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Abstract

In this paper, we propose an automatic segmentation of color–texture images with arbitrary numbers of regions. The approach com-
bines region and boundary information and uses active contours to build a partition of the image. The segmentation algorithm is ini-
tialized automatically by using homogeneous region seeds on the image domain. The partition of the image is formed by evolving the
region contours and adaptively updating the region information formulated using a mixture of pdfs. We show the performance of the
proposed method on examples of color–texture image segmentation, with comparison to two state-of-the-art methods.
� 2007 Elsevier B.V. All rights reserved.
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1. Introduction

In the last decades, image segmentation has been the
subject of active research in computer vision and image
processing. While most of the past work has focused on
developing algorithms based on either color (Allili and
Ziou, 2005; Ben Ayed et al., 2005; Sifakis et al., 2002;
Zhu and Yuille, 1996) or texture features (Jain and Far-
rokhnia, 1991; Liapis et al., 2004; Paragios and Deriche,
2002b), some attempts have been made to combine texture
and color features to build a unified segmentation frame-
work (Carson et al., 2002; Freixenet et al., 2004; Rousson
et al., 2003; Sagiv et al., 2006). Indeed, real-world images
generally contain a combination of color and texture and,
therefore, combining color and texture features would be
of significant benefit in distinguishing between regions hav-
ing the same color but different textures and vice versa
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(Allili and Ziou, 2005; Freixenet et al., 2004; Malik et al.,
2001). Also, the ability to perform the segmentation in
unsupervised fashion is desirable for several applications,
but remains a great challenge. Indeed, texture segmenta-
tion methods in their own right require the number and
type of textures to be given a priori (Chan and Vese,
2001; Paragios and Deriche, 2002b), and hence the segmen-
tation is not fully automatic. Finally, to the best of our
knowledge, no work in the past attempted to exploit
together region and boundary information for unsuper-
vised color–texture image segmentation.

Recently, there has been considerable investigation into
the use of active contours for color and texture segmenta-
tion. In this approach, the segmentation problem is formu-
lated by minimizing an energy functional according to a
single or multiple region contour(s) to build a partition
of the image into uniform regions (Chakraborty and Dun-
can, 1999; Chan and Vese, 2001; Paragios and Deriche,
2002b; Rousson et al., 2003; Zhu and Yuille, 1996). The
advent of level set formalism has permitted for handling
automatically topology changes for the contours and devel-
oping stable numerical schemes for the segmentation
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methods (Osher and Sethian, 1998). Among the recent
methods, some use boundary information to guide the con-
tour evolution (Caselles et al., 1997; Cohen, 1991; Yezzi
et al., 1997), while others are guided by the statistics of
the regions enclosed by the contours (Ben Ayed et al.,
2005; Chan and Vese, 2001; Mansoursi et al., 2006; Rous-
son et al., 2003; Yezzi et al., 2002). In the latter group, two
different approaches have been investigated for extracting
and modeling region information. In the first approach,
the region information (the number and statistics of the
regions) is calculated prior to curve evolution, using the
whole image data. Region contours are then evolved
to build a partition of the image that conforms to the
a priori – extracted information (Paragios and Deriche,
2002a,b; Sifakis et al., 2002). In the second approach, the
segmentation is data-driven; that is, the region information
is extracted adaptively to the region contour evolution. In
general, however, the approach assumes the number of
regions is fixed a priori by the user, which means the seg-
mentation is not fully unsupervised (Ben Ayed et al.,
2005; Chan and Vese, 2001; Rousson et al., 2003; Yezzi
et al., 2002).

In this paper, we propose an automatic method for
color–texture segmentation based on active contours. The
segmentation is steered by the combination of region and
boundary information. The region information is based
on mixture modeling of the combined color and texture
features, while the boundary information is modeled using
the polarity information. Based on an automatic region ini-
tialization that we proposed in (Allili and Ziou, 2005), the
segmentation evolves the initial regions and updates the
mixture parameters adaptively to the data. The algorithm
starts with an initial number of regions that constitutes
the number of mixture components. As the region contours
evolve, all the mixture parameters, with the number of
components, are adaptively updated to the image data.
The implementation of our method is based on the level
set approach. We show real-world image segmentation
examples to demonstrate the performance of the proposed
method in achieving a fully automatic segmentation of
color–texture images with an arbitrary number of regions.

This paper is organized as follows: In Section 2, some
work related to the proposed method is presented. In Sec-
tion 3, we present the proposed variational model for seg-
mentation. Finally, in Section 4, some experimental results
are given, followed by a conclusion.

2. Related work

Most of the segmentation methods in the past consid-
ered only color or texture features to build a partition of
the image into homogeneous regions. A great number of
methods has been proposed for color segmentation (Lucch-
ese and Mitra, 2001), and texture segmentation in its own
right has been the focus of several studies. The methods
explored for texture segmentation fall into two main
groups. Supervised texture segmentation rests on a prior
knowledge about the type and number of textures to be
segmented (Chan and Vese, 2001; Gimel’farb, 2001; Para-
gios and Deriche, 2002b; Talbar et al., 1998). In contrast,
unsupervised segmentation does not use any prior knowl-
edge. Most often, clustering techniques are used to build
an image partition composed of regions with uniform
textures.

Among the previous studies dealing with unsupervised
texture segmentation, we find those that consider the tex-
ture image as arising from probability distributions on
Markov random fields (MRFs) (Hofmann et al., 1998;
Kervrann and Heitz, 1995; Manjunath and Chellappa,
1991). Furthermore, knowing the parameters of the under-
lying distribution, such methods are able to synthesize tex-
tures by using sampling techniques. The major drawback
of MRF-based segmentation, however, is that it is compu-
tationally prohibitive. The authors (Deng and Manjunath,
2001; Laine and Fan, 1993) propose unsupervised texture
segmentations based, respectively, on the response of fil-
ter-banks of Gabor functions and wavelet coefficients as
texture features. Although the approaches do not use prior
knowledge about the type of texture to be segmented, they
require the number of regions to be known. A remark
should be made on the above approaches: they are gener-
ally dedicated to intensity image segmentation.

Recently, a model has been proposed to unify the above
unsupervised approaches in a probabilistic framework
(Zhu and Yuille, 1996). The authors of that work refer to
their model as ‘‘region competition’’. The contour evolution
was implemented using the snake model, via the minimiza-
tion of an energy functional. Since then, variants of this
approach have been proposed. The authors (Sagiv et al.,
2006; Unal et al., 2005) propose approaches for bimodal
image segmentation by deformation of a single active con-
tour. Although these approaches perform well for segment-
ing a single object lying on a background, generalization to
an arbitrary number of regions remains complex for two rea-
sons. The segmented regions are assumed to be connected in
the work (Unal et al., 2005), which is not allways the case in
real-world images. In the work (Sagiv et al., 2006), the defor-
mation of the contour is guided using texture boundary
information. The model allows for segmenting a textured
object lying on a uniform background. However, it does
not permit discrimination of multiple textures in the image.
In the works (Chan and Vese, 2001; Rousson et al., 2003), an
explicit representation of the image regions is used for seg-
mentation, by means of multiple active contours and their
intersections. This approach yields a partition of the image
into an arbitrary number of regions. However, the number
of regions must be a power of 2. Recently, an approach to
build a partition of an image, by simultaneously evolving
multiple active contours and controlling their intersection
was developed (Ben Ayed et al., 2005; Mansoursi et al.,
2006). The approach has been applied successfully to color
and texture SAR image segmentation with arbitrary num-
bers of regions. However, the number of regions is assumed
to be known.
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3. Description of the segmentation model

3.1. Region initialization

To automatically initialize the region contours, we pro-
ceed by the algorithm that we proposed recently in (Allili
and Ziou, 2005). In this algorithm, an adaptive scale is used
first to smooth texture regions while roughly preserving
their boundaries. To detect whether a pixel lies on a tex-
ture, the method looks at the structure of the color gradient
vectors in the pixel neighborhood, which is formulated
using the polarity information. Let~v ¼ ðvx; vyÞ be the vector
pointing to the strongest first-order directional derivative
of the color image, as proposed in (Drewniok, 1994). A
structure matrix S for the pixel x = (x,y) is defined by

