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Abstract- This paper presents a method which extends
the use of genetic programming (GP) to a complex do-
main, texture segmentation. By this method, segmenta-
tion tasks are performed by texture classifiers which are
evolved by GP. Small cutouts sampled from images of
various textures are used for the evolution. The gener-
ated classifiers directly use pixel values as input. Based
on these classifiers an algorithm which uses a voting
strategy to partition texture regions is developed.

The results of the investigation indicate that the pro-
posed method is able to accurately identify the bound-
aries between different texture regions, even if the
boundaries are not regular. The method can segment
two textures as well as multiple textures. Furthermore
fast segmentation can be achieved. The speed of the pro-
posed texture segmentation method can be a hundred
times faster than conventional methods.

1 Introduction

Texture segmentation and texture classification are two im-
portant aspects of texture analysis [15]. Texture segmen-
tation, which can be considered as an extension of texture
classification, is the overlapping area between texture anal-
ysis and image segmentation. The aim of texture segmen-
tation is to partition an image into regions based on differ-
ences of textural appearance (see examples in Figures 2 and
3). Texture analysis and segmentation in general are both
important in machine vision applications such as scene anal-
ysis and target recognition. However both of them are dif-
ficult tasks in this area and remain unsolved. In this paper,
we approach them by using Genetic Programming (GP).

GP has been demonstrated to be a flexible method of
problem solving for a diverse range of complex prob-
lems [7]. One task that GP has been applied to is classi-
fication. During the evolutionary process a good classifier,
which is actually a program expected to be able to discrim-
inate different classes, is searched for. In previous investi-
gations genetic programming techniques have been shown
to be capable of producing accurate classifiers in a vari-
ety of domains such as medical diagnosis [8], object de-
tection [14, 17] and image analysis [10, 11].

In our previous studies, GP was used as a new method for
texture classification directly based on pixel inputs [12, 13].
The results from these studies indicate that the texture clas-
sifiers evolved by GP can accurately classify textures. It has
also been shown that the texture classifiers generated by GP
are small. Furthermore, these texture classifiers are evolved
without domain knowledge. In other words, feature extrac-
tion, which is computationally expensive, can be avoided.
This indicates that fast execution can be achieved by these
classifiers.

In this study, we extend the use of evolved classifiers to
develop a new texture segmentation method. The goals of
this study are

� To investigate the applicability of such classifiers in
texture segmentation.

� To develop a framework based on these classifiers to
accurately segment images containing two or more
textures.

� To develop a fast texture segmentation method, be-
cause segmentation speed is essential for real world
applications especially real-time applications and ap-
plications under resource-constraint environment.

2 Generating Classifiers

The method of generating texture classifiers is called the
single-step approach in our work because it does not require
a feature extraction phase for the classification. In contrast
conventional texture classification methods need two major
steps, feature extraction plus classification.

Generally, classifiers can be represented as program
trees. One method of performing classification using GP
is dynamic range selection, where a classifier returns nu-
meric values and the class is determined by the output of
the classifier [8]. Furthermore, the ranges for class labels
over a set of classes are determined dynamically [8]. Our
study focuses on binary classification, so the output of a
classifier is interpreted as either “Class 1” or “Class 2”. The
dynamic range selection method of classifier representation
was shown to be capable of producing accurate results over



Function Description
Plus Arithmetic addition

Minus Arithmetic subtraction
Mult Arithmetic multiplication
Div Protected arithmetic division

(divide by zero returns zero)
IF Conditional. If arg1 is true return

arg2, otherwise return arg3��� True if arg1 is
���

arg2���
True if arg1 is

���
arg2� True if arg1 is equal to arg2

Between True if the value of arg1 is between
arg2 and arg3

Table 1: Function Set

Name Description
Random(-1, 1) Random number in �����
	��
�� � ��	���� Pixel Value of ����	����

Table 2: Terminal Set

a variety of datasets in the medical and image processing
domains [8, 13].

Tables 1 and 2 list the function and terminal sets. The
function set consists only of simple arithmetic and logic op-
erators. No computationally expensive functions such as
image processing functions are included. The terminal set
consists of only random numbers and pixel values. So the
classifiers use pixel values directly rather than feature val-
ues as input.

The fitness measure for texture classification is straight-
forward. The performance can be determined by the success
rate of the program, which is, in this case, the classification
accuracy. As a result the fitness value can be expressed by
the following formula:

�������! #"�$&%('*),+-�!.&.&$0/
/1$
/243527648 � 2�9;:<2 �243527648>=@?0A�ACB (1)

where
2�9

is the number of true positives,
2 � is the number

of true negatives and
243527648

is the total number of cases
in the training data set.

