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Image segmentation algorithm based
on improved fuzzy clustering1

Changxing Geng2, Peng Wang2, Pengbo
Wang2

Abstract. Image segmentation is a key part of image processing and it plays a very important
role in image analysis and information application. The principle of image segmentation based on
fuzzy theory was used as the basis in this context, and the application steps of fuzzy C mean clus-
tering in image segmentation were studied. Aiming at the problems existing in the algorithm, the
objective function was improved and a new algorithm model was established. The improved fuzzy
clustering image segmentation algorithm was compared with the traditional algorithm through the
experiment. The improved algorithm had better image segmentation effect. The feasibility of the
improved algorithm was proved, which contributed to the research of image segmentation algorithm
based on improved fuzzy clustering.
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1. Introduction

With the rapid development of science and technology, the storage and dissemi-
nation of information become cheaper and cheaper, which leads to explosive growth
in the amount of information that people are exposed to in their daily lives. Images
become the main carrier of information dissemination because of their intuitive, im-
age, easy to understand, and rich in information [1]. About 70% come from images
of all the information people acquire. However, it is very important to extract valu-
able information from the images obtained by various devices to meet the needs of
different applications [2]. Useful information in an image is often concentrated in
a particular area after researching people develop. The task of image segmentation
is how to separate these regions from the image background effectively. Image seg-
mentation can be divided into several regions according to the predefined features,
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which can be gray, color and texture [3]. With the development of image segmenta-
tion technology, it has become one of the most basic and important research contents
in computer vision. It also occupies a very important position in the process of im-
age analysis, processing and description. Image segmentation is based on the prior
knowledge of the target and the background. Firstly, the target and background are
marked and located in the image. And then, the targets that need to be identified
are separated from the pseudo target according to these tags. Only in this way can
the follow-up work of a series of information processing such as target identifica-
tion and accurate positioning be realized. This result is also important because it
can have a major impact on subsequent processing [4]. Image segmentation is very
important for image recognition, tracking and understanding during the process of
image analysis. The accuracy of image segmentation is very demanding in the pro-
cess of image processing. Therefore, how to segment the required target from the
background quickly and effectively has become the key to the research process [5].

2. State of the art

Zadeh proposed fuzzy set theory for the first time in 1965. Thus, fuzzy mathe-
matics was created as a new discipline. Fuzzy set theory is extended on the basis
of traditional set theory. For traditional set theory, an element belongs to a set, or
does not belong to a collection. For a fuzzy set, each element belongs to a set to a
certain extent, and can also belong to multiple sets at the same time [6]. Fuzzy sets
theory can describe the fuzziness and randomness in human vision exactly. Fuzzy
set theory has also been applied to various levels of pattern recognition. For exam-
ple, the input pattern can be represented as a membership matrix for the feature
layer (representing the extent of ownership of a given property). Membership val-
ues of fuzzy patterns can be used to provide information for representation and loss
estimation at the classification layer [7]. Scholars have reformed some image segmen-
tation algorithms in the course of research according to the characteristics of fuzzy
sets. These algorithms can be divided into fuzzy threshold segmentation and fuzzy
clustering segmentation. Among them, the fuzzy C means algorithm (FCM) is the
most classical and widely used image segmentation algorithm [8]. The application
of fuzzy theory to image segmentation is a classic example of the computer having
some of the visual functions of human beings [9].

2.1. Methodology

Clustering is the separation and classification of things of similar nature. Clus-
tering analysis is the classification of a given object on the basis of mathematical
methods. A classical classification usually begins with a single factor or a few limited
factors and uses experience or knowledge to classify things [10]. This category has
a very clear line of categories and can cluster together the same thing effectively.
However, with the cognition of people deeply, it is found that not everything can find
a clear line of its classification, and many things are fuzzy boundaries in the image.
For example, many regions is not clear enough [11]. Therefore, in order to better
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classify these fuzzy boundaries, fuzzy mathematics arises at the historic moment. Its
generation provides a mathematical basis for this kind of soft classification, which
is also called fuzzy cluster analysis. Fig. 1 shows the location of image segmentation
in image engineering.

