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Abstract

The segmentation of textured images is a fundamental problem in
image processing and pattern recognition, which has been addressed for
different applications with several methods. In this paper, the prob-
lem of textured image segmentation with an unsupervised method is
addressed. To overcome the difficulty of the segmentation of images
involving complex random texture patterns, we propose a cascade clus-
tering method combining statistical features and the standard Fuzzy
C-Means clustering algorithm. Instead of using the gray level value of a
given pixel, a feature vector is extracted from a sliding window centered
on the pixel. The Fuzzy C-means algorithm is used to cluster the ob-
tained feature vectors into several classes corresponding to the different
regions of the multi-textured image. Experimental results show that
the proposed method is a better alternative to the pixel-based FCM
segmentation method.

Keywords: Texture analysis, Fuzzy C-Means algorithm, Statistical fea-
tures, Texturesegmentation

1 Introduction

The texture image segmentation is one of the important tasks in computer
vision systems. It plays an important role in many pattern recognition appli-
cations such as remote sensing, cartography, robot vision, inspection of textile
products, military surveillance and medical imaging. Several methods are
proposed for segmentation of textured images including Fractals and Markov
Random fields [7][8]. The most widely used clustering method is the Fuzzy
C-Means (FCM) algorithm, which is a ”fuzzy relative” to the simple c-means
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technique [6]. The fuzzy c-means clustering algorithm has been utilized in a
wide variety of image processing applications such as medical imaging [2] and
remote sensing [3][10]. It performs a fuzzy partition of a given data set. The
advantages of this method are its straightforward implementation, its fairly
robust behavior, its applicability to multichannel data and the ability of un-
certainty data modeling. However, the major disadvantage of the use of the
FCM algorithm in imaging applications is that it does not incorporate infor-
mation about spatial context, causing it to be sensitive to noise and other
imaging artifacts. Moreover, in image processing systems, an image can be
represented in various feature spaces. The classification of textures or tissues
can be performed by grouping data points in the feature space with the same
similarity into clusters. Special care has to be taken to use those features which
are most representative for the properties of the desired objects. By applying
the FCM method, a partition of the feature vectors into different regions can
be performed. Instead of the pixel-based FCM segmentation method used in
many works [5][9], based on the pixel gray-level value and the standard FCM
method, we propose in this paper to extract a feature vector from a sliding
window centered on the pixel. The c-means clustering technique is then used
to cluster the obtained feature vectors into several classes corresponding to the
different regions of the image. The used extracted features are: the mean, the
variance, the third and the forth order moments of the sliding window. The
results of the texture segmentation with this new technique is compared to
those provided by the pixel-based FCM algorithm. The present paper is or-
ganized as follows: Section 2 gives a recall of the pixel-based FCM algorithm.
Section 3 presents the proposed method combining the statistical features and
the FCM algorithm. In Section 4, we show and discuss the results of textured
images segmentation based on the proposed method.

2 Recall of the pixel-based FCM clustering al-

gorithm

The Fuzzy c-means is an unsupervised clustering algorithm whish can be ap-
plied successfully to several problems involving feature analysis, clustering and
classifier design in fields such as astronomy, chemistry, geology, image analysis,
medical diagnosis, shape analysis, target recognition and image segmentation
[3][4][5][10].

The FCM algorithm minimizes the objective function for the partition of
data set, x = [x1, x2, ..., xd]

T , given by: [1]

Jm(u, v) =
c∑

i=1

d∑
k=1

um
i,k‖xk − vi‖2 (1)
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In this equation, d is the number of samples in the vector X, c is the number
of clusters (or classes) (1 ≤ c ≤ d), uik is the element of the partition matrix
U of size (c × d) containing the membership function, vi is the center of the
ith class (cluster), and m is a weighting factor that controls the fuzziness of
the membership function. The matrix U is constrained to contain elements in
the range [0,1] such that

∑c
i=1 ui,k = 1 for each (1 ≤ k ≤ d), uik . The norm

||xk − vi|| is the distance between the sample xk and the centers of classes vi.

In the framework of the segmentation of a multi-textured image of size
(N ×M), the vector X contains all the gray level of the image, scanned line by
line, i.e. d = NM . The fuzzy c-means algorithm performs the partition of the
vector X into c fuzzy subsets where uik represents the membership of xk in class
i. The FCM clustering technique can be summarized by the following steps [1]:

Step 1: Initialization (Iteration 0)
- Scan the image line by line to construct the vector X containing all the gray
level of the image
- Randomly initialize the centers of the classes vector V (0).

From the iteration t=1 to the end of the algorithm:

Step 2: Calculate the membership matrix U (t) of element uik using:

uik =


 c∑

j=1

( ||xk − vi||
||xk − vj ||

) 2
m−1




−1

(2)

Step 3: Calculate the vector V (t) = [v1, v2, ..., vc] using:

vi =

∑d
k=1 um

ikxk∑d
k=1 um

ik

(3)

Step 4: Convergence test : if ||V (t) − V (t−1)|| 〉ε , then increment the iteration
t, and return to the Step 2, otherwise, stop the algorithm. ε is a chosen pos-
itive threshold.

3 The proposed segmentation method

In this paper, we propose to replace the vector X used in the image segmen-
tation method based on the pixel value and the FCM algorithm by a matrix
F containing the same number of lines, i.e. d, but with 4 columns. These
columns contain 4 statistical features extracted from the sliding window cen-
tered around every pixel. These features are the mean Me, the variance V ,
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the third order moment Sk and the forth order moment Ku of the window.