SðxÞ ¼ GrIð~vT~vÞ ¼ GrI
vxvx vxvy

vxvy vyvy

� �
ð1Þ

where~vT denotes the transpose of the vector~v and Gr is a
Gaussian kernel with a scale r that smoothes each element
of the matrix S in a neighborhood of the pixel, WðxÞ, by
using the convolution operation q. Assume now that m1

and m2 are the eigenvalues of S, where m1 > m2. When
m1� m2, the neighborhood WðxÞ has a dominant orienta-
tion in the direction of the eigenvector that corresponds
to m1. Let us denote the normalized vector in this direction
by ~g. We express the polarity information P(x), that mea-
sures the extent to which the strongest first-order direc-
tional derivative vectors in the neighborhood of x are
oriented in the same direction, by the following function:

P ðxÞ ¼
X

ðu;vÞ2WðxÞ
Gr � h~vðu; vÞ;~gi ð2Þ

where h i denotes the vector scalar product. The smoothing
scale for the pixel x is chosen by looking at the behavior of
the polarity to the changing of the value of r. In a typical
image region, homogeneous in color or texture, region
edges will be located where the polarity maintains values
near 1 for all the considered scale values; whereas the
polarity vanishes inside a color/texture region when the va-
Fig. 1. An example of polarity calculation: (a) represents the original image, (b
information. Finally, (d) represents the initialization of the homogenous seeds
lue of the scale is increased (since multiple vector directions
will be included in the sum (2)). By varying the scale r from
1 to 6, we choose the smoothing scale beyond which the
polarity does not vary more than a fixed threshold s.

In a second phase for region initialization, regularly-
spaced seeds are initialized on the smoothed image domain
and only homogeneous seeds are retained. A seed is consid-
ered homogeneous if the polarity of all the pixels inside it is
close to 0. The homogeneous seeds are used subsequently
to initialize the region contours in the original image.
Fig. 1 shows two examples of polarity calculation and
homogeneous seeds initialization. To display the boundary
plausibility and the polarity images, we have changed their
dynamic range. We can note in the figure that the polarity
information more accurately distinguishes the boundaries
of the salient regions.

The final step of our region initialization algorithm con-
sists of grouping the seeds into regions. Here, we use a
combination of color and texture features to calculate a
mixture of pdfs that models the distribution of these fea-
tures. We use the CIE-L*a*b* color space, which is percep-
tually uniform. For texture, we use features calculated
from the correlogram of the pixel neighborhood (Huang
et al., 1997). An element of the correlogram matrix
Ct,h(ci;cj) should give the probability that, given a pixel
x1 of color ci, a pixel x2 at distance t and orientation h from
x1 is of color cj. We calculate the correlogram for four ori-
entations, h 2 f0; p

4
; p

2
; 3p

4
g, and three displacements

t 2 {1,2,3}. We derive from each correlogram four typical
features, namely: energy (EN), entropy (ET), inverse-differ-
ence-moment (idm) and correlation (C), where we average
each feature over the number of orientations and displace-
ments (see Appendix for the formulation of these features).
By combining the color and texture features, we end up
with a seven-dimensional region feature vector.

3.1.1. Fitting a mixture model to the regions

To model the distribution of the features, we use a mix-
ture of general Gaussian distributions (GGD) as in (Allili
and Ziou, 2005). The GGD formalism generally yields a
) and (c) represent the image of the boundary plausibility and the polarity
.



Fig. 3. Grouping of the homogeneous seeds generated for the examples in
Fig. 1 into regions.
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good compromise, fitting the image data while not over-fit-
ting the real number of components in the mixture (Allili
et al., 2007). The GGD model is formulated as follows.
Let ~UðxÞ ¼ ðu1ðxÞ; . . . ; udðxÞÞ be a d-dimensional feature
vector; the probability of the vector according to the mix-
ture is given by

pð~UðxÞjhkÞ ¼
Yd

i¼1

.ki

2rki
� exp �wki

uiðxÞ � lki

rki

����
����
kki

 !" #
ð3Þ

where the coefficients . and w are given by .ki ¼
kki

ffiffiffiffiffiffiffiffiffiffi
Cð3=kkiÞ
Cð1=kkiÞ

q
Cð1=kkiÞ

and wki ¼ ½Cð3=kkiÞ
Cð1=kkiÞ �

kki
2 . We denote by C(m) the gamma func-

tion that is defined by the integral: CðmÞ ¼
R1

0
zm�1em dz

where m and z are real variables. In function (3), lki and
rki are the pdf location and standard deviation parameters
in the ith dimension of the feature vector ~UðxÞ. In the same
dimension, the parameter kki P 1 controls the degree to
which the tails of the distribution are peaked or flat (as
shown in Fig. 2 for the case of two dimensions).

