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Abstract— In this paper, we present the application of the
fuzzy c-means clustering algorithm to the skin-color
segmentation problem. We address the problem of identifying
skin-color and we adapt a spatial data mining method to this
task and integrate with a segmentation method to identify
significant skin-color regions in an image. The proposed
algorithm is able to take into account both the distributions of
data in hybrid space and the spatial interactions between
neighboring pixels during clustering. Evaluation of the results
indicates that the method can be used as an automatic tool for
mining skin images.
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I. INTRODUCTION

kin-color modeling is a crucial task for several
applications of computer vision. Problems such as face
detection in video are more likely to be solved if an efficient
skin-color model is constructed. Most potential applications
of skin-color model require robustness to significant
variations in races, differing lighting conditions, textures
and other factors.
Given the fact that a skin surface reflects the light in a
different way as compared to other surfaces, we relied once
again, on data-mining techniques to define a skin color
model which enables the classification of image pixels into
skin ones or non skin ones[1].
An important step in the image classification process is
color segmentation of the image into homogeneous skincolor regions and non-skin color regions in color space that
is relatively invariant to minor illuminant changes. The
segmentation is used to localize and identify homogeneous
regions in a picture by perceptual attributes which include
the size, the shape and the texture and/or color information.
This operation is necessary for any manipulation of analysis
of image by computer, understanding and interpretation.
After segmenting out skin from images, this can be useful
for identifying faces, hand sign recognition, offensive
content such pornography.
There are several strategies for segmenting images; their
performances depend largely on the type of images to be
processed and on a priori knowledge relative to the object
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features. These methods can be roughly classified into
several categories: contour-based methods [2], region-based
methods[3], variational methods such as the global
optimization approach minimizing an energy function or
some Bayesian criteria [4], active contours models[5].
a number of rules) the boundaries skin cluster in some
colorspace.
Peer et al. present a simple skin classifier through a
number of rules [6]. This method have attracted many
researchers [7], [8], [9]. The main difficulty achieving high
recognition rates with this method is the need to find both
good colorspace and adequate decision rules empirically. In
other hand, there have been proposed a method that uses
machine learning algorithms to find both suitable colorspace
and a simple decision rule that achieve high recognition
rates [10].
Several face detection and tracking algorithms
[11,12,13,14] use a histogram based approach to skin pixels
segmentation. The colorspace (usually, the chrominance
plane only) is quantized into a number of bins. These bins,
forming a 2D or 3D histogram are referred to as the lookup
table (LUT).
P(c|skin) and P(c|¬skin) are directly computed from skin
and non-skin color histograms. The prior probabilities
P(skin) and P(¬skin) can also be estimated from the overall
number of skin and non-skin samples in the training set
[11,15,16]
The paper is organized as follows. Section 2 is devoted to
description of our approach used for skin detection. In
sections 3 we discuss and present some results. In Section 4
the conclusion is drawn.
II. COMBINING DECISION RULES AND FUZZY CLUSTERING
A. Data-mining based learning
Let the set of pixels
be extracted and pre-processed
automatically from training images and corresponding
binary masks. We thus have a two classes classification
problem, each pixel ϖ being associated with its label C(ϖ) :
skin-color or non skin-color.
In our work, we computed for each pixel its
representation in various normalized color spaces: RGB,
HSV, YIQ, YCbCr, CMY in order to find the most
discriminative set of color axes. This leads to a feature
vector composed of 14 exogenous variables as illustrated by
fig.1-a. An excerpt of the learning dataset is illustrated by
Fig.1-b. Associated with each pixel feature vector is the

class label C : 1 for skin color and 0 for non skin color [1].

represented objects. To preserve this, the original image is
blurred with a Gaussian blur (Gaussian filtering).
B. Fuzzy C-means Approach:
Fuzzy C-means Clustering (FCM), is an clustering
technique which employs fuzzy partitioning, in an iterative
algorithm. The aim of FCM is to find cluster centroids that
minimize a dissimilarity function. The Fuzzy C-Means
algorithm (FCM) [19] minimizes (JA) given by:

Figure 1 – color features (a – left) and excerpt of learning dataset (b –
right)