For a textured image y of size (N×M), and a sliding window of size (p×p),
the 4 features extracted from the window centered at pixel (n, r) are given by
the following equations:

Me =
1

MN

p−1
2∑

i=− p−1
2

p−1
2∑

j=− p−1
2

y(n + i, r + j) (4)

V =
1

MN

p−1
2∑

i=− p−1
2

p−1
2∑

j=− p−1
2

(y(n + i, r + j) − Me)2 (5)

Sk =
1

MN

p−1
2∑

i=− p−1
2

p−1
2∑

j=− p−1
2

(y(n + i, r + j) − Me)3 (6)

Ku =
1

MN

p−1
2∑

i=− p−1
2

p−1
2∑

j=− p−1
2

(y(n + i, r + j) − Me)4 (7)

Notes that p must have an odd value to obtain a centered window around
each pixel. So, the C-means algorithm is used to cluster the obtained feature
matrix F into c different classes. Every class corresponds to one region in the
segmented image. The spatial scanning order of an image is performed, as
shown in Figure 1, pixel by pixel from left to right and top to bottom.

The proposed image segmentation technique using the FCM algorithm com-
bined with the statistical features can be summarized by the following steps:
Step 1: Initialization (Iteration t=0)
- Randomly initialize the matrix V (0) of size (c × 4) containing the centers of
the classes.

Step 2: Construction of the matrix F of size (d× 4) containing the statis-
tical features extracted from the textured image as detailed in the last para-
graph.

From the iteration t = 1 to the end of the algorithm:
Step 3: Calculate the membership matrix U (t) of element uik using:

uik =


 c∑

j=1

( ||Fk − vi||
||Fk − vj ||

) 2
m−1




−1

(8)

In this modified method, Fk and vi are vectors of size (1 × 4).
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Figure 1: The adaptive sliding window from left to right and top to bottom.

Figure 2: Features extraction from the sliding window.

Step 4: Calculate the matrix V (t) composed of 4 columns vi using:

vi =

∑d
k=1 um

ikFk∑d
k=1 um

ik

(9)

Step 5: Convergence test : if ||V (t) −V (t−1)|| 〉ε , then increment the itera-
tion t, and return to the Step 3, otherwise, stop the algorithm. ε is a chosen
positive threshold.

4 Results on texture segmentation

4.1 Experiment 1: The segmentation sensitivity

In order to compare the performance in texture segmentation of the pro-
posed method with the pixel-based FCM method, 10 textured images of size
(100 × 100) pixels are segmented with both approaches. Each image contains
two textures, one in the left part and the other on the right part.
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ima1 ima2 ima3 ima4 ima5

ima6 ima7 ima8 ima9 ima10

Table 1: The simple studied textured images

Figure 3: Plot of the segmentation sensitivity of both methods for the ten simple textured
images (ima1..ima10) (Sliding window size (5 × 5), m = 2, ε = 10−5)

For each method, we compute a ”Segmentation Sensitivity” S in % as the
ratio between the number of the pixels correctly segmented with respect to the
total pixels number. S can be expressed with:

S = 100
CP

NM
(10)

CP is the number of the pixels correctly segmented and N and M are the
sizes of the image. The values of the segmentation sensitivity are illustrated in
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Table 1 for each segmented image. They are also plotted in Figure 3. The size
of the used sliding window is (5× 5), the weighting factor m is equal to 2 and
the threshold ε = 10−5. We note that the segmentation sensitivities obtained
by the proposed method is higher than those obtained with the pixel-based
FCM method. This methods provides a segmentation sensitivity of almost 20
% over than the pixel-based FCM method. The use of the statistical features
extracted from the sliding window instead of the simple pixel value greatly
improves the performance of the image segmentation.

4.2 Experiment 2: Segmentation of complex textured
images

In this experiment, the pixel-based FCM method and the proposed method
are used for the segmentation of four textured images of size (150×150) pixels
containing two or three textures. The results of the segmentation are given
in Table 2. In the segmented images, the pixels corresponding to the same
cluster are assigned to the same gray level (White, black or gray). Moreover,
in the proposed algorithm, two window sizes are used: (5 × 5) and (9 × 9).
By visual inspection of the segmentation results, we have found that for all
images (with 2 or 3 clusters), the proposed method based on statistical fea-
tures provides an excellent texture segmentation results, comparing to the
pixel-based FCM algorithm [9]. Furthermore, the performance of the proposed
approach is proportional to window’s size. When we increase the window’s di-
mensions, the extracted features become more stable and representative, which
greatly improves the image segmentation results.

5 Conclusion

In this paper we have shown that the combination of statistical features charac-
terization and fuzzy clustering hasmany advantages for texture segmentation.
We have modified the use of well known FCM algorithm in image segmenta-
tion by including some statistical features extracted from a sliding window.The
experimental results on textured imagesegmentation show the superiority of
the proposed method with respect to the pixel-based FCM method in terms of
compactness of the segmented regions. The proposed method provides a seg-
mentation sensitivity of almost 20 % over than the pixel-based FCM method.
The use of the extracted statistical features instead of the simple pixel value
greatly improves the performance of the image segmentation. Finally, we note
that the search of further features for the texture characterization is an im-
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portant perspective of the present work.

Original Segmentation with Segmentation with Segmentation with
image standard FCM the new method, the new method,

window (5 × 5) window (9 × 9)

Table 2: Segmentation results obtained with the pixel-based FCM and the
proposed method
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