By assuming M regions, a mixture of M GGDs is calcu-
lated for the seed data, using the maximum likelihood esti-
mation (Allili and Ziou, 2005). In order to estimate the
number of mixture components, M, note that several crite-
ria have been proposed in the past for the Gaussian mix-
ture model, such as Akaike (AIC) (Akaike, 1974),
minimum description length (MDL) (Rissanen, 1978) and
minimum message length MML (Baxter and Olivier,
2000). However, none of these criteria has been developed
for the general Gaussian mixture. For simplicity, we use
the AIC criterion which is easy to calculate and, in general,
gives a good performance, compared to the other criteria
(see McLachlan and Peel, 2000). The general AIC formula
is given as follows:

AIC ¼ � logðLðHÞÞ þ 2n ð4Þ

where LðHÞ ¼ ð
Q

x2Seeds

PM
k¼1pkpð~UðxÞjhkÞÞ is the likeli-

hood of the data, and n is the number of parameters of
the mixture. The log-likelihood gives the degree of mixture
fit to the data (smaller values indicate a worse fit). The sec-
ond term of the AIC is a regularization that penalizes over-
fitting the number of components in the mixture. In a final
step of region initialization, we group the seeds into regions
by maximizing for each seed the membership probability of
its features vectors, given by the following function:
Fig. 2. Different representations of a two-dimensional general Gaussian pdf
respectively. (a) ~k ¼ ð1:1; 1:1Þ, (b) ~k ¼ ð2; 2Þ, (c) ~k ¼ ð1:1; 2:8Þ and (d) ~k ¼ ð2:8
argmaxk

Y
x2Seed

pkpð~UðxÞjhkÞ
� � !

ð5Þ

where pk, k 2 {1, . . .,M}, designates the a priori probability
of the kth mixture component. Fig. 3 shows the result of
seed grouping for the images shown in Fig. 1, where each
image contains two regions.
3.2. Adaptive texture–color segmentation

In the following, we use the notation Xk and oXk to des-
ignate, respectively, a region and its boundaries. The objec-
tive of the segmentation is to create a partition of the image
composed of M regions, P = {X1, . . .,XM}, whereSM

i¼1Xk ¼ X and the formed regions are considered to be
homogeneous with respect to variation of color and texture
characteristics. We formulate the segmentation using a var-
iational model, as we recently proposed in (Allili and Ziou,
2005). In the model, the region information, based on a
mixture of general Gaussians, is calculated adaptively to
the data as the region contours evolve. The objective func-
tion underlying the model is formulated using the following
energy functional:

EðoX;HÞ ¼
XM

k¼1

a
I

oXk

gðPðsÞÞds
�

þ b
Z Z

Xk

� logðpðhkj~UðxÞÞÞdx

	
ð6Þ

where oX ¼
SM

k¼1oXkðsÞ, and H designates the mixture
parameters that include the parameters of each pdf of the
mixture hk and the a priori probabilities pk, k 2 {1, . . .,M}.
The boundary information is added in the first term of
according to the parameter ~k. ~l and ~r are fixed at (23,24) and (7,7),
; 2:8Þ.
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functional (6) using the geodesic active contours (GAC)
formalism (Caselles et al., 1997), where the color/texture
boundary plausibility corresponds to the absolute value
of the polarity information jP(s)j. Here, g is a strictly
decreasing function of the polarity. The second term of
functional (6) represents the region information. This term
is minimal when each pixel is classified into the region that
has the maximum posterior probability pðhkj~UðxÞÞ /
pkpð~UðxÞjhkÞ. Functional (6) is minimized alternately
according to the region contours oXk and the mixture
parameters H. To minimize the energy according to the re-
gion contours, we calculate the Euler–Lagrange equations.
After introducing the level set formalism for the contours
(Osher and Sethian, 1998), we obtain the following motion
equation for each region contour:

dUk

dt
¼ ðaVbðUkÞ � bVrðUkÞÞkrUkk ð7Þ

where

VbðUkÞ ¼ gðP ðUkÞÞjþrgðP ðUkÞÞ �
rUk

krUkk
VrðUkÞ ¼ logðpkpð~UðUkÞjhkÞÞ � logðphpð~UðUkÞjhhÞÞ

Here, Uk : R2 ! R is a level set function and the contour
oXk is represented by its zero level set. The symbol j stands
for the curvature of the zero level set. The term Vb repre-
sents the boundary velocity that regularizes the curve and
aligns it with the region boundaries. On the other hand,
the term Vr represents the region velocity. In the interior
of a region, the boundary term vanishes and the contour
is driven only by this velocity in the direction that mini-
mizes the Bayes error classification for the region features
(Duda et al., 2000). Here, with the objective of obtaining
the best classification of pixels, the region term is formu-
lated as a competition for a given pixel between the current
region Xk and the region Xh5Xk that has the maximum
posterior probability for the pixel region feature vector
~UðxÞ.

For the minimization of functional (6) according to the
mixture parameters, we used the same approach that we
proposed in (Allili and Ziou, 2005). This minimization
has the objective of fitting the mixture parameters to the
region data enclosed by the contours after evolution. The
updating equations for the parameters are given, as fol-
lows: "k 2 {1, . . .,M}, "i 2 {1, . . .,d}

lð‘þ1Þ
ki ¼

R R
Xk
ðjuiðxÞ � lð‘Þki jÞ

kki�2uiðxÞdxR R
Xk
ðjuiðxÞ � lð‘Þki jÞ

kki�2dx
ð8Þ

rð‘þ1Þ
ki ¼ kkiwkiR R

Xk
dx

Z Z
Xk

ðjuiðxÞ � lð‘þ1Þ
ki jÞkki dx

 ! 1
kki

ð9Þ

pk ¼
R R

Xk
dxPM

j¼1

R R
Xj

dx

 !
ð10Þ
The parameter k that determines the shape of the distribu-
tions is updated using the Newton–Raphson method (Allili
and Ziou, 2005; Allili et al., 2007). The updating equation
is given by the following formula:

kð‘þ1Þ
jk ’ kð‘Þjk �

o
2 logðLðHÞÞ

oðkð‘Þjk Þ
2

 !�1
o logðLðHÞÞ

okð‘Þjk

ð11Þ

where LðHÞ ¼
Q

x2
SM

k¼1
Xk

PM
k¼1pkpð~UðxÞjhkÞ

� �
.

3.3. Adaptive number of regions

So far, the number of regions used for curve evolution is
the one initially calculated by the AIC criterion, using the
homogeneous seed data (i.e., this number represents
the number of components of the mixture of pdfs fitting
the seed data). However, with the curve evolution, the mix-
ture parameters are updated by the data newly added to
regions. With the new set of region data, it is natural to for-
mulate the number of regions, also, as a free variable to be
determined adaptively by the segmentation model.

To update the number of regions and make the segmen-
tation fully unsupervised, an explicit criterion is used in our
work, which is based on the minimization of functional (6).
After evolving the level set functions by using a fixed num-
ber of regions, we check whether the fusion (i.e.,
M M � 1) of two contacting regions minimizes the
energy functional. Let oX 0 and H 0 be the resultant region
contours and mixture parameters after a potential region
fusion. The fusion is operated if the energy functional (6)
decreases; that is,

EðoX0;H0Þ < EðoX;HÞ ð12Þ

Using the energy functional (6) explicitly in determining
the number of regions has the following advantages:

• In past work, when the number of regions is unknown it
is calculated in a preliminary stage for segmentation,
using a mixture estimate of the image histogram (Allili
and Ziou, 2005; Paragios and Deriche, 2002a). By using
the energy functional (6) for updating the number of
regions, the contribution of the boundary information
is also included as a regularization which penalizes the
segmentation for having region contours lying on homo-
geneous parts of the image, thereby reducing the risk of
image over-segmentation.

• Since the initial seeds capture the homogeneous parts of
the image, isolated seeds may create separate regions
that could over-segment the image. This situation may
arise in a region that contains small areas different in
color from that of the main region. These areas could
arise from specularities and shadows, for example.
In this case, seeds lying on those areas may create
their own isolated regions that could over-segment the
image. The updating of the number of regions by the
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fusing step, using Eq. (12), corrects such situations, by
adding the small regions to their neighboring regions.
3.4. Summary of the algorithm

The following script summarizes the steps in segmenta-
tion algorithm:
Algorithm:
Input: Color–texture image,
Output: Segmented image.

1. Calculate the polarity of pixels and

smooth the image.
2. Initialize the mixture parameters and

the region contours.
3. While (The level sets have not converged)

do {
– Propagate the level set functions

using Eq. (7).
– Update the mixture parameters using

Eqs. (8),(9),(10) and (11).

}End while.
4. While(There are 2 regions to fuse) do {

– M M � 1 and update the mixture

parameters.
– Re-initialize the level set

functions.
– While (The level sets have not con-

verged) do {
– Propagate the level set functions

using Eq. (7).

– Update the mixture parameters

using Eqs. (8),(9),(10) and (11).
}

End while

}End while.
The implementation of the curve evolution is performed
using the narrow-band algorithm (Adalsteinsson and
Sethian, 1995). In this algorithm, the level set distance
function is calculated only on a band surrounding the
region contour, which is re-initialized whenever the zero
level set reaches the limit of the band. In our algorithm,
the re-initialization of the level set functions is carried
out along with the updating of the mixture parameters
since the new delineation of the region contours is known
at this step (i.e., after narrow-band re-initialization). The
convergence of the level set functions is detected in the
algorithm when the contours cease to evolve by Eq. (7).
Convergence of the statistical parameters is detected when
the distance between the parameters resulting from two
successive updating iterations ‘ and ‘ + 1 is less than a cer-
tain threshold �, i.e., kH(‘) � H(‘+1)k < �, or a maximum
number of iterations is reached.
4. Experiments

In our experiments, we tested the performance of the pro-
posed segmentation method using real-world images con-
taining texture regions. For all the segmentations, the size
of the seeds in the region initialization was fixed to (9 · 9)
pixels and the inter-seed distance was set to 3 pixels. More-
over, for all the segmentation examples, we set
a = b = 0.5. It is to note, however, that for the seed size,
for example, it is desirable to set as much as possible of seeds
in order to cover all the homogenous parts of the image. The
setting of a and b has been obtained experimentally, using
several images with different texture content. These values
yielded, in general, a good compromise between region
homogeneity, formulated by minimizing the Bayes error
classification, and good boundary localization, formulated
using the polarity information. Finally, we note that texture
features and polarity information for each image are calcu-
lated in a pre-processing step, prior to curve evolution.
The pixel neighborhood size used for calculating the correlo-
gram texture features was, also, set experimentally to 32 · 32
pixels. Fig. 4 shows a typical example of region initialization
and curve evolution using the above parameter setting.

In Fig. 5, we show some examples of image segmenta-
tion obtained using the proposed method. For each exam-
ple, we show the result of region initialization, and the
results of curve evolution using the initial number of
regions and after region fusion (i.e., after adapting the
number of regions). Below each resultant segmentation,
we show number of regions with which it was obtained.
We can note that updating the number of regions did in
fact enhance the accuracy of segmentation in almost all
the examples. See for instance the first and last examples,
where the bodies of the animals were initially over-seg-
mented, and then the segmentation was corrected after
the number of regions was updated. The over-segmentation
in the first example was due to the non-uniform color of the
hair on the left of the animal body; whereas in the last
example, it was due to the self-shadowing on the right of
the animal body.

To show the performance of the proposed approach, we
also ran the segmentation using two recent methods pro-
posed in (Carson et al., 2002; Mansoursi et al., 2006).
Color–texture images are segmented into regions (blobs)
in an unsupervised fashion in (Carson et al., 2002), by first
smoothing texture regions, then fitting a mixture to the
smoothed image histogram by means of maximum likeli-
hood estimation. An effective partition of the image is built
in (Mansoursi et al., 2006) using active contours, where an
explicit correspondence is established between the contours
and the regions of the image. Furthermore, the region data
are described by a multivariate Gaussian distributions. We
note, however, that in both of the methods in (Carson
et al., 2002; Mansoursi et al., 2006), only region informa-
tion is used to steer the segmentation algorithms.