We used SIPINA [5] technique for training. As result, a
hierarchical structure of classification rules of the type
"IF...THEN..." is created (Figure 2).
In preliminary experiments we found that the hybrid
space composed of HSV color space and spectral
distribution is much better than normalized (r,g,b) for
estimation and prediction of skin color distribution in image
sequences [18]. We want to apply what we have learned to
create a general image segmentation method based on
modified c–mean clustering. We define a multidimensional
image with four channels H, S, V and D. HSV is obtained
by conversion of RGB, while D represent the spectral
distribution of pixels in the image.
The pixel distribution on each channel is represented by
an interval of approximated means (and standard
deviations) µ Channel ( σ Channel ) (cf. Figure 2: graph of
induction)
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Our objective is to group the pixels in to clusters based on
their similarity based on perceptual attributes (such the skin
color) and the neighborhood to force the algorithm to create
coherent regions.
The image is firstly pre-processed in order to eliminate
noise of the original, improving the signal-to-noise ration
(SNR) of a given image. This is an essential step in image
analysis especially in high noise situations that can abrupt
the shape information. Image denoising has two principals
requirement. One is to smooth all homogeneous regions that
contain noise and the other is to retain in an accurate way
the location of the boundaries that defines the shape of the
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U= [ u ] is a C x N matrix called the constrained fuzzy Cij
partition matrix. m [1, ] is a weighting exponent, known
as the fuzzifier. ci is the centroid of cluster i; d is the
ij
Euclidian distance between ith centroid(ci) and jth data point.
N is the total number of pixels in image and C the number of
clusters to be found.
It is usually used to cluster a set of data based on their
respective relating distances. The parameter m is a
weighting exponent on each fuzzy membership and
determines the amount of fuzziness of the resulting
classification. The FCM objective function is minimized
when high membership values are assigned to pixels whose
colors are close to the centroid of its particular class, and
low membership values are assigned when the pixel data is
far from the centroid [20]
H. Frigui, and R. Krishnapuram [21], propose a
Competitive Agglomeration Clustering (CA) schema where
they add a second regularization term to prevent overfitting
the data set with too many prototypes. The resulting
objective function JB is defined as:
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Figure2: Example of decision rules
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This objective function combines two components. The
first one is similar to the FCM (when α =0). The effect of
the neighbors’ term is controlled by the parameter α . The
relative importance of the regularizing term is inversely
proportional to the signal-to-noise ratio (SNR). Lower SNR
would require a higher value of the parameter α .
We apply a modified fuzzy c-mean algorithm (MFCM)
proposed yet in [22] to classify all pixels in a given image
into C classes by minimizing the following objective
function:
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N i is the cardinality of cluster i. pi is interpreted as the
d ij2 = d 2 ( x j , c i ) is the standard

probability of cluster i.

Euclidian distance between ith centroid (ci) and jth pixel.
In our case, in order to take account of the distribution in
the four channels we choose a distance function as
4
4 N
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d ij = ω k ( x jk , c ik ) and probability as pi =
N
k =1
k =1
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class i in the channel k and jth pixel in the same channel.
N ik is interpreted as the cardinality of cluster i in the
channel k.
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Step1
Step 1
Step 2
Step 3

Randomly initialize the membership matrix U
Update the centroids(ci) for each cluster
Update the a priori probabilities

p i of each cluster, if

pi <= ε , discard cluster i
Step 4
Step 5

Compute the Euclidian distance

d ij between centroids

and pixels
If

J n − J n +1 > ξ

then

n = n + 1 , update α

Update the membership matrix (U) .
Go to step 2
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After updating centroïds and memberships, a priori
probabilities of clusters are updated. We discard clusters
whose probabilities are below a given threshold ε . ε should
be small enough to only discard non-significant clusters. We
assign each pixel to the cluster in which the membership
value is the highest. Detailed algorithm of the modified
fuzzy c-means is described in the following steps [23] (cf.
table 1).

In our algorithm the number of classes, C is determined
automatically by choosing a high value of C and eliminating
the class i with the smallest probability p .This is the main
i
difference with the classical algorithm for which the number
of cluster is fixed.
III. RESULTS
The figure 3 shows the results of pixels classification
pixels according to general FCM method and our modified
FCM approach. As we can see, in the general fuzzy
clustering method, the results depend on the number of

clusters. The clusters are not optimal and the regions are not
usually homogeneous. When we combine our skin model
and MFCM clustering, the areas are more homogeneous and
more compact.
These results are interesting insofar as they take account
at the same time our skin model, which is composed of
HSV components and spectral distribution, and the
neighbourhood of pixels. Nevertheless, there remains small
areas which it will be necessary to eliminate (noises)
according to the applications. It will also be necessary to
supplement this phase of classification by a phase of
segmentation which must preserve contours of the
representative homogeneous areas and also allow the space
localization of the coherent areas. Let us recall, that an
homogeneous area is a compact area which is made up of
close pixels (near to the pixels of skin). A homogeneous
area is considered coherent if it represents beyond a certain
threshold (% of the image).
IV. CONCLUSION
We applied the FCM method to perform skin detection
based on decision rules in hybrid space. The results are
satisfactory and will be extended to accommodate as part of
web filtering system.
In this paper, we have presented a skin-Color
segmentation using the C-Mean algorithm. This means
segmenting the image into two classes; skin and non-skin
regions, using neighborhood information to force the
algorithm to create regions.
We addressed the problem of identifying skin-color and
we adapt a spatial data mining method to this task and
integrate with a segmentation method to identify significant
skin-color regions in an image.
Our results suggest that skin color is a more powerful cue
for detecting people in unconstrained imagery. Our solution
showed its effectiveness, scoring a 96.1% classification

accuracy rate on MYL test dataset and this method is used as
a powerful tool for mining skin images [24,25].

image

FCM (2
clusters)

FCM (3
clusters)

MFCM

Skin
regions

Figure 3 – Skin-segmented images showing the effectiveness of our
approach on various ethnic races, lighting conditions and complex
background
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