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Abstract. In this paper, we propose a novel method for unsupervised
color-texture segmentation. The approach aims at combining color and
texture features and active contours to build a fully automatic segmen-
tation algorithm. By fully automatic, we mean the steps of region initial-
ization and calculation of the number of regions are performed automat-
ically by the algorithm. Furthermore, the approach combines boundary
and region information for accurate region boundary localization. We val-
idate the approach by examples of synthetic and natural color-texture
image segmentation.

Keywords: Color, texture, boundary, active contours, automatic
segmentation.

1 Introduction

Image segmentation has been, and still is, the subject of active research in com-
puter vision and image analysis. In most of past works, the emphasis was put
to develop algorithms based either on color [13,15] or texture features [8,9,11].
However, there is a limited number of works that attempted to consider both
features together to build a unified segmentation framework. The benefice of
combining color and texture features has been shown in the past for distinguish-
ing between regions having the same color but different textures and vice-versa
[2,6,12]. Also, there has been a very few attempts to combine region and bound-
ary information while taking color and texture properties into account. On the
other hand, texture-based segmentation techniques require a prior learning step
about the type of textures to be segmented, which makes the methods not fully
automatic.

In [12,15], an active contours approach was proposed to segment texture im-
ages where the contours are driven by a combination of texture and color fea-
tures. However, the results were shown only for bimodal image segmentation
and the region initialization is performed manually. A major issue comes when
extending these methods to an arbitrary number of regions where the complexity
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of the algorithms increases and the segmentation is prone to converge to undesir-
able local minima [2,14]. In [4], the authors proposed an automatic segmentation
into blobs having the same color. However, since no texture information is used,
the approach may over-segment images with different texture. Recently, we pro-
posed in [2] an approach based on active contours for automatic segmentation
of images with arbitrary number of regions. The approach combines region and
boundary information for segmentation and proved to be less sensible to over-
segmentation than in [4]. However, it relies on color image information to dis-
criminate between different regions which may still fail to differentiate between
different textures having the same color.

In the present work, we propose an automatic method for color-texture seg-
mentation based on active contours model. 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 by using the polarity information. The al-
gorithm is based on a novel region initialization method that we have proposed
recently in [2]. Moreover, we use the level set formalism for the implementation
of the contour evolution. We show on real world examples 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), we present the proposed
model for automatic segmentation. In section (3) some experimental results are
shown, followed by general conclusions and future work.

2 Description of the Segmentation Model

2.1 Region Initialization

To initialize correctly the region contours, we proceed by the method that we
have proposed recently in [2]. The method is composed of two steps. The first step
aims at capturing the region kernels by using homogeneous seeds. The second
step consists of calculating the number of regions and grouping the seeds to form
the initial regions.

To capture the region kernels in the first step, we perform a smoothing on the
image by using an adaptive scale. This aims at diminishing color fluctuations
in texture areas while preserving the region boundaries. To detect if a pixel lies
on a texture, we calculate the polarity of the neighborhood of the pixel. Let
v(vx, vy) be the color gradient vector as proposed in [2]. A structure matrix S
for the pixel x = (x, y) is defined by:

S = Gσ ∗ (vT v) = Gσ ∗
(

vx · vx vx · vy

vy · vx vy · vy

)
(1)

where vT denotes the transpose of the vector v. Gσ is a Gaussian kernel with a
scale σ that smoothes each element of the matrix S by the convolution operation
∗. Assume now that ν1 and ν2 are the eigenvalues of S, where ν1 > ν2. When



Automatic Color-Texture Image Segmentation by Using Active Contours 497

ν1 � ν2, the neighborhood of the pixel W (x) has a dominant orientation in the
direction of the eigenvector that corresponds to ν1. This constitutes an index
of the presence of a real region boundary. Let us denote the normalized vector
in this direction by η. The polarity P (x) that measures the extent at which
the color gradient vectors in the neighborhood of x are oriented in the same
direction, is given by:

P (x) =
∑

(p,q)∈W (x)

Gσ ∗ 〈v(p, q), η〉 (2)

where 〈〉 denotes the vector scalar product. The smoothing scale for the pixel
neighborhood W (x) is chosen by looking at the behavior of P (x) to changing
σ. In a typical image region, homogeneous in color or texture, an edge will hold
the polarity near 1 for all the scale values; whereas, the polarity vanishes on a
texture by increasing the scale (see fig. (1) for illustration). By varying the scale
σ from 1 to 6, we choose the smoothing scale beyond which the polarity does
not vary more than a fixed threshold. In fig. (2), we show the polarity output

(P � 0) (P � 0) (P � 1)

Fig. 1. Different values of the polarity of a pixel represented by the green point in
different images containing texture

(rightmost image) calculated for texture image (left image). We show also the
gradient response for the image (middle image). Note that to visualize the gra-
dient response and polarity images, we changed the dynamic of their grey levels.
Clearly, the polarity permits for capturing more accurately the real boundaries
of the texture object. Finally in fig. (3), an example of region initialization is
shown where the images contain texture regions. Seeds are initialized where the
value of the polarity vanishes. Remark that no seeds were initialized on the real
region boundaries, allowing to capture only the region kernels. Note that at this
stage of the algorithm, the seeds are not classified yet to regions.

The second step of the region initialization algorithm consists of grouping the
seeds into regions. Here, we use a combination of color and texture features to
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(a) (b) (c)

Fig. 2. An example of pixel polarity calculation. Fig. (a) represents the original image,
fig. (b) represents the gradient response for the image and fig. (c) represents the polarity
image.

(a) (b) (a) (b)

Fig. 3. Examples of region contours initialization by using homogeneous seeds. Fig. (a)
represents the original image and (b) the result of region initialization.

calculate a mixture of pdfs that models the distribution of these features. For
color features, CIE-L∗a∗b∗ color space has been chosen for its uniformity. For
texture features, for each pixel neighborhood, a correlogram [7] is calculated.
An element of the correlogram matrix Cd,θ(ci; cj) should give the probability
that given a pixel x1 of color ci, a pixel x2 at distance d and orientation θ from
x1 is of color cj . We calculate the correlogram for 4 orientations (d, 0), (d, π

4 ),
(d, π

2 ) and (d, 3π
4 ). Let D, be the total number of displacements. We derive

from each correlogram three typical characteristics that are namely: Inverse
Difference Moment (IDM), Energy (E) and Correlation (C). E and C measure
respectively the homogeneity of the texture while IDM measures the coarseness
of the texture. The formulation of these characteristics is given by:

E =
1
D

�

ci,cj

�

d,θ

(Cd,θ(ci; cj))2 (3)

IDM =
�

ci,cj

�

d,θ

1
D(1 − ‖ci − cj‖2)

Cd,θ(ci; cj) (4)

C =
�

ci,cj

�

d,θ

(ci − μi)(cj − μj)
D|Σi||Σj |

Cd,θ(ci; cj) (5)

where μi =
∑

cj
ciC

d,θ(ci; cj) and Σi =
∑

cj
(ci − μi)T (ci − μi)Cd,θ(ci; cj). The

first sum of the above equations is made over the color entries of the correlogram
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matrix. The second sum averages the features over all the considered displace-
ments. Note here that for simplicity, we used only one neighborhood size for each
pixel neighborhood to calculate the correlogram matrix.