Fig. 1. Location of image segmentation in image engineering

Cluster analysis is a mathematical method of grouping similar data points into a
class according to a specific criterion [12]. For the current theoretical development,
the fuzzy C means clustering algorithm (Fuzzy C-Means, FCM) is one of the most
famous fuzzy clustering methods. This algorithm was first proposed by Dunn. And
later Bezdek improved it and gave Fuzzy C-Means Clustering an iterative optimiza-
tion algorithm based on the least square method. By proving its convergence, it is
proved that the algorithm can converge to an extremum [13]. Fig. 2 is the application
of image processing technology.

Fig. 2. Application of image processing

The fuzzy C means clustering algorithm uses the double layer iterative method
to obtain the extremum of the objective function. The inner iteration is used to
correct the membership matrix and the clustering center. Inner iteration is a gradient
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descent method essentially. The next step of the optimization direction is determined
by calculating the gradient of the current state. The outer iteration is used to test
the convergence condition to determine whether the iteration meets the requirement
of convergence [14]. The membership degree of each element in each class can be
obtained from the membership matrix after the completion of the iteration. The
division of elements can be determined according to the degree of membership.

The fuzzy C means clustering algorithm defines the following form of objective
function:

J =

n∑
i=1

c∑
j=1

µm
ij ‖xi − vj‖ 2 (1)

The objective function satisfies the following constraints:

c∑
j=1

µij = 1, ∀i ∈ {1, 2, · · · , n} (2)

Here, µij is the membership degree of the element I about class j. Symbol xi
denotes the characteristic vector of element i, vj is the clustering center of class j,
and m is the weight coefficient. According to the validity criterion, the range of m
is 1.5–2.5. In general, m = 2.

Lagrange conditional extremum method can be applied to deduce the correspond-
ing iterative formula [15].

F =

n∑
i=1

c∑
j=1

µm
ij ‖xi − vj‖2 + λ

1−
c∑

j=1

µij

 =

= λ

1−
c∑

j=1

µij

+

n∑
i=1

c∑
j=1

µm
ijd

2
ij . (3)

In order to maximize the function J , the first order necessary condition is as
follows:

∂F

∂λ
= 1−

c∑
j=1

µij = 0 , (4)

∂F

∂uij
= m (uij)

m−1
(dij)

2 − λ = 0 , (5)

From (5), the following formula can be obtained

uij =

[
λ

m (dij)
2

] 1
m−1

. (6)
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Formula (6) is put in formula (4) to obtain that:

c∑
j=1

µij =

c∑
j=1

(
λ

m

) 1
m−1

[
1

d2ij

] 1
m−1

=

(
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[
1
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] 1
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 = 1 . (7)

Thus, there is: (
λ

m

) 1
m−1

=
1∑c

j=1

[
1
d2
ij

] 1
m−1

. (8)

The formula (8) is fused together with (6) to get that

uij =
1∑c

i=1

[
d2
ij

d2
il

] 1
m−1

. (9)

In view of the possibility that dij has taken as 0, the discussion is separated. For
∀i ∈ {1, 2, 3, · · · , n}, the definition of Ti and its complement set T c

i are defined as

Ti = {j |1 ≤ j ≤ c, dij = 0} , (10)

T c
i = {1, 2, 3, · · · c} − Ti , (11)

In order to obtain the minimum of objective function J , the value of uij should
be 

µij =
1∑c

k=1

(
dij
dik

) 2
m−1

, Ti = φ,

µij = 0,∀j ∈ T c
i ,
∑c

j∈Ti
µij = 1, Ti 6= φ.

(12)

The iterative formula of the cluster center vj can be obtained by using a similar
iterative method:

vj =

∑n
i=1 µ

m
ijxj∑n

i=1 µ
m
ij

. (13)

The fuzzy C means clustering algorithm is to approximate the extreme value
progressively from a random initial value by the constant iteration of formula (12)
and formula (13). The steps of the algorithm are described below briefly:

Step 1: The cluster number c and parameter m are set.
Step 2: The cluster center vj is initialized.
Step 3: Repeat the following operations until the value of the target function

obtained by the current two rounds of iterations satisfy |Jt − Jt+1| < ε. It can be
considered that better clustering results have been obtained, thus stopping updating.
Among them, ε is a small positive number, which is called tolerance error.