A training data set is a collection of small cutouts sam-
pled from the images of both classes. These cutouts are also
called sub-images. In case of classifying one texture against
another texture, about one thousand sub-images are sam-
pled from an image of one texture to form “Class 1”, and
an equal number of sub-images are sampled from an image
of another texture to form “Class 2”. In the case of classi-
fying one texture against a group of other textures, the one
thousand sub-images of “Class 2” are a mixture of small
cutouts sampled from the textures belonging to the group.
For example, to train a classifier for differentiating texture

A against texture B, C and D, one thousand sub-images will
be sampled from the image of texture A, and about 333 sub-
images will be sampled from the images of textures B, C
and D respectively to form “Class 2”.

Our runs used a population size of 500 individuals.
The termination criteria for each run was either perfect
classification—where classification accuracy was 100%—
or after 50 generations had been processed. The crossover
operation accounted for 90% of the breeding pool and elitist
reproduction was used for the remaining 10%. The mutation
operator was not used. The programs were generated with
an initial maximum depth of 6, with overall program depth
limited to 17. The classifiers with highest training accuracy
during the evolution were used for the later segmentation
experiments.

Our experiments used two kinds of textures, bitmap pat-
terns and Brodatz texture. Bitmap patterns represent sim-
ple textures. These texture images are composed of pixels
of only two values, 0 or 1. Brodatz textures represent dif-
ficult textures. Each pixel is an 8-bit grey level intensity
value. They originate from a photographic album published
in 1966 [1]. This album is now a kind of de facto standard
database in texture-related research [9].

3 Texture Segmentation

Texture segmentation techniques can be categorized in sev-
eral ways such as whether they use supervised learning or
unsupervised learning; whether they focus more on iden-
tifying the boundaries or more on identifying regions and
whether they use a split-and-merge method or a voting strat-
egy.

Our proposed segmentation algorithm is shown in Fig-
ure 1. The first step is evolving texture classifiers by the
single-step approach described in previous section. So our
approach is a supervised method because sub-images need
to be labeled for training. Although GP can be used for un-
supervised learning such as [4], it is more practical to use
it as a means of supervised learning in our study. This al-
gorithm can be considered as a region-based approach, be-
cause it is based on labeling regions rather than differen-
tiating two adjacent regions. A voting strategy is used to
determine the class of a pixel.

In the following sections, some examples of texture seg-
mentation tasks are presented, including segmenting mul-
tiple regions and segmenting regions with complex bound-
aries. Both bitmap patterns and Brodatz textures are used
in the experiments. During the training, ten-fold cross
validation was performed. The training and test accura-
cies of these classifiers measured in cross validation are all
recorded. All the segmentation experiments were conducted
on a SUN Sparc workstation. The CPU runtimes on this ma-
chine are presented with the corresponding output images.



Input: � ?�� ��� textures for which example
images are available�
an image containing a num-
ber of regions of textures T1
and T2 and no other textures� , � width and height of

�
� sub-image size	

step size for moving win-
dow, ?�
 	
� ��� �

Output: � a two colour image ����� �
����������� ? for texture 1 and
����� � ����� ���!� � for texture 2

1. Generate a single-step classifier which uses a sub-
image of size � = � .

2. Use the generated classifier to sweep the input image�
.

(a) Start at the top-left corner of the image.

(b) Sample a sub-image by a � = � window and
classify it by the generated classifier.

(c) Label all the pixels in this window with the class
label output of the classifier.

(d) Move the window
	

pixels right and repeat 2(b)
and 2(c), until the window reaches the right
boundary of the image.

(e) Reposition the window to the left edge of the
image and move down by

	
pixels, then repeat

from step 2(b) until the whole image has been
completely sampled.

3. Generate the output image which only contains the
regions.

(a) Label each pixel based on voting. For example,
if the majority of classifier outputs for a pixel is
texture � ? , then this pixel is labeled as � ? .

(b) Assign each pixel a color based on its class la-
bel.

(c) Output the generated image � .

Figure 1: Segmentation Algorithm for Two Textures

3.1 Two textures with Multiple Regions

Figure 2 shows an input image containing two bitmap pat-
terns (vertical lines and horizontal lines ) and the segmented
output image. It also shows the parameter values used and
the results. The texture regions in the output image are iden-

Two patterns with six regions Output segmentation
Parameters Results" 4 Training accuracy 100%# 256 Test accuracy 100%$

256 CPU time (seconds) 0.07%
2 Performance Perfect

Figure 2: Segmenting Two Patterns with Multiple Regions

tified by two different intensity levels, gray and black. The
segmentation performance was evaluated based on visual
comparison between the original image and the correspond-
ing output. Our study aims to investigate the methodology
rather than to compare it with other methods in terms of seg-
mentation accuracy. Therefore a quantitative measurement
of segmentation performance is not used.