Fig. 6 shows the segmentation of the images in Fig. 5
using the above-mentioned methods; we also show the



Fig. 4. Example of curve evolution using Eqs. (7)–(10) for updating the mixture parameters.

Fig. 5. Examples of image segmentation using the proposed method: (a) represents the original image, (b) and (c) represent, respectively, the region
initialization and the result of curve evolution using the initial number of regions. Finally, (d) represents the final segmentation after region fusion.
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Fig. 6. Performance comparison of the proposed segmentation with recent methods: (a) represents the ground truth, (b) represents the segmentation
obtained by the method in (Carson et al., 2002), (c) and (d) represent, respectively, the initialization and the final segmentation obtained by the method in
(Mansoursi et al., 2006).
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ground-truth, which is a segmentation performed manually
on the images. We note that for the method in (Mansoursi
et al., 2006), we used the same region features as our
approach and we set the number of regions equal to the
one of the ground truth. We perform the initialization of
that method using M � 1 contours (see Fig. 6), which cor-
respond to M � 1 regions plus the background. In Fig. 7,
we show the graphs of evolution of energy functional (6)
according to the number of iterations. The graphs are gen-
erated for all the images in Fig. 5, using our algorithm, run
without changing the number of regions and with the
change, and the method in (Mansoursi et al., 2006). Two
main observations can be made regarding the graphs of
the figure. First, for all the examples, running our method
with dynamic number of regions decreased the energy func-
tional below the value achieved without using the dynamic
number of regions or by the method in (Mansoursi et al.,
2006). This generally yielded optimal segmentations with
regard to boundary and region information. Second, in
comparison to Mansoursi et al. (2006), our method con-
verges faster, since we use a region initialization that is
nearer the the optimal solution. The same argument holds
for the initial energy value, which is greater for Mansoursi
et al. (2006) than for our method.

To measure the accuracy of segmentation of our
method, two objective criteria are used. Before defining
these criteria, let us first denote by Si, i = 1, . . .,K and S0j,
j = 1, . . .,K 0 the sets of segments composing the segmenta-
tion of a tested method and the ground truth. A segment,
here, is a connected set of pixels delineated by a closed con-
tour. The first objective criterion measures the accuracy of
boundary localization and is defined as follows (Martin
et al., 2001): Let Si(x) and S0jðxÞ be the segments that con-
tain the pixel x in a tested segmentation (TS) and in the
ground truth (GT), respectively. The error is given by

�1 ¼
1

L

X
x

min½�xðTS;GTÞ; �xðGT;TSÞ� ð13Þ

with �xðTS;GTÞ ¼ jSi�S0jj
jSi j , �xðGT;TSÞ ¼ jS

0
j�Si j
jSjj

, where the

symbols ‘‘jÆj’’ and ‘‘j–j’’ denote, respectively, the set cardi-
nality and set intersection. Finally, L is the number of



Fig. 7. Graphs of energy evolution for the segmentation of the images in Fig. 5 using our method, run with and without changing the number of regions,
and the method in (Mansoursi et al., 2006).
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pixels in the image. The second criterion measures the over-
segmentation of an image. A set of segments in the TS im-
age Sm1, . . .,Sm‘, where 2 6 ‘ 6 K, are considered as an in-
stance of over-segmentation of a segment S0m in the GT iff

(Hoover et al., 1996): 8i 2 f1; . . . ; ‘g : jSmi \ S0mjP kjSmij
and

Px
i¼1jSmi \ S0mjP kjR0mj, where k is a threshold that

we set here to 0.75 as suggested in (Martin et al., 2001).
We define the error �2 as the number of segments in the
GT over-segmented in the TS, and vice versa.