Fig. 4. Representation of the neighborhood used to calculate the correlogram matrix

2.2 Fitting a Mixture Model to Regions

To model the distribution of the features, we use a mixture of General Gaussian
distributions (GGD) as in [2]. The formalism GGD yielded a good compromise
between fitting the image data while not over-fitting the real number of compo-
nents in the mixture [2,3]. In the following, we give the formalism of GGD. Let
U = (u1, . . . , un) be the combined color-texture features vector; the probability
of the vector according to the mixture is given by:

p(U/θk) =
n∏

i=1

(
�ki

2σki
· exp

(
−ψki

∣∣∣∣ui − μki

σki

∣∣∣∣
λki

))
(6)

where the coefficients � and ψ are given by: �ki =
λki

�
Γ(3/λki)
Γ(1/λki)

Γ (1/λki)
and ψki =[

Γ (3/λki)
Γ (1/λki)

]λki
2

. We denote by Γ (u) the gamma function that is defined by the in-

tegral: Γ (m) =
∫ ∞
0 zm−1emdz, where m and z are real variables. In function (6),

μki and σki are the pdf location and standard deviation in the ith dimension of
the feature vector U . In the same dimension, the parameter λki ≥ 1 controls the
tails of the distribution for being peaked or flat. Having M regions, a mixture
of M GGDs is calculated for the seeds data by using the Maximum Likelihood
Estimation [2]. In order to estimate automatically the number of components of
the mixture, we use the AIC information-theory criterion [1] that is given by the
following formula:

AIC = −log(L(Θ)) + 2ξ (7)

Where log(L(Θ)) is the log-likelihood given the data. The log-likelihood reflects
the overall fit of the mixture model (smaller values indicate worse fit). Thus, the
first term of the AIC decreases with the number of mixture components. ξ is the
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number of estimated parameters included in the model. The second term of the
AIC penalizes over-fitting the number of components in the mixture.

In a final step for region initialization, we group the seeds into regions by
maximizing for each seed the membership probability of its features vectors,
given by following function:

argmaxk

(
N∏

l=1

(πkp(Ul/θk))

)
(8)

where N is the number of pixels contained in each seed. πk∈{1,...,M}, designates
the a priori probability of the kth mixture component. Fig. (5) shows the result
of seed grouping. The first image shows the homogeneous seed initialization. The
second image shows the seeds after being grouped into regions.

Fig. 5. Example of grouping the seeds into regions

2.3 Adaptive Color-Texture Segmentation

In the following, we use the notation Ωk and ∂Ωk to designate respectively a re-
gion and its boundaries. The objective of the segmentation is to create a partition
of the image composed of M regions P = {Ω1, ..., ΩM}, where

⋃M
i=1 Ωk = Ω and

the formed regions are considered to be homogeneous with respect to color and
texture characteristics variation. We formulate the segmentation by using a vari-
ational model as we have proposed recently in [2]. In the model, the parameters
of the mixture of pdfs modelling the region information are calculated adaptively
to segmentation. The objective function underlying the model is formulated by
the following energy functional:

E(∂Ωk∈{1,...,M}, Θ) =
M∑

k=1

[
α

∮
∂Ωk

g(P (s))ds

+ β

∫∫
Ωk

−log (p(θk/U(x))) dx
]

(9)

where Θ designates the mixture parameters that include the parameters of each
pdf of the mixture θk and the mixing parameters πk∈{1,...,M}. The boundary
information is added in the first term of the functional (9) by using the formalism
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of GAC [5]. Here g is a strictly decreasing function of the absolute value of the
polarity P , which is given by g(P (x)) = 1

|P (x)|+ε with ε is a constant parameter.
In this term s represents the arc-length parameter. The second term of the
functional (9) represents the region information. This term aims to minimize
the Bayes error classification of the pixels in each region [2].