The results indicate that the classifier generated by the
single-step approach is very fast on segmenting a ��&(' = �)&('
binary image. The boundary between the left half and the
right half in the output image is precisely the boundary
in the original image. The four small patches of “alien”
textures are also identified and accurately located although
their boundaries are not perfectly square.

In the case of Brodatz textures shown in Figure 3, the
separation of the different textural regions 1 is still very ac-
curate although the boundaries are not perfectly delineated
as in the original image. The segmentation required 0.37
seconds of CPU time. This is much longer than for seg-
menting the two Bitmap patterns (shown in Figure 2) even
though the Brodatz image has fewer pixels than the binary
image. This is mainly because the pixels are 8-bit in Bro-
datz textures rather than 1-bit in bitmap patterns, the win-
dow size

	
in this case is 16 rather than 4, and the classifier

generated for Brodatz textures is larger than that for Bitmap
patterns.

The resulting segments indicate that the proposed
method is able to separate regions of different textures and
it is also able to recognize textures. In the input image of
Figure 2, the texture of the two small patches on the left
is the same as the “background” of the right half of the
image. Correspondingly, the two small regions in the left

1The two textures are known as D24 and D34 in the Brodatz Album.



Two Brodatz textures with four regions

Output segmentation
Paramters Results" 16 Training accuracy 94.05%# 320 Test accuracy 93.00%$

160 CPU time (seconds) 0.37%
2 Performance Almost Perfect

Figure 3: Segmenting Two Brodatz Textures with Multiple
Regions

half of the output image are marked with the same color as
the right sided “background”, establishing that these regions
were recognized as having the same texture. Similarly for
the two patches on the right. The output image shown in
Figure 3, in which different areas of the same texture are
marked with the same color, provides further evidence for
the ability of the proposed method to separate and recognize
textures.

3.2 Regions with Complex Boundaries

The region boundaries in the previous segmentation tasks
are always straight, either horizontal or vertical. Such
boundaries might be easier to handle because the strictly
square sampling window is used. However straight bound-
aries are rarely found in real life applications. Therefore,
more variations of input images are introduced to examine
the capacity of our proposed method to identify irregular
boundaries.

The input image in Figure 4 has a butterfly-shaped
boundary. The left wing of the butterfly contains the same
texture as the background of the right half of the image,
while its right wing has the same texture as the left sided
background. The same classifier used for segmenting im-

Two patterns Output segmentation
CPU time (seconds) 0.07
Segmentation Performance Very Good

Figure 4: Segmenting Two Patterns with Complex Region
Boundaries

age in Figure 2 was also used here. As expected, the CPU
runtime is independent of the content of target images. The
output image clearly identifies the four regions in the im-
age. The segmented boundaries of the two wings are not as
smooth as in the original image. Adjacent areas of two tex-
ture regions are usually problematic areas especially when
the boundary is not straight. However the output bound-
aries closely resemble the actual ones, so the segmentation
outcome is considered as very good.

Free Hand X and Y

Figure 5: Segmenting Two Brodatz Textures with Irregular
Boundaries

In Figure 5 there are two free hand letters. The seg-
mented regions show that the textural regions have been rec-



Original Image, size ������������� Segmentation Output
Paramters Results" 16 Each Color indicates one texture# 320 Black: the unidentified areas$

320 CPU time (sec) 2.58%
2 Performance Good

Figure 7: Segmenting Four Textures, D21, D24, D34, D57

ognized and the generated boundaries are very close to the
actual boundaries in the input images. The segmentation
outcomes are considered as very good.

4 Segmenting Multiple Textures

The algorithm shown in Section 2 is specific to two-texture
problems. It can be extended for multiple textures segmen-
tation by decomposing such a task into multiple binary-class
problems. Most of the published work on using GP for im-
age related tasks focus on binary-class problems.

