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IMAGE SEGMENTATION WITH FUZZY J-MEANS METHOD

Abstract. The reason for novel method development consists in absence of
existing ones that could quickly cope with undefined overlapping image segments
without trapping into local extremum. As image segmentation is closely related to
clustering, boundaries between image segments are decided to be presented using
Sfuzzy clusters. Crisp and fuzzy solutions to image processing are observed in this
paper along with matrix modification of fuzzy J-means clustering that is proposed
based on modified fuzzy C-means algorithm.
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Introduction

Spatial segmentation is an important phase in many image and video processing
applications. It assumes partitioning the whole field of view into uniform, in a sense,
areas of interest. The union of such neighbouring partitions appears to be different
from the specified point of view. Therewith, vector space may be presented using
visual or geometric features obtained from image pixel information analysis. Among a
large variety of image segmentation techniques, clustering is considered one of the
most effective [1].

Clustering multidimensional observations is one of the key problems from a wide
research area known as ‘data mining’. The challenges faced here are as follows:
different distribution law of initial data that is a priori unknown, necessity in real time
or near real time processing, variety of cluster shapes and their overlapping, existence
of noise and outliers, without mentioning difficulties in initial partitioning and
similarity metric choice. Many methods have been already developed for solving these
problems, starting from strictly mathematically formalized and up to heuristic based
ones [2, 3]. Despite huge efforts in this field, the aforementioned problems are left
partially unsolved.

The most frequently used approach to clustering problem consists in partitioning
feature vector space implemented by finding p vectors of centroids C(l),
| =1,2,..., p around which clustered sample vectors are grouped. Well-known
methods, there, with extended mathematical grounding are those connected with sum
of squares minimization (in terms of Euclidean metric) of intra-cluster distances
between vectors of observations and calculated centroids. Among centroid based

methods, H-means, K-means, C-means, J-means and their modifications [2-7] have
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gained great popularity.

Despite of their effectiveness, centroid based methods (such as K-means, H-
means and fuzzy C-means) possess the same drawback: they tend to stuck at local
extremum during optimization process. This problem occurs quite often for
multiextremal optimization, and to overcome it, there are several approaches: from
simple search restart or global random search application [8] and up to using more
complicated genetic or immune algorithms. Unfortunately, these approaches
significantly increases time needed for multimedia information processing that is
unallowable while working with video data bases containing huge amounts of visual
information.

Vector clustering procedures with global properties are J-means method for crisp
clustering [5] and its fuzzy case FJM (abbreviated from ‘fuzzy J-means’) [9]. When
optimization procedure traps into a local extremum, these methods accomplish ‘jumps’
in the vicinity of the extremum, which leads the procedure out of the trap to the
attraction of a more ‘deep’ extremum. In further sections, crisp and fuzzy image
segmentation via clustering is observed along with matrix modification of fuzzy J-
means method that is proposed and discussed in application to image segmentation.

1. Crisp and Fuzzy Image Segmentation

Boundaries between image segments may be of two types. They can be presented
as strict separate objects and overlapping objects. The latter is even more practicable
because real objects usually overlap each other and the background, i.e. they are not
clearly defined. The same thing is true for crisp and fuzzy clustering. In the first case,
cluster boundaries are strict and one observation (image pixel, for instance) is related
to one and only one cluster, i.e. clusters are mutually exclusive. In fuzzy clustering,
some observations may belong to more than one cluster with membership value
specified [1].

Consider crisp form of image segmentation, during which an image given by
(M x N)-matrix containing pixel information is partitioned into uniform, in a sense,
classes (segments or clusters). With this proviso, the initial image matrix is divided
into ‘window’ blocks of size (M < M) x (n < N). Then, after each of these blocks is

converted (vectorized) into (mnx 1)-vectors of amount N* = MN(mn)™, any of the

aforementioned clustering algorithm is applied. From substantive and computational

points of view, ‘windows’  x(k) = {xmz(k)} eR™"; i, =12..,m;

i,=12...,n; k=12,..., N° = MN(mm)™" are more preferable for processing
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than vectorized data. Among the whole multitude, the best partition

P, = {CI1, cl,,..., Clp} should be found in some accepted sense under condition of

p non-overlapping clusters
CIImC|q=®;I;tq;|,qe[1,p] (1)
and matrix centroids C={C(1), C(1),..., C(p)}, providing minimum value of
the objective function

min E = min E(x(k), C(1)) = niiu x(k), C))Sp(x(k) — C)(x(k) - C(1))" (2)

Po Po 1=1

1,if x(k) e Cl,,

where Sp(o) denotes the trace of matrix, p(x(k), C(I)) = _
0, otherwise.

Solution to the optimization problem of objective function (2) can be simply

presented as follows:

Z uix(k), C))x(k)

o) = Ni > x) 3)

Z n(x(k), C())

where N, is the number of samples belonging to cluster Cl,. In fact, the solution

is reduced to finding matrix centers of weight in corresponding clusters.

Though, as it was already mentioned, condition (1) is not always held in real-
world image processing applications, and cluster overlapping occurs very often. In
other words, as a rule, it is impossible to set one-to-one correspondence of a ‘window’
with one or another particular segment. In vector space, such problems are
successfully resolved with fuzzy cluster analysis where fuzzy C-means method (FCM)
has gained the greatest popularity for pattern recognition and computer vision systems
[1, 10-12].

