link, and Ward’s method [8].

In constrast to hierarchical clustering, partitional tdusg assigns a set of objects intoclusters
without using a hierarchical structure. Some importantipanal clustering algorithms are QT (Quality
Threshold) clustering algorithm [9], fuzzy c-means clusig [7], K-means algorithm [6], and Gaussian
Mixtures [7]. In the K-means algorithm, initiall,clusters are randomly or directly generated, considered
as their centers or centroids. Then, each sample pointigrneskto the nearest centroid. After that, the
centers are recalculated and these two last steps are edpgdtl a convergence criterion is met. The
result of K-means is not guaranteed to be a global optimure.qtfality depends on the chosen centroids,
such that a different initialization can generate a différesulting clustering.

3 Modified Clustering Algorithm

The proposed clustering algorithm is based on the reldtiprizetween pairs of samples by assuming
that if two samples are clustered together after severautixas of K-means, both should belong to a
same cluster in the final clustering. Considering this sahéwn defining the clustering algorithm, the
result is not very affected by the initialization of K-meanghis occurs because local relationships are
being considered during many executions of K-means, wiadhae considerably the instability found in
a single execution.

Based on the previous assumption, the clustering algousuribed in the next paragraphs is applied
to compute a coarse segmentation (the steps performed hydbesed algorithm are summarized in
Figure 1). However, before its execution, the input imageéiveded into a number of square windows,
such that overlapping between distinct regions is alloweeasures are extracted from each window to
compose a feature vector. Afterwards, these resultingfeatectors are used to decide which regions of
the image are clustered together.



cluster regions similarity between
§ - - o] |— . .
K-means pairs of points
intersection
- - clusterings
verlapping regions
voting for each - . .
. & merge clusters until cluster points with
region that belongs to - . - . IR
remains only k maximum similarity
more than one sample

Figure 1: Steps performed in the proposed clustering dhyari After several executions of K-means, the sample
points are clustered according to their similarity. Fipalhe number of possible misclassified samples is reduced
during the voting step, by considering the labeling of therapping windows.

Six measures are extracted using a Daubechies wavelefamand. 0], which decomposes the image
into subimages. After a two-level Daubechies wavelet dgumsition, the resulting six subbands with
higher frequencies are used to compute the energy of eack.blonce relevant texture information
has been removed due to lowpass filtering, the energy of thdreguency subband is not considered
as a texture measure [10]. Furthermore, three additionakores are extracted using the texture unit
method [11], which is responsible for disclosing the gladsdect of a texture. Such measures compose a
9-dimensional feature vector.

Once the image is sampled and the measures are computetydtezing algorithm may be applied
to cluster those feature vectors presenting similar featuA graph is used to encode the relationship
between pairs of samples. Lét = {V, E'} be a complete graph composedrohodes, where: is the
number of sample points considered in the clustering. Foh execution of K-means, if two sample
pointsv; andv; are set to the same cluster, the weight of the egdgés increased by one. Since the
edges have weights according to the cluster in which two si@de assigned, this graph represents a
similarity measure among the samples, whose values areutethpased on multiple executions of K-
means algorithm, instead of a single distance calculabtbovied by a threshold, as usually done.

Although clustering methods usually split the graph inteaiced number of subgraphs, the proposed
clustering algorithm creates a new graph based on the edcsimilarity measure. An initially uncon-
nected graph is merged until it reaches the desired numbelusters. The initial clustering contains
edges with the maximum possible weight in the gréghn other words, edges between those pairs of
sample points which are assigned to a same cluster by K-ntkaimg) all its executions. After this first
step, the new graph has a forest with some subgraphs and solaed nodes. One important point is
that no subgraph of this graph can be further split becasseies have the maximum similarity, based
on the results of the K-means; therefore, the number of@lsiss not greater than the number of isolated
components present in this graph.

After having the initial forest, isolated components arkdid until their number reaches the desired
number of clusters. To perform this task, the average siityilaetween every two pairs of isolated com-
ponents is computed and that pair which presents the highiesige is merged into a single component.

Since it is allowed to have overlapping of distinct regioe$doe applying the clustering algorithm, a
region in the image might belong to more than one sample irlistering. Knowing this information,

a region in the image is labeled only if all samples corregpanto that region are clustered in the same
class. This last step, referred to as voting, is performaditomize the number of mislabeled regions in
the coarse segmentation, which is obtained according tab®ts assigned to each region in the image.
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Figure 2: Results obtained by several clustering algostiimthe texture mosaic in (a), composed of 9 classes.