4.1 Segmentation Algorithm for Multiple Textures

Figure 6 shows the algorithm for segmenting images with
multiple textures. This algorithm decomposes the prob-
lem of classifying �	� � ��
 � �
������� �
� to classifying �	� with� ��
 � ��������� ����� , classifying ��
 with

� �	� � ��������� ����� . . . until
classifying � � with

� � � � � 
 ����� � ����� � .
There are several ways to combine multiple classifiers

such as bagging, boosting and stacking [16]. The multi-
classifier combination used in this algorithm is similar to
boosting which considers the accuracy of each classifier.
However, it ranks classifiers based on their test accuracy.
The final decision is not made by the aggregation of classi-
fiers with weights but by the one with the highest rank. The
most suitable method of combining multiple classifiers for
segmentation tasks will not be fully investigated here.

4.2 Segmenting Four Textures

An image composed of four Brodatz textures2 is illustrated
in Figure 7.

2They are known as D24, D34, D21 and D57 respectively.

D24 Classifier
Training 97.60%

Test 96.00%
CPU time(sec) 0.62

D34 Classifier
Training 94.00%

Test 93.00%
CPU time (sec) 0.49

D21 Classifier
Training 81.70%

Test 82.00%
CPU time (sec) 0.74

D57 Classifier
Training 79.70%

Test 78.00%
CPU time (sec) 0.71

Figure 8: Outputs of Four Classifiers

Segmentation was accomplished by the combination
of four classifiers. The output image presented clearly
shows four distinct segments of different colors separated
by boundaries that closely resemble the actual boundaries.
The black areas represent pixels that have been rejected and
marked as “N” by all the classifiers. Most of the black pix-
els are located close to boundaries which are known difficult
areas. The input image size is � � A#= �)� A which is twice the
size of images previously used for two Brodatz textures.

To assess the performance of the classifiers, each was ap-
plied to the segmentation task individually. The experimen-
tal results are presented in Figure 8, along with the training
accuracy and test accuracy of each classifier. The regions
claimed by a classifier as “its own” texture are painted gray
and regions not claimed by it are painted black. Other than
D57, the classifiers are fairly accurate in identifying their
own regions. In the case of D57, the classifier recognized
the entire region containing D57 despite a poor training ac-
curacy of only 79.70%. This classifier also marked some
areas which are not D57, that is, it made some false positive
errors. Most of the false positives of D57 are eliminated
in the final output because the classifiers for D21 and D34
which also claimed these areas were ranked higher in terms



Input: � number of textures
� � � �	� � ��
������ ��� � textures for which example images are available�

an image containing a number of regions of textures � � , � ��� �� � � width and height of I� sub-image size	
step size for moving window, ?�
 	
� ��� �

Output: � an image of � colours where each pixel is a colour corresponding to
the texture at that pixel in the original image

1. Generate � single-step classifiers which use a sub-image of size � = � . Each classifier is to distinguish one texture
� � (class 1) from other textures

� � �
� ? ��� � � � �
	��� � (class 2). These classifiers are labeled as 
 ������� � ��� � � ,


 ������� � ����� � 
 , ����� , 
 ������� � ����� � �
2. Repeat the following process for each classifier from 
 ������� � ����� � � to 
 ������� � ����� � � :

(a) Use 
 ������� � ����� � � to sweep the input image
�
.

i. Start at the top-left corner of the image.

ii. Sample a sub-image by a � = � window and classify it by 
 ������� � ����� � � .
iii. Label all the pixels in this window with the class label output by the classifier.

iv. Move the window
	

pixels right and repeat 2(a)[ii] and 2(a)[iii], until the window reaches the right bound-
ary of the image.

v. Reposition the window to the left edge of the image and move down by
	

pixels, then repeat from 2(a)[ii]
until the whole image has been completely sampled.

(b) Generate the output image which only contains the regions.

i. Label each pixel based on voting. If the majority of the classifier outputs for a pixel is texture � � (class 1),
then this pixel is labeled as � � . Otherwise the pixel is labeled as � (class 2).

ii. Record the label decided in step 2(b)[i] for each pixel.

3. Assemble the votes given by each classifier to each pixel.

� If one pixel is classified as � � by 
 ������� � ����� � � and � by all other classifiers, then the final class of the pixel will
be � � .

� If one pixel is classified as � by all the classifiers, then the final class of the pixel will be “N”.
� If one pixel is claimed by multiple classifiers, eg. it is classified as � � by 
 ������� � ����� � � and classified as � �

by 
 ������� � ����� � � , then the final decision will be made by the classifier which has the highest test accuracy. If

 ������� � ����� � � is more accurate than 
 ������� � ����� � � on test data, then the pixel will be considered as � � rather than
� � .

4. Produce the output image � based on the final decisions. Each class label corresponds to a separate color while the
pixels marked as � will be black.

Figure 6: Segmentation Algorithm for Multiple Textures



of their accuracy.

