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ABSTRACT 
With many clustering algorithms available, it may be difficult to discern which 
is better for a given task.  This study compares the performance of two 
clustering algorithms, the Bayesian classifier AutoClass and a Kohonen map, 
for the task of identifying classes of different textures in images based on 
statistics derived from gray-level co-occurrence matrices. 
 The performance of the two algorithms is assessed in terms of quality of 
the classification.  Comparisons of quality are given in terms of objective 
criteria such as cluster diameter, intercluster distance, etc. as well as subjective 
judgements by domain experts.   Two different types of images are used.  The 
first type of image consists of standard texture images in which textures classes 
are readily identified by novices. The second type consists of side-scanned 
sonar images in which the clusters are not necessarily apparent to novices and 
are not always classified consistently by domain experts (geologists).  

INTRODUCTION 
With many clustering algorithms available, it may be difficult to discern 

which is better for a given task.  This study compares the performance of two 
clustering algorithms, the Bayesian classifier AutoClass and a Kohonen map, for 
the task of identifying classes of different textures in images based on statistics 
derived from gray-level co-occurrence matrices. 

The performance of the two algorithms is assessed in terms of quality of the 
classification.  Comparisons of quality are given in terms of objective criteria 
such as cluster diameter, intercluster distance, etc. as well as subjective 
judgements by domain experts.   Two different types of images are used.  The 
first type of image consists of standard texture images in which texture classes 
are readily identified by novices. The second type consists of side-scanned sonar 
images in which the clusters are not necessarily apparent to novices and are not 
always classified consistently by domain experts (geologists).  

Many different techniques have been developed to classify textures in 
images.  Since texture is a characteristic of groups of pixels rather than 
individual pixels, any method that identifies texture classes in images must 
either subdivide the image into homogeneous regions and then classify these 
regions or must classify each pixel based on characteristics of its neighbors.  In 
our research, our goal is to “province”  images of the ocean floor based on visual 
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texture of sonar images.  We have chosen to use the gray-level co-occurrence 
matrix method developed by Haralick (1979) and applied to sonar data by Reed 
and Hussong (1989).  The GLCM gives a measure of the frequency of finding 
different gray level values within a fixed distance and orientation from one 
another.   The method is described in detail in Bridges, et al. (1999).  In this 
method, the image is quantized and then subdivided into homogeneous regions 
using a region-growing technique; gray-level co-occurrence matrices (GLCM’s) 
are then computed for each region for different directions (θ) and distances (d).  
These secondary matrices are used to calculate second order texture statistics.  
In our work, we have computed a GLCM for each region in 4 different 
directions (θ = 0°, 45°, 90°, and 135°) for d = 1. The texture statistics computed 
from the GLCM’s are described in detail in Reed and Hussong (1989) and 
Bridges et al. (1999).  Once feature vectors have been constructed for each 
region instance, an unsupervised learning algorithm (or clustering algorithm) 
can be used to find classes in the data.  In this paper we report the results of 
experiments that we have conducted which compare the results of applying two 
different unsupervised learning algorithms to this problem.   These are the 
Bayesian classification system, AutoClass, and Kohonen self-organizing maps. 

AutoClass (Cheeseman and Stutz 1996) is based on the classical mixture 
model and is supplemented by a Bayesian method for determining the number of 
classes.  This algorithm attempts to find the most probable set of class 
descriptions based on the data and prior expectations.  Each class description 
consists of a specific type of probability density function (pdf) and its associated 
parameters.  The method gives a weighted assignment of each instance to each 
class rather than determining one class for each instance as is commonly done 
with many other clustering algorithms.  AutoClass can determine the most 
probable number of classes in the data if this is not given as input.  The method 
learns a set of class descriptions (a pdf and its parameters for each class) that can 
subsequently be used to classify data that was not used to “ train”  the system. 

Kohonen self-organizing maps learn the classes implicit in data by using the 
data to refine class prototypes. The user specifies the number of classes to be 
extracted from the data and an initial set of class prototypes is generated.  These 
prototypes can be randomly generated or they can be based on representatives 
from the data.  Each prototype vector serves as the set of weights connecting the 
input nodes to the output node for that prototype.  The algorithm then selects an 
input vector, computes the distance of this input vector to each of the prototypes, 
and determines which prototype is the “winner”  (the prototype vector closest to 
the input vector). The algorithm then adjusts the weights in the network to bring 
the most similar prototype (and perhaps some of its neighbors) closer to the 
input data item.  A learning rate parameter (α value) is used to determine how 
much the weights are adjusted on each iteration.  This value is decreased as the 
algorithm progresses so that the input vectors gradually cause smaller changes in 
the prototypes. In addition, the size of the neighborhood of each output node is 
usually also decreased as learning proceeds.  The state of the network at the 
completion of training can be saved and used to classify data that was not used 
for training. 
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DATA 
In this study, we have compared the performance of the AutoClass 