When the algorithm converges, all kinds of clustering centers and the membership
values of each object can be obtained, and then the fuzzy clustering is completed.
If it is necessary, we can also blur the fuzzy clustering results. That is to say,
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fuzzy clustering is transformed into deterministic classification with certain criteria.
The most common criterion is the maximum membership criterion. The object is
partitioned into classes corresponding to the maximum of its membership.

Image segmentation using clustering analysis is a widely used and very important
method in the field of image segmentation. Both color and gray scale images can be
segmented by using them. Clustering is the aggregation of things of the same nature,
and the differentiation of things that have significant differences in order to achieve
the classification of things. Image segmentation is the process of classifying the
pixels in an image according to their similarity. Naturally, people think of clustering
analysis into image segmentation. The human eye has a certain degree of subjectivity
and is often fuzzy to the division of the region. Therefore, it is more suitable to use
fuzzy means for image segmentation. On the other hand, image segmentation often
has the shortage of training samples and poor representation, and unsupervised
learning methods can deal with such problems. They do not require the support of
training samples during the process of processing. We can know that fuzzy clustering
is a good choice from the needs of these two aspects. Fuzzy clustering is a powerful
tool in the field of image segmentation.

The traditional FCM based image segmentation algorithm can get good segmen-
tation results in more complete areas when the image has high signal-to-noise ratio
and contrast ratio. Traditional FCM uses the gray value of pixels as the only feature
to cluster without considering the abundant spatial location information, so there
are some defects which are sensitive to noise. The objective function of FCM was
improved, and the spatial location information was introduced into the calculation
of the objective function so as to achieve better segmentation results in this paper.

The space constraint term is added on the basis of the traditional FCM’s objective
function, and the new objective function is defined as follows:

J =

n∑
i=1

c∑
j=1

umij
∥∥∥∥∥∥∥∥∥∥∥
xi − vj‖2 +

∑
k ∈ Ni

k 6= i

∥∥∥xk − vj‖2∥∥∥xk − vj‖2 + 1
uij (1− uij)

 , (14)

where Ni is the collection of field points of the pixel I in the upper form, which uses
a rectangular, diamond or cross range of fields generally. The space constraint term
introduced is to consider the domain of the pixel in the calculation of the objective
function. To some extent, this suppresses the number of pixels in a domain belonging
to multiple classes. The iterative formula of the new objective function is as follows:

vj =

∑n
i=1 µ

m
ijxi∑n

i=1 µ
m
ij

, (15)
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and

uij =

c∑
l=1
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∑
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. (16)

For the improved FCM algorithm, the space function is defined as follows:

hij =
∑
k∈Ni

ujk , (17)

where Ni is the domain collection of pixel i in the formula. This function reflects
the degree of membership of the domain pixels of the pixel i. The new membership
is defined as follows:

u∗ij =
(uij)

p
(hij)

q∑c
k=1 (uik)

p
(hik)

q . (18)

In formula (18), p and q are adjustment parameters to control the proportion of
the original membership and space functions. If the pixel i and its domain pixels
belong to the same class, the spatial function only increases the original membership
degree. If the pixel i and its domain pixels do not belong to the same class, the
spatial function will suppress the original membership degree. Thus, the pixels
gathered together belong to the same class as much as possible, and the noise can
be suppressed. The new clustering center functions are

vj =

∑n
i=1

(
u∗ij
)m

xk∑n
i=1

(
u∗ij
)m . (19)

The new target function is

J =

c∑
j=1

n∑
i=1

(
u∗ij
)m ∥∥∥xi − vj‖2 (20)

The specific algorithm steps are as follows:
Step 1: Initial parameters are set, including cluster number c, initial clustering

center vj , tolerance error e, and domain size and corresponding t values.
Step 2: The FCM is used to segment the image under the maximum membership

constraint.
Step 3: The class of pixels is modified.
Step 4: The original image is chosen to smooth the noise combining the generic

information of the domain pixels.
Step 5: FCM is used to segment the smoothed image for two times under the

constraint of the maximum membership degree.
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3. Result analysis and discussion

The following is the experimental image segmentation results.
The rice grain diagram was used as the experimental image. When the clustering

was carried on, the clustering number was c = 2 and the tolerance error was e = 0.01.
The initial clustering center was 0, 255. The weighting function took m = 2. Figure
3 shows the rice image from left to right. A Gauss noise figure with a mean value
of 0, a variance of 400, and a grain of rice with 5% salt and pepper noise were
added. Figure 4 shows the first segmentation result of the Gauss noise map, the
selective equilibrium results and the two segmentation results. Figure 5 shows a
segmentation result of a salt pepper noise map, a selective smoothing result and a
second segmentation result. The following table is a comparison of the indexes in
the segmentation process.

