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Abstract: One of the widely used algorithms for data clustering and image segmentation is the
fuzzy c-means (FCM) algorithm. The objective function minimization in FCM guarantees the
optimal data separation according to their feature values but there is no guarantee that this
separation will match an available ground truth. However an optimal feature set can be found in
respect to which the FCM classification matches the ground truth. We propose here a strategy
for optimal feature set selection in FCM, making use of a small set of training data. This
strategy will allow the selection of the best FCM "version" for a given image segmentation
problem, in respect to the feature set. The strategy was developed for two-class segmentation
and applied to the lip-to-skin discrimination problem in grey level mouth images. The
experimental results show the improved performance of the resulting FCM segmentation as
compared to FCM and to some semi-supervised FCM versions.
Key words: fuzzy c-means, feature selection, supervised clustering, lip detection

1. INTRODUCTION
In its standard form, fuzzy c-means (FCM) [1] is one of the widely used
unsupervised clustering algorithms for image segmentation. The problem of selecting
the best features to represent the data for a given application, so that the data considered
to be similar according to some ground truth to have similar feature values and the data
belonging to different classes to be strongly discriminated, is a general problem in
clustering. Other researchers investigated this problem [2] and considered the possibility
of selecting the optimal features to represent the data for a given application from a
larger set than the minimal needed for a correct classification (actually computing as
many features as possible). Then starting from a small number of features, the feature
vector representing the data is increased by the inclusion of one feature at a time and for
each new feature vector, an optimal classifier (in [2], an SVM) is trained and tested on
the same data set. Only if a feature contributes significantly to the reduction of the test
error it will be included in the final feature set. In this approach, only the possibility of
crisp inclusion or rejection of a feature from the feature set is allowed; however in
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practice, the features used to represent a data point can have different importance (not
only 1) in describing the data. This corresponds to a “fuzzy” feature set, where every
feature is assigned a degree of relative importance between 0 and 1, describing its
significance in data grouping/separation; this is the approach we propose to select the
optimal features for a data clustering application.
The selection strategy of the optimal features proposed here was developed to be
used with the FCM algorithm and applied in particular to image segmentation in known
classes (namely, lip region detection in mouth images only [3]). Since the optimal
features are considered to be those that make the final classification result to match as
close as possible an available ground truth, a set of training data is needed for the
feature selection process. This a-priori information is usually available for a given
application. Some researchers developed variants of FCM, where an available set of
training data is used for supervising the segmentation results. These versions are known
as semi-supervised versions of FCM. In the version proposed by Pedrycz [4], a set of
available labeled data is included in the cost function to be minimized by the FCM
algorithm as an error term proportional to the difference between the membership
degrees of the data in FCM and the memberships given by labels [4]. A similar variant
is proposed in [5], where the authors use a semi-supervised FCM on image data
segmentation, with an extra-step where geometrical constraints are imposed to the
image regions that are to be detected by FCM. Unlike these FCM versions that make
use of learning to optimize the classifier’s partition matrix under fixed features, we
introduce the learning phase in the feature selection process, leaving the clustering
algorithm itself unchanged. Thus the optimization strategy is kept simple. As the
experimental results show, the final classifier performs very well on a given application
of lip-to-skin discrimination.

2. THE STANDARD FUZZY C-MEANS ALGORITHM WITH
MULTIPLE FEATURES
Let us consider a set of N data points represented by a number of F real-valued

features, x i = (x i1 ,..., x iF )T , x if ∈ ℜ , f=1,...,F; thus x i ∈ ℜ F , i = 1,..., N . Denoting by
C the number of classes to which the data are to be assigned in some membership
degree by the FCM algorithm, a membership matrix can be built, U[C × N] , with the uji
element, j=1,...,C and i=1,...,N, representing the membership degree of the data x i to
the class j. U is constrained to be a fuzzy partition. The FCM algorithm aims to
optimally define the C classes so that to minimize the uncertainty regarding the
membership of every data xi, i=1,...,N, to each of the classes. This goal is achieved
N

C

through the minimization of the cost function J m (U, V ) = ∑∑ u mji ⋅ d 2 (x i , v j ) where
i =1 j=1