To minimize the energy according to the region contours, we calculate the
Euler-Lagrange equations. After introducing the level set formalism for the con-
tours [10], we obtain the following motion equation for each region contour:

dΦk

dt
= (αVb(Φk) − βVr(Φk)) |∇Φk| (10)

where

Vb(Φk) = g(P (Φk))κ + ∇g(P (Φk)) · ∇Φk

|∇Φk| (11)

Vr(Φk) = log (πk · p(U(Φk)/θk)) − log (πh · p(U(Φk)/θh)) (12)

where Φk : �2 → � is a level set function and the contour ∂Ωk is represented
by its zero level set. The symbol κ stands for the curvature of the zero level
set. The term Vb represents the boundary velocity that regularizes the curve
and aligns it with the region boundaries. Meanwhile, the term Vr represents the
region velocity. In the interior of a region, the boundary term vanishes and the
contour is driven only by the region information. Here, in the objective of having
the best classification of pixels, the region term is made as a competition for a
given pixel between the current region Ωk and the region Ωh 
= Ωk that has the
maximum posterior probability for the pixel feature vector.

3 Experiments

The experiments that we have conducted consists of the segmentation of syn-
thetic and natural images containing texture regions. For all the segmentations,
the size of the seeds in region initialization is fixed to (7×7) pixels and the inter-
seed distance is 3 pixels. Note that we used the approach that we have proposed
in [2] to minimize the energy functional (9). This involves a minimization accord-
ing to the region contours and another minimization according to the mixture
parameters. Moreover, for all the segmentation examples we set α = β = 0.5.
We put ε = 0.5 in the function g of the boundary term of the functional (9).
Note also that to reduce the computation time, the steps of polarity and tex-
ture features calculation for each pixel in a segmented image is performed in an
off-line process.

To illustrate the advantage of combining color and texture features, we show
on fig. (6) the segmentation of mosaic images composed by 4 regions each. These
images have the following property: each region has the same color as its horizon-
tal/vertical neighboring region, while the vertical/horizontal neighboring region
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has the same texture. Clearly separating texture and texture features yielded
incorrect segmentations while combining them resulted in good segmentations.
To measure the performance of our method, we show on fig. (7) two examples of
images segmented by using our method and the Blobworld method [4]. Clearly,
our method suffers less from over-segmentation where the capturing of region
kernels initially excluded the pixels of the boundaries, which avoided the creation
of small regions that over-segment the images in these parts as Blobworld does.
The evolution of the region kernels by the combination region and boundary
information permits for capturing the real boundaries of the salient objects.

In fig. (8), we show the segmentation of images with different number of re-
gions. The first row of the figure shows three segmentations mosaic of Brodatz
textures. The second and third rows of the figure show the segmentation of
examples of natural images. The salient regions (with homogeneous color and
texture) have been successfully retrieved in both synthetic and natural images
by the algorithm, which proves the performance of the approach. We emphasize
on the fact that all the segmentations have been performed in a fully automatic
fashion, which is an important factor for segmenting automatically large col-
lections of natural images for the purpose of content-based image retrieval for
instance. This point constitutes one of the key contributions of the present work.
Finally, for computation time, the algorithm is relatively fast comparing to the
state of the art. Excluding the time spent for computing the boundary (polarity)
and texture features, the algorithm took few seconds to segment the most of the
images shown in the present section.

(a) (b) (c) (d)

Fig. 6. Fig(a) represents the original image. Fig(b) represents a segmentation by using
only texture features. Fig(c) represents a segmentation by using only color features.
Fig(c) represents a segmentation by using a combination of texture and color features.
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(a) (b) (c) (d)

Fig. 7. Examples showing the performance of our method: (a) shows the original im-
ages, (b) shows a smoothed version of the images by using an adaptive scale, (c) shows
the segmentation of the images by using the Blobworld method and (d) shows the
segmentation by using our method

Fig. 8. Examples of color-texture image segmentation by using the proposed approach

4 Conclusions

In the presented approach, we proposed a new framework for unsupervised color-
texture segmentation by using active contours. The method takes advantage of
boundary and region information sources to perform a segmentation of color tex-
ture images with an arbitrary number of regions. Moreover, the method operates
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in a fully automatic fashion, which makes a contribution in the state of the art
of the domain and motivates its application to the purpose of segmenting image
collections in the future.
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