Fig. 3. Artwork, Gauss noise map, and salt and pepper noise map

Fig. 4. Intermediate results and final results of the Gauss noise map

It can be seen from the previous table that selective smoothing does have an
inhibitory effect on noise, especially for salt and pepper noise. Selective smoothing
not only improves the signal to noise ratio of the image, but also makes the clustering
center of the smoothed image closer to the cluster center of the original image, thus
reducing the influence of noise effectively.

The experimental image used in this paper was a synthetic map with a resolution
of 300×300. The hardware environment of the simulation experiment was AMD
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Fig. 5. Intermediate results and final results for segmentation of salt and pepper
noise maps

Athlon (tm) 64 X2 Dual Core, Processor4400++. The CPU main frequency was
2.30GHz, and the memory was 2GB. The programming environment was Matlab7.0.
Among them, the Gauss noise map was added to the original image with a mean
value of 0. The variance was 400 of the Gauss noise. Salt and pepper noise map
was based on the original added 5% salt and pepper noise. The time consumed by
segmentation and the correct segmentation rate are shown in Table 2. Comparison
of correct segmentation rates is in Table 3.

Table 1. Comparison of the indexes in the segmentation process

Gauss diagram Salt pepper diagram

Artwork clustering center {84.964,167.66} {84.964,167.66}

Noise map clustering center {80.281,164.8} {81.26,175.08}

Smoothed cluster centers {80.799,167.96} {83.212,169.6}

Signal to noise ratio before smoothing 33.7763 15.2494

Signal-to-noise ratio after smoothing 46.0306 59.4954

Table 2. Comparison of running time

FCM KFCM Paper algorithm

Gauss noise map 83.80 s 83.00 s 169.56 s

Salt and pepper noise map 85.19 s 84.25 s 179.25 s

Table 3. Comparison of correct segmentation rates

FCM KFCM Paper algorithm

Gauss noise map 97.2% 98.4% 100%

Salt and pepper noise map 96.3% 98.1% 99.8%

It can be seen from the two objective indexes of segmentation accuracy and
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time consuming that FCM and KFCM were the least time-consuming and sensitive
to noise. The segmentation algorithm took about 2 times as much as FCM, but
the noise suppression was obvious, which improved the robustness of the algorithm
greatly. This type belongs to the FCM image segmentation method of correction and
spatial constraint, which can modify the class of pixels according to class dispersion.
And then, the image is selectively smoothed according to the class of neighborhood
pixels, and finally the two segment of the modified image is segmented. Experimental
results show that the proposed algorithm has good anti-noise capability. In addition,
the complexity of distance and membership calculation formula is not increased
when spatial information is introduced. Therefore, the operation is the same as the
traditional FCM, but the segmentation effect is better than the traditional FCM
algorithm.

4. Conclusion

One of the basic problems in computer vision is image segmentation. The research
of image segmentation has promoted the development of computer vision greatly, and
has also promoted the development of intelligent information processing technology.
There is a lot of uncertainty about the image itself. As a theory that can define fuzzy
boundaries, fuzzy theory can describe the uncertainty of images effectively. Many
researches have focused on the application of fuzzy clustering algorithm in image
segmentation in recent years. The research status of image segmentation technology
was explained and the development process of fuzzy theory was introduced in this
paper. The fuzzy C means clustering algorithm was analyzed in detail. Aiming at
the problem that the fuzzy C means clustering algorithm has poor noise immunity
function, an improved fuzzy clustering algorithm was proposed. The algorithm pre-
sented in this paper performed FCM image segmentation by changing the objective
function and based on domain pixel class constraint, which solved the problem of
introducing spatial information effectively. The traditional algorithm was compared
with the improved algorithm through the contrast experiment. It was proved that
the algorithm can suppress the noise and improve the robustness of the algorithm
without changing the time complexity by defining the objective index, including the
running time and the segmentation accuracy. To some extent, the research in this
paper can promote the theoretical research of image segmentation algorithm based
on improved fuzzy clustering.
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