(b)-(j) clustering without voting; (k)-(I) results afteoting (coarse segmentation) for the method which performed
the second best result and for the proposed method (plefasea¢he color version to a better view of the results).

(h) K-means (cluster)

Therefore, applying the voting step the parameter estondiased on the coarse segmentation can be
obtained from regions which are more likely to belong to eotrclasses.

4 Experimental Results

Results obtained by applying the clustering algorithm dbed in Section 3 are shown and compared
to several other algorithms. The accuracy of the coarse eegtion is also shown, when applied to
texture mosaics. In order to have a quantitative evaluaggnthetic texture mosaics from University
of Oulu dataset [12] were chosen, since a ground truth majrestty available. These two mosaics
(Figures 2(a) and 3(a)) have particular interest for taateshe first presents an elevate number of classes
for the segmentation task, and the second has no angulas bdtyeeen classes and mainly because it has
a class with different number of samples (the class in théecdras a small number of samples for the
clustering).

The algorithms used in our experiments are: K-means, witdom initialization and a preliminary
clustering phase on random 10% subsample, both executén&®dnd the best clustering was returned;
hierarchical algorithms with single linkage, completé&age, average, centroid, and Ward methods; and
mixture of Gaussians with random point initialization. Téperiments aim at showing the clustering
obtained with the original clustering algorithms, thatisthout applying the voting step (Figures 2(b-j)
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Figure 3: Results obtained by several clustering algostiimthe texture mosaic in (a), composed of 5 classes.

(b)-(j) clustering without voting; (k)-(I) results afteoting (coarse segmentation) for the method which performed
the second best result and for the proposed method.
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and 3(b-j)), and after voting for the described method arad ¢cime which has the second best accuracy
(Figures 2(k-1) and Figures 3(k-1)). These last resultsegpond to the coarse segmentation.

The accuracy (percentage of samples classified correattyr@diag to the ground truth map) for these
two experiments is shown in Tables 1 and 2, where the secodhoopresents the accuracy for the
original method (without voting), and the third column sisative accuracy obtained within those regions
that were classified after voting (non-white regions in theres).

Method Original Voting
Hier. single link 0.114 0.114
Hier. complete link| 0.442 0.545
Hier. average 0.414 0.455
Hier. centroid 0.398 0.456
Hier. Ward 0.711 0.839
K-means (cluster) | 0.716 0.978
Gaussian mixtures 0.576 0.698
K-means (random) 0.678 0.856
Proposed method | 0.775 0.999

Table 1: Accuracy obtained from Figure 2.

Method Original Voting
Hier. single link 0.118 0.115
Hier. complete link| 0.451 0.550

Hier. average 0.431 0.436
Hier. centroid 0.370 0.388
Hier. Ward 0.688 0.883

K-means (cluster) | 0.786 0.885
Gaussian mixtures| 0.767 0.864
K-means (random) 0.762 0.868
Proposed method | 0.895 0.992
Table 2: Accuracy obtained from Figure 3.




Although the merge step of the described clustering algoris similar to the hierarchical algorithms,
as can be seen, the results outperform them. This occursigetiae similarity between the samples is
computed using not a function of the distance computed amtg pbut a function of the relation between
pairs of samples computed many times to avoid possible biedt@havior once the algorithm used to find
the similarity is the K-means. According to the results, mhathose after the voting step, it can be seen
that the error in the classification is low (computed only@mfwhite regions) for the method described in
Section 3. Therefore, the sampling for the parameter estmaobtained from the coarse segmentation,
might be done from regions which present low error, avoigiogsible mischaracterization of a class.
The problem of mischaracterization can be seen in Figurg&(# 3(k), where both clusterings present
misclassification between two classes. The features wdrenmugh to separate the two classes in the
first case, whereas the problem in the second case is due tedbheed number of samples in the class
located in the mosaic center.

Finally, once the clustering is only used to find a coarse segation from where the parameters are
estimated after sampling, this clustering algorithm isale for image segmentation because it removes
the outliers (misclassified samples), usually located éftbntiers between two classes.

5 Conclusions

The clustering algorithm described allows a more accuratarpeter estimation, once the voting step
removes some regions from the image in order to decreasedbaluplity of misclassification. Further-
more, without considering the voting step, either this atga might be used as a regular clustering
algorithm or the graplé’ described in Section 3 can be used by other methods as arsiyrgliaph.
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