algorithm and a Kohonen map for clustering feature vectors composed of texture 
statistics for regions in images.  Regions from two different sets of images were 
clustered using the two algorithms for this comparison study.  The first set of 
images are synthetic images constructed from Brodatz textures downloaded 
from the University of Southern California Image Database (USC SIPI 1999).  
Figure 1(a) gives an example of one of these synthetic images.  The extent and 
class of each region in these images is visually identifiable by a novice and so is 
relatively easy to evaluate.  The second set of images consists of side-scan sonar 
images of the ocean floor.  These images were collected from a 100 kHz Chirp 
Side-Scan Sonar using a Data Sonics SIS1000.  Each image is 4000 pixels by 
1799 pixels.  Figure 2(a) shows an example of one of these images.  The results 
obtained when clustering textures regions in these acoustic images is not 
necessarily easy for a novice to evaluate.  In fact, we have found that the 
geologists working for the Naval Oceanographic Command who routinely 
analyze these images often disagree about how they should be segmented into 
texturally similar regions.  

 

 
(a) 

 

 
(b) 

 
(c) 

Figure 1.   Comparison of the a) original synthetic image, b) image classified 
using a Kohonen map, and c) image classified using AutoClass. 
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c) 
Figure 2.   Comparison of  a) original acoustic image, b) image classified by a 

Kohonen map, c) image classified by AutoClass 

 
 
 

EVALUATION CRITERIA 
Because of the difficulty in subjectively evaluating the results of clustering 

textures in these images, we have also used a set of objective criteria to evaluate 
the classification results.  The measures are (N is the number of classes): 

Radius Distances from the centroid to the farthest point (sum 
over all classes) 

Distortion Average L2 distance to the centroid 
Diameter Average distance between all pairs in a class 
Interclass distance Average distance between all possible pairs of 

centroids.  

EXPERIMENTAL CONDITIONS 
Both clustering algorithms (AutoClass and the Kohonen map) worked from 

identical sets of feature vectors.  The feature vectors were extracted from the 
images based on the GLCM computed for irregularly shaped regions derived 
using a region-growing procedure (see Bridges et al 1999 for details).   A 
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boundary threshold of 1.6 and a region threshold of 2.5 were used for the region-
growing procedure in all cases.  For the synthetic images, the regions were built 
from 8 × 8 pixel cells.  For the acoustic images, the regions were built from 2 × 
16 pixel cells.    

AutoClass C (NASA Ames Research Center 1998), a C-based version of 
AutoClass, was used for these experiments.  The maximum number of tries was 
set to 100 for the acoustic images and 500 for the synthetic images.  The number 
of classes was specified as input. 

The Kohonen map used a winner-take-all method to determine the winning 
prototype for each input sample.  An initial linear neighborhood of size N (the 
number of classes) was used for each prototype and the size of the neighborhood 
was reduced by ½ on each iteration.  The weights for the winning node and the 
nodes in its neighborhood were all adjusted uniformly.  The learning rate (α) 
was decreased by 0.05 on each iteration.  The algorithm was terminated when 
the learning rate reached 0.   The program was implemented in C++.  The values 
of all features were normalized in the range 0.0 to 1.0.  

RESULTS AND CONCLUSIONS 
Figure 1 presents one of the synthetic images and corresponding classified 

images that resulted from Kohonen map clustering and AutoClass clustering.  In 
both cases, the clustering algorithm subdivided the background texture into 
multiple classes.  This is due, in part, to the fact that the region growing 
procedure tends to subdivide this area into many small regions.  The region-
growing process does not work very well when there are large changes in the 
scale of textures in adjoining areas.  The scale of the sand texture is much more 
course than that of the straw and brick textures.  The number of classes for both 
algorithms was specified as 9 for the examples shown in these figures.  This 
allows the algorithms to find multiple classes in the background and still assign 
different classes to different textures in the blocks.  Both algorithms made some 
classification errors that are of concern.  The Kohonen map placed one of the 
blocks with the straw texture in the class with blocks of the brick texture rather 
than in the class with other blocks with straw texture. Although it is not apparent 
in this example, AutoClass sometimes makes the same sort of error.  In general, 
it appears that AutoClass tends to make fewer of these classification errors. 

Figure 2 gives an example of one of the acoustic images and the 
corresponding classified images that resulted from Kohonen map clustering and 
AutoClass clustering with 9 classes specified.  Visually, the AutoClass 
classifications for the acoustic images tended to be closer to the expected 
classifications. In particular, AutoClass was better at identifying fine distinctions 
in texture that the Kohonen map misses.  