In Table 1, we show the values of the above criteria for
the examples presented in Figs. 5 and 6. For the accuracy
of boundary localization (i.e., error �1), of the three tested
methods our approach yielded the least error for all the
examples. This performance can be justified by two main
factors. The first factor concerns the algorithm of segmen-
tation itself, whose initialization step captures the main
salient regions of the image (i.e., the homogeneous seeds
yield a good approximate for the optimal solution). This
makes a big difference with the method in (Mansoursi
et al., 2006), which aims to obtain a partition of the image,
but with less regard for the alignment of the final contours
with the real region boundaries. Further, the updating of
Table 1
Values of the different criteria measuring the performance of segmentation
where M1, M2 and M3 designate, respectively, our method, the method in
(Carson et al., 2002) and the method in (Mansoursi et al., 2006)

Image �1 �2

M1 M2 M3 M1 M2 M3

1 (179 · 268) 0.10 0.25 0.20 1 4 1
2 (196 · 300) 0.11 0.19 0.24 3 6 4
3 (200 · 300) 0.15 0.20 0.32 2 5 3
4 (120 · 183) 0.09 0.18 0.11 0 3 0
5 (142 · 244) 0.13 0.45 0.27 1 4 2
the number of regions allows for refining the segmentation
by explicitly using the value of the energy functional as a
criterion. Finally, since the functional contains boundary
information, it penalizes contours not aligned with pixels
having high boundary plausibility (see especially the exam-
ples in rows 2, 4 and 5 in Fig. 5 where these contours were
eliminated). For the over-segmentation error, our method
and the method in (Mansoursi et al., 2006) yielded smaller
values than the one in (Carson et al., 2002). Indeed, since
the last method performs the segmentation directly on
the smoothed image, a lot of blobs with homogeneous
color were created inside the salient regions and their
boundaries, which over-segmented the image. We should
note, however, that among the tested methods, the one in
(Carson et al., 2002) is the fastest, since it does’t make
use of curve evolution. For the shown examples, the execu-
tion time varied between 4 to 7 seconds for our method,
5–9 s for the method in (Mansoursi et al., 2006), and only
1–3 s for the method in (Carson et al., 2002).
5. Conclusions

We have proposed a new framework for unsupervised
color–texture segmentation using active contours. The
method permits for segmentation of images containing
color–texture with an arbitrary number of regions, in a
fully automatic fashion. It combines boundary and adap-
tive region information to steer the curve evolution toward
the real region boundaries. The performance of the method
was demonstrated on real-world image segmentation, with
comparison to two recent methods. In the future, we intend
to investigate applying this method to the segmentation of
large collections of natural images.
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Appendix

In what follows, we give the formulas used to calculate
the correlogram features. Consider a correlogram matrix
obtained for a displacement t and orientation /. The
energy (EN), entropy (ET), inverse-difference-moment
(IDM) and correlation (C) of the matrix are calculated as
follows:

ENðt;/Þ ¼
X
ci;cj

ðCt;/ðci; cjÞÞ2 ð14Þ

ETðt;/Þ ¼
X
ci ;cj

�Ct;/ðci; cjÞ logðCt;/ðci; cjÞÞ ð15Þ

IDMðt;/Þ ¼
X
ci;cj

1

ð1þ kci � cjk2Þ
Ct;/ðci; cjÞ ð16Þ

Cðt;/Þ ¼
X
ci ;cj

ðci �MxÞðcj �MyÞT

jRxjjRy j
Ct;/ðci; cjÞ ð17Þ

where we have

Mxðt;/Þ ¼
X

ci

ci

X
cj

Ct;/ðci; cjÞ;

Myðt;/Þ ¼
X

cj

cj

X
ci

Ct;/ðci; cjÞ;

Rxðt;/Þ ¼
X

ci

ðci �MxÞT ðci �MxÞ
X

cj

Ct;/ðci; cjÞ

and Ryðt;/Þ ¼
X

cj

ðcj �MyÞTðcj �MyÞ
X

ci

Ct;/ðci; cjÞ

with jRxj (respectively jRyj) denotes the determinant of
the matrix Rx (respectively Ry). Roughly speaking, EN
describes the uniformity of a texture. ET measures the ran-
domness of the elements of the correlogram. A homoge-
neous texture will have a low entropy and vice versa.
IDM has relatively a high value when the high values of
the correlogram are near the diagonal. Thus, IDM in-
creases when there are small regions in the texture with
the same color, which could be taken as a measure of the
coarseness of the texture. Finally, C measures the correla-
tion between the different elements of the correlogram.
Thus, C increases when the texture is more complex.
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