by V we denote the set of all prototypical class centers, V={v1,...,vC}, v j ∈ ℜ F ,
j=1,...,C. m is a parameter controlling the shape of the resulting clusters; the
convergence of the optimization problem is guaranteed for m>1. d is a distance measure
between the vectors xi and vj. The minimization of Jm(U,V) is solved iteratively, starting
from an initial fuzzy partition matrix U0 or an initial set of prototypical class centers V0;
the values of uji and of vj, j=1,...,C, are modified in each iteration to minimize Jm(U,V).
It can be mathematically proven that uji which minimizes Jm(U,V), for a given V, and vj
which minimizes Jm(U,V) for a given U are given by [1]:
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3. THE
PROPOSED
STRATEGY
FOR
OPTIMAL
FEATURES SELECTION IN FUZZY C-MEANS BY
SUPERVISED LEARNING
The minimization of the cost function Jm(U,V) in the FCM algorithm guarantees
the optimality of the resulting classifier in respect to the class selection and data
assignment to the C classes, under a given set of features and a given distance metric d.
However this does not guarantee that the class assignments match an available ground
truth. Assuming we have a set of N data to be classified in C=2 classes with the FCM
algorithm, and that based on some observations we know that the data {x1,...,xP} should
be assigned to C1 and the data {xP+1,...,xN} should be assigned to C2, we have no
guarantee that after running FCM with C=2, this assignment will hold. Instead, we can
assume that one can find an optimal feature set which will give the best match between
the class assignments after FCM and the desired class assignments.
The proposed strategy for the optimal feature set selection in the FCM algorithm
is as follows. Let us denote the feature set by SF, with S F = {f1 , f 2 ,..., f F }. Each
f k ∈ ℜ, k = 1,..., F, represents a feature value. To each feature f k , k = 1,..., F, we assign
a degree of confidence in its significance for the data classification denoted by
w k , w k ∈ [0,1], k = 1,..., F . Let us consider the set of N data xi, i=1,...,N, x i ∈ ℜ F , to be
classified in C classes by the FCM. In the proposed approach each data vector xi will

have the form x i = (x i1 x i 2 ... x iF )T , with x ik ∈ ℜ, k = 1,..., F, given by:
x ik = w k ⋅ f ik , k = 1,..., F; i = 1,..., N.
(2)
Let us assume that, for a sub-set of the global data set {x i }i=1,...,N , we have a-priori
knowledge about its desired class assignments for a given application, and we aim to
find the values wk, k=1,...,F, that give the closest match in the classification output with
these class assignments. We will discuss for simplicity the case of a binary
classification, C=2. We denote the two classes by C1 and C2, the sub-set of data known

{

}

(C )
(C )
to belong to C1 as S C1 = x1 1 ,..., x N 1 , the sub-set of data known to belong to C2 as
1

{

(C )
(C )
S C2 = x1 2 ,..., x N 2
2

{

}

and

the

total

data

set

of

N

data

as

}

(C )
S = x1 ,..., x N1 , x N1+1 ,..., x N1+ N 2 , x N1+ N 2 +1 ,..., x N , with: x i = x i 1 for i=1,...,N1;
(C )

x i+ N1 = x i 2 for i=1,...,N2. The data from S C1 ∪ S C2 will be used for learning and
validating the confidence degrees wk, k=1,...,F, thus obtaining the optimal feature set to
be used in FCM for classifying the data set. For a given FCM algorithm, with a fixed
distance norm d and C=2, once the iterative algorithm of minimizing Jm(U,V) has
converged, we will have available the partition matrix U[2 × N] = {u ji }j=1, 2; i =1,..., N . j=1
corresponds to data classification in C1, whereas j=2 corresponds to data classification
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in C2. Then the classification error of this FCM in the data set S C1 ∪ S C2 can be
described by the error function: trn = trn1 + trn2 , where:
trn 1

N1

N1 + N 2

i =1

i = N1 +1

= ∑ (1 − u 1i ) +

∑ u1i and

trn 2

N1

N1 + N 2

i =1

i = N1 +1

= ∑ u 2i +

{

∑ (1 − u )

(3)

2i

}

(opt )
(opt )
∈ [0,1], k = 1,..., F, we
To choose the optimal set of feature weights w k
, wk
consider a finite subset of possible values for every wk, with an arbitrarily chosen step

∈ [0,1], w k ∈ W = {0;        }, k=1,...,F. The size of the step  should be chosen
to ensure a tradeoff between the optimality of the feature set and the computational

complexity, since the number of FCMs to be evaluated is

( -1 + 1)F . With every


possible combination of weights from the set W F (the Cartesian product of W in F

{ }

(q)
dimensions), we will run a FCM algorithm on the data set x i , i=1,...,N, built

according to Equation (2). After the convergence of each FCM, the value of

(

)F



(q )
trn ,

q=1,...,  -1 + 1 , is evaluated as given in Equation (3). The optimal feature weights
and thus the set of optimal features for the application will be the one minimizing  trn :

{w }= {w }
( opt )
k



(q)
k



(q)
trn

=

min

(

−1

r =1,..., α +1



)

F

(r)
trn





(4)

4. APPLICATION OF THE PROPOSED STRATEGY IN THE
LIP-TO-SKIN DISCRIMINATION PROBLEM
We applied the procedure for selecting the optimal features to be used in the
FCM algorithm for the lip region detection in gray level mouth images. We consider
only images where the mouth is almost closed, so that the regions to be distinguished
are the lip region and the skin region. The problem of lip region identification in gray
level mouth images is not a trivial task, since these images usually present low contrast
and variable illumination, and is an important task in visual speech recognition
applications [6]. As we showed in a previous work [3], using FCM on the luminance
component only for the segmentation of mouth images leads to poor results. When the
image is divided into four sub-images (upper left, upper right, lower left and lower
right) and a FCM is applied in every sub-image on pixel data including also geometrical
features besides luminance (namely, the spatial position of the pixel), the algorithm
leads to better results [3]. However even in this case the segmentation results are not
always good, especially in images with low contrast. In these regions the geometrical
features should get stronger importance; the importance should be “learned” for each
sub-image. This goal can be achieved with the proposed feature selection strategy.
The procedure is described for the upper left sub-mouth image (as illustrated in
Figure 1. (a)); for the remaining sub-images it should be applied in exactly the same
fashion. Denoting by WUL and HUL – the upper left image width and height, we will
have a set of N = WUL ⋅ H UL data to be segmented by the FCM algorithm into C=2
classes, namely, class C1=Lips and class C2=Skin. Each data xi from the set, i=1,...,N,
corresponding to an
image
pixel, will
be described by two features, f1 and f2; f1 is the
 !"#
$
%&(' )*+,.-/*!01'%32547698;:' )*%6<,.=,?>A@CB%3' )D&
luminance y and f2
1 and f2 are
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scaled between 0 and 100. With the notations from the previous section, F=2; x i ∈ ℜ 2 ,