FCM matrix modification was introduced in [13]. The following expression,
there, was used as an objective function
N
E =E(x(k), C(1)) = Ziuﬁ(x(k), C))Spx(k) - C)x(k) - C(1))  (4)

k=1 1=1

with constraints
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iu (x(k), C(1)) =1; O<Zu(x(k) Cl) <N ;1=12..p. (5)

Here, p(x(k), C(l)) is the value of sample X(k) membership in cluster Cl,
3 > O is the parameter named ‘fuzzifier’ that specifies the level of edge overlapping
for adjacent segments (usually 3 = 2).

The following result is obtained after optimization of objective function (4) under

constraints (5):

(Sp(x(k) = C(1))(x (k) = C(1))")"*

Z (Sp(x(k) = C(1))(x(k) = C(1))")"*

nix(k), C(1)) =

)

(6)
uﬁ (x(k), C)x(k)

Mz

C(l) =

HB(X(k), C())

_x
MZ
=N

and if =2, then the following simple expression is obtained [13]
corresponding to popular J. Bezdek procedure generalization for the matrix case [14]:
Sp(x(k) — C()(x(k) = C(I)")™
w(x(K), C(1)) = p( p(x(k) - CNx(k) - C) )~
2. (Sp(x(k) = C())(x(k) - C(1)")™

1=1

ZHZ (x(k), C()x(k)
C(l) = k=T .

> k(). ()

(7)

_\

2. Matrix Presentation of Fuzzy J-means

In connection with fuzzy image segmentation, fuzzy J-means method is
reasonable to be extended to the matrix case. Moreover, it turns out that J-means
significantly outperforms previously observed centroid based methods when many
clusters and observations are present. Fuzzy J-means method consists in random
movement of intermediary centroid (trapped into local extremum during optimization
procedure) into empty points (that are not centroids) located in vicinity until reaching

more ‘deep’ extremum being a centroid. Then, the obtained crisp solution is
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recalculated into fuzzy one by determining membership levels and refining all the
cluster centroids.

FIJM method is implemented in two main stages: finding local optimums using
standard FCM with consecutive finding more ‘deep’ minimums via FJM-heuristic.

The first stage assumes the following sequence of steps.

Step 1. Specifying initial quite random partitioning P, = {Cl,, C,,..., C } with
centroids C(1), C(2),..., C(p); fuzzifier B and threshold & > 0 that determines
condition of algorithm termination.

Step 2. Calculation of membership values p(x(k), C(l)) using the first relation
from (6) (for arbitrary B) or the first relation from (7) (for B = 2) with centroids that

are got from the previous step.

Step 3. Recalculation of centroids C(1), C(2),..., C(p) using the second
relation from (6) (for arbitrary ) or the second relation from (7) (for 3 =2) with
membership values got from the previous step.

Step 4. Estimation of spherical norm of difference between the previously
obtained centroids and those calculated at the third step.

Step 5. Check for termination conditions. If the obtained norm is less than ¢, the
algorithm terminates; if the obtained norm is greater than ¢, return to step 2 with
centroids located as after applying step 3.

The algorithm proceeds iteratively until termination condition is reached, and the
solution will be presented by coordinates of local optimum in linear programming
problem for (4), (5).

The second stage is a phase of jumps when random moves are performed in
vicinity to the obtained local minimum in order to reach more ‘deep’ extremum.

It was shown in [10] that the general optimization problem (4) with constraints
(5) can be reduced to unconstrained optimization with a specific presentation of

objective function which can be written in matrix form as follows:
E = E(x(k), C()) = g(g (Sp(x (k) = C()x(k) = C)")" "), (8)

for arbitrary values of fuzzifier B and
E = E(x(k), C(1)) = g(Z(Sp(X(k) ~Cx(k)=C1)H) ™)™ )

for g =2.
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Then, jumps are performed from any of the obtained centroids C(l), I =1, 2...,
p. In other words, the chosen centroid is replaced with any sample Xx(r), and after

that, the value of objective function (8) or (9) is calculated in the following view:

E = E(x(k), x(r)) = Z(Z‘j‘, (Sp(x (k) —x(r))(x(k) = x(r))")" )" (10)

or

E =E(x(k), x(r)) = Z(i (Sp(x(k) = x(r))x(k) =x(r))") ™). (11)

If values (10), (11) turn out to be less than (8), (9) for some X(r), the decision is
made that a better centroid is found for cluster Cl,. Then, all the membership values

are recalculated using the first relation from (6) or (7). Such jumps are performed in
vicinity of each centroid got at the first step. If it turns out that jumps in vicinity of all
the centroids do not perfect the value of objective function (10), (11), then decision is
made concerning termination of optimization process or jumps are performed again in
vicinity of greater radius. Practically, this process may continue until empty points run
to an end. The latest found local extremum is considered to be global one. Despite of
seemingly bulky description, optimization process is quite simple from computational

point of view.
Conclusion

It has been stated that strict boundaries between neighbouring segments are not
always determinable in an image. For the purpose of quick and efficient image
segmentation under condition of overlapping classes, matrix modification of fuzzy J-
means method has been proposed. The developed method is based on matrix
modification designed for fuzzy C-means clustering with the mechanism of random
jumps, which provides finding global extremum of the accepted objective function.
Computational simplicity of the method ensures its application for large-scale
multidimensional data and guarantees resolving wide range of fuzzy clustering

problems in matrix spaces.
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