5 Segmentation Speed

The classifiers generated by the single-step approach are
small. No classifier for Brodatz textures was observed to
have more than 700 functions, which are simple operators
like

: ����� � � � and
���

. This characteristic enables a fast
voting strategy which can lead to much faster segmentation
than the conventional “feature extraction plus classification”
approaches. In comparison, feature extraction algorithms
are much more complex. Using Haralick features [5] as an
example, at least one ��&�' = �)&(' co-occurrence matrix needs
to be generated in computing the features for an image with
256 gray levels. One of the simplest Haralick features, En-
ergy, is computed as


�����
�
	��


�����
��	
��� 
�� � � ���

where � � � � ���
denotes one cell of the matrix. Such a

calculation requires ��&(' = �)&(' repetitions of “+” and “*”.
Therefore more than ?
A A �
A A�A operations are needed.

Consider a hypothetical situation where a segmentation
method has been developed based on the conventional ap-
proach. If the method uses a voting strategy, the window is
? ' = ? ' , the step size

	
is 2, then the processing time for a

��&(' = ��&�' gray level image is approximately3�
�)&(' � ? '

�
: ?�� 
 =�A ����� ?0A�A A�A � � � ����� 	 � �

If a split-and-merge approach is used and the split is lim-
ited to only three levels, then the total CPU time for com-
puting these features can be estimated as4� = � � &�� : ? ' = � � ?
A : ' � =@? ��� A � ?�� � � ��� � � � ����� 	 � �

Clearly, whether the voting strategy or the split-and-
merge strategy is used, the times taken for computing these
features are much longer than 2.58 seconds, the time for
segmenting a �)� A = � � A image by our proposed algorithm.
Jain and Kalle reported 122 seconds of processing time on
a SUN Sparc-10 workstation to segment a �)&(' = ��&�' gray-
level image using Gabor filters and 109 seconds processing
time by their proposed method [6]. Chang et al. evalu-
ated different texture segmentation algorithms and reported
the runtimes of “feature extraction plus classification” on a

30.7 seconds is the time needed to compute Haralick features on the
same SUN Sparc workstation for a !#"%$&!#" gray-level image.

4The times for computing Haralick features for images of size !#')(*$!#')( , ",+*$-",+ and .)'/$-.)' on the same machine are 4.58, 4.10 and 1.70
seconds respectively.

Sun Ultra Sparc. All of the times were more than 28 min-
utes [2]. In a recent publication, Chen and Chen proposed a
new feature for fast texture segmentation [3]. The runtime
for their experiment of segmenting �)&(' = �)&(' images on a
Pentium III-500 PC was about 1 minute. Although the run-
times reported in the literature are measured under different
conditions and not suitable for direct comparison, it is clear
that the proposed method requires much less computation
time since there is no computational expensive feature ex-
traction.

6 Conclusion

The segmentation results presented show that a fast and ac-
curate texture segmentation method can be developed based
on classifiers evolved by GP. This method can produce
excellent results in various kinds of segmentation tasks,
both in bitmap patterns and Brodatz textures, and with two
classes of textures or with multiple classes of textures. By
using voting strategies, this method can produce relatively
smooth boundaries and handle complex boundaries.

The advantages and disadvantages of this new segmen-
tation method are briefly summarized below. A more thor-
ough investigation of this method is left for further work.

Advantages:

� The segmentation method is very fast. This makes it
well suited for real time applications.

� The method can handle complex shapes and produce
relatively smooth boundaries.

� The constituent classifiers do not have to be perfectly
accurate.

� Different classifiers can be evolved in different runs
and contribute to an ensemble. This can enhance seg-
mentation performance.

� The basic algorithm can readily be extended to seg-
mentation of images with three or more textures.

Drawbacks:

� The current approach is a kind of supervised learning,
therefore it is not directly suitable for unsupervised
segmentation. Prior to segmentation, it is essential to
know how many classes of textures are in the images
and to have examples of each.

� Although the generated classifiers are fast, the time
taken for the evolutionary process to create these clas-
sifiers can be quite long, from a few hours to a few
days.



� Although the method is general, the generated classi-
fiers are problem-specific. For different applications
different classifiers need to be trained.

This study introduced the use of genetic programming
for texture segmentation. It opens up a new application area
for GP, in which many interesting topics can be explored in
the future. These include such as how to achieve an ensem-
ble of classifiers more efficiently, whether it is possible to
address unsupervised texture segmentation by GP and how
to construct a generalized methodology for using GP in the
texture segmentation area.
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