i=1,...,N, and every xi is given as: x i = (x i1 x i 2 )T , with the components x i1 = w 1 ⋅ y i ;
x i2 = w 2 ⋅ E i , where w1 and w2 represent the weights of f1 and f2, w 1 , w 2 ∈ [0,1] to be
optimized. The set to be segmented by the FCM algorithm is S = {x i }, i = 1,..., N.
WUL
HUL
x

y

= class Lips
v

= class Skin

O

b)
a)
Figure 1. a) The upper left sub-image for an image in Tulips1 database, and the
coordinate system for pixel position description; b) generation of the “training” set
The “training” data subset is built as follows: (1) the triangle with the corners (0, left
corner of the mouth, middle of the upper lip) comprises the pixels belonging to C1; (2) a
rectangle of at least 7 × 7 pixels located in the upper left corner of the image belongs to
C2. Thus we can construct the sets SC1 of size N1 (the number of pixels inside the
triangle) and SC2 of size N2 (=49 in our case), as shown in Figure 1.(b). A label is
attached to each pixel xi, denoted by li, l i ∈{−1;0;+1} , with the following meaning: if
x i ∈ S C1 ⇒ l i = +1 (“training” data from class C1); if x i ∈ S C2 ⇒ l i = −1 (“training”
data from class C2); if x i ∈ S \ {S C1 ∪ S C 2 } ⇒ l i = 0 .
This label is not taken into account as a feature, but it is needed in the computation of
q ) G HIJ KLMLONP!Q.R/PSJ<T HVUWHGXL!P!Y!KDZC[]\_^a`_LbY!KHHAcdLfe gChAikjmln oVprqsoot
the training error F (trn

(

)F

precision-speed tradeoff), leading to a set of u −1 + 1 = 36 combinations of weights.
After running the 36 FCMs and computing the 36 training errors, the minimal error
index will identify the optimal set of weights as w 1(opt ) , w (2opt ) ∈ W02.2 . The fuzzy
partition of the “winning” FCM (opt) algorithm will be used to get the segmented image,
by assigning each pixel xi a different color, cl1 for C1 if u1i>u2i, otherwise cl2 for C2.

{

}

5. EXPERIMENTAL RESULTS
The validation of the proposed strategy was performed on the application of lipto-skin discrimination. For our experiments, we use a set of closed mouth images from
Tulips1 database [7]. We compare our results with those of the standard FCM, on the
same feature set, with fixed weights assigned to the features independently on the
processed image. In all the cases, the optimal weight vector differs from [1;1]; the set of
weights [0.2;1] seems to be near optimal, but not for all the cases. Some examples of
segmented images, both in standard FCM and in our method, are given in Figure 2.
The segmentation results obtained with the proposed strategy were also compared with
results obtained with the standard FCM algorithm in our previous work [3] and with the
results given by a semi-supervised version of FCM with geometric constraints [5]. As it
can be seen from Figure 3, again our algorithm proves superior in the images under
investigation. Thus the performance of the proposed solution is validated. The drawback
of the proposed strategy is the extra-computational time needed in the optimal feature
selection step. However for images with similar illumination and contrast the optimal
weights have the same values; therefore the algorithm can be speeded up if a prior
histogram analysis of the images to be segmented is performed.
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Figure 2. Comparison of FCM versions for different sets of weights, for two subjects
in Tulips1 database: (a) original image; (b) optimal set ((w1,w2)=(0.6;0.4) for the first
row;((w1,w2)=(1;0.4) for the second row); (c) (w1,w2)=(1;0.2) (fixed); (d) w1=w2=1

a)

b)

c)

Figure 3. A comparison of FCM segmentation results in 3 algorithms:
a) optimal feature set FCM; b) FCM with geometrical features from our
previous work [3]; c) a semi-supervised FCM [5]

6. CONCLUSIONS
In this paper we proposed a strategy to select the optimal feature set in the FCM
algorithm. Instead of allowing only the presence or absence of a certain feature, we
assign weights between 0 and 1 to each feature, modeling in a fuzzy manner their
relative importance in the segmentation. The experimental results validate the proposed
method and encourage its further use. In our future work we will investigate solutions to
reduce the computational burden introduced by running several FCM algorithms.
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