Objective measures of the quality of the clustering are presented in Table 1 
for the synthetic images and in Table 2 for the acoustic images.  In general, one 
would like to achieve small intraclass distances and larger interclass distances.  
For the Kohonen map, the measures of intraclass distance were smaller than for 
AutoClass and the average distance between classes was greater for the 
Kohonen map results.  The opposite is true for acoustic images.  For these 
images, AutoClass gave consistently tighter clusters that are better separated 
from other clusters.  The differences see with these two types of images may be 
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due to the difference in the size of the data sets.  Each of the synthetic images 
generates about 800 instances to be clustered, while each of the acoustic images 
generates about 20,000 instances.   

Table 3 shows the results of experiments in which the learning rate for the 
Kohonen map was varied.  There are small differences in the results for the four 
lowest learning rates (0.15 to 0.30).  A learning rate of 0.30 tends to give the 
best results overall.  The quality of clustering appears to decrease significantly 
when the learning rate is above 0.30. 
 
 
 
 
 

Clustering 
Algorithm and 
Number of 
Classes 

Sum of Radii 
(distance from 

centroid to 
farthest point) 

L2 Average 
Distance to 

centroid 
(distortion) 

(R) 

Diameter 
(average 

distance of 
all pairs) 

(D) 

Average 
Distance 
between 
pairs of 

centroids 
(D0) 

Kohonen map (5) 7.49 3.13 4.44 4.18 
AutoClass (5) 7.71 3.34 4.74 2.43 
Kohonen map (9) 6.80 2.93 4.17 4.67 
AutoClass (9) 6.85 3.04 4.32 3.48 

 
Table 1.  Comparison of Kohonen clustering and AutoClass clustering 

on synthetic images with the number of classes specified as 
5 or 9. 

 
 
 
 
 

Clustering 
Algorithm and 
Number of 
Classes 

  Sum of Radii 
(distance from 

centroid to 
farthest point) 

L2 Average 
Distance to 

centroid 
(distortion) 

(R) 

Diameter 
(average 

distance of 
all pairs) 

(D) 

Average 
Distance 
between 
pairs of 

centroids 
(D0) 

Kohonen map (5) 49.96 6.81 9.68 17.80 
AutoClass (5) 44.87 6.16 8.72 20.65 
Kohonen map (9) 36.50 5.74 8.12 16.41 
AutoClass (9) 31.12 5.20 7.35 18.51 

 
Table 2.  Comparison of Kohonen clustering and AutoClass 

clustering on acoustic images with the number of classes 
specified as 5 or 9.  
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Learning 
rate 

Sum of Radii 
(distance from 

centroid to 
farthest point) 

L2 Average 
Distance to 

centroid 
(distortion) 

(R) 

Diameter 
(average 

distance of all 
pairs) 
(D) 

Average 
Distance 

between pairs 
of centroids 

(D0) 
Synthetic Images 

0.15 6.79 2.92 4.16 4.54 
0.20 6.87 2.94 4.18 4.02 
0.25 6.79 2.93 4.18 4.60 
0.30 6.80 2.93 4.17 4.67 
0.35 6.93 3.03 4.33 4.56 

Acoustic images 
0.15 45.36 6.29 8.90 16.70 
0.20 43.00 5.99 8.48 16.73 
0.25 46.37 6.59 9.32 16.92 
0.30 36.50 5.74 8.12 16.41 
0.35 46.97 6.45 9.13 16.88 

 
Table 3. Comparison of Kohonen clustering on synthetic images and 

acoustic images with different learning rates.  The number of 
classes specified was 9. 

 
 

 
In conclusion, we have compared the results of Kohonen clustering and 

Bayesian clustering for texture features extracted from images.  Visual 
inspection of the classified images shows that both clustering algorithms appear 
to give some unexpected results.  Some of the problems observed can be 
attributed to the region growing process that is used to extract the features.  
However, both algorithms tend to group some regions together that are visually 
distinct to the human eye.  Objective measures of the resulting clusters show the 
Kohonen map gave better results for the smaller synthetic images while 
AutoClass gave better results for the large acoustic images.    

One distinct advantage that the Kohonen map has over AutoClass is speed.  
For the acoustic images, a set of images can be clustered by the Kohonen map in 
a matter of minutes while it will take several hours for AutoClass to cluster the 
same set of images.  It appears to be worthwhile to investigate modifications of 
the Kohonen map algorithm that might allow it to generate results comparable to 
AutoClass with the larger images while still retaining the desirable 
computational characteristics.  These modifications could include a different 
neighborhood structure, a different method for decreasing the learning rate, 
and/or a different initialization procedure. 
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