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ABSTRACT

In this paper a colour texture segmentation method which
unifies region and boundary information is proposed. The
algorithm uses a coarse detection of the perceptual (colour
and texture) edges of the image to adequately place and ini-
tialise a set of active regions. Colour texture of regions is
modelled by the conjunction of non-parametric techniques
of kernel density estimation (which allow to estimate the
colour behaviour) and classical co-occurrence matrix based
texture features. Therefore, region information is defined
and accurate boundary information can be extracted to guide
the segmentation process. Regions concurrently compete
for the image pixels in order to segment the whole image
taking both information sources into account. Furthermore,
experimental results are shown which prove the performance
of the proposed method.

1. INTRODUCTION

The aim of colour texture segmentation, the problem con-
sidered in this paper, is the domain-independent partition
of the image into a set of regions, which are visually dis-
tinct and uniform with respect to colour and textural prop-
erties. Image segmentation methods are based on two ba-
sic properties of the pixels in relation to their local neigh-
bourhood: discontinuity and similarity. Methods which are
based on some discontinuity property are called boundary-
based methods and their objective is to accurately extract
the borders between regions in an image. Whereas, meth-
ods based on some similarity property, called region-based
methods, try to part the image into a number of regions such
that each region has the same properties.

Based on the complementary nature of edge and region
information, current trends on image segmentation wage for
the integration of both sources in order to obtain better re-
sults and to solve the problems that both methods bear when
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de Catalunya.

are used separately. However, the texture is generally for-
gotten as basic feature in the majority of these proposals [1],
although there are some relevant exceptions and this ten-
dency seems to be changing in last years [2].

On other hand, there are two basic properties that can
be considered for grouping pixels: colour and texture. Both
features are basic in order to define the visual perception [3]
and experiments have demonstrated that the inclusion of
colour can increase the texture segmentation/classification
results without significantly complicating the feature extrac-
tion algorithms [4]. Nevertheless, most of the literature
deals with segmentation based on either colour or texture,
and there is a limited number of systems which consider
both properties together.

Moreover, to knowledge of the authors, there is not so
far any proposal which integrates region and boundary in-
formation sources taking colour and texture properties into
account. Hence, in this paper we extend our previous pro-
posal of segmentation technique [5], which integrates re-
gion and boundary information for texture segmentation, to
carry out the colour texture segmentation. The remainder
of this paper is structured as follows: Section 2 describes
the proposed region segmentation technique, detailing the
placement of starting seeds, the definition of region and
boundary information and the growing of active regions.
Experimental results proving the validity of our proposal
appear in Section 3. Finally, conclusions are given in Sec-
tion 4.

2. NEW PROPOSAL BASED ON ACTIVE REGION
SEGMENTATION

The concept of active regions as a way to combine the re-
gion and boundary information has been recently introduced.
This model is a considerable extension on the active con-
tour model since it incorporates region-based information
with the aim of finding a partition where the interior and the
exterior of the region preserve the desired image properties.

Our approach uses the perceptual edges of the image to
adequately place a set of seeds in order to initialise the ac-
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Fig. 1. Scheme of the proposed colour texture segmentation strategy.

tive regions. The knowledge of these regions allows to de-
fine the region information and to extract accurate boundary
information. Then, as these regions grow, they compete for
the pixels of the image by using a decision criterion which
ensures the homogeneity inside the region and the presence
of edges at its boundary. A scheme of the proposed strat-
egy is shown in Fig. 1. The inclusion of colour information
into our initial texture segmentation proposal involves two
major issues: 1) the extraction of perceptual edges, 2) the
modelling of colour and texture of regions.

2.1. Initialisation: Perceptual Edges

To obtain a sample of each region large enough to statis-
tically model its behaviour, initial seeds have to be placed
completely inside the regions. Boundary information allows
us to extract these positions in the “core” of regions by look-
ing for places far away from contours.

Boundaries between colour texture regions, which are
combination of colour and texture edges, can be consid-
ered as perceptual edges because a human has the ability
to detect both ones. The problem of texture edge detection
is considered as a classical edge detection scheme in the
multidimensional set of k texture features which are used to
represent the region characteristics. Meanwhile, the extrac-
tion of colour boundaries implies a major difficulty since
the use of an edge detector over a colour image produces
the apparition of microedges inside a textured region. Our
approach is based on the perception of textures as homoge-
neous colour regions when they are seen from a long dis-
tance [6]. Hence, a smoothing process is progressively per-
formed starting from the original image until textures looks
homogeneous, as we would look the texture from far away.
Then, the application of an edge detector allows to obtain
the colour edges.

The union of texture and colour edges provides the per-
ceptual edges of the image. Nevertheless, due to the in-
herently non-local property of texture and the smoothing
process, the result of this method are inaccurate and thick
contours. However, this information is enough to perform
the seed placement in the “core” of regions, which allows to
model the characteristics of regions.

2.2. Colour Texture Region Information

Colour in a textured region is by definition not homogenous
and has a very variable behaviour between different regions
of the image. Hence, methods which implicitly assume the
same shape for all the clusters in the space, are not able to
handle the complexity of the real feature space [7]. There-
fore, we focus our attention on density estimation from a
non-parametric approach since these methods do not have
embedded assumptions, and specifically we adopt the ker-
nel estimation technique. Considering colour pixels inside
seeds as a set of data points assumed to be a sample of re-
gion colour, density estimation techniques allow the con-
struction of an estimate of the probability density function
which describes the behaviour of colour in a region. Given
n data points xi, i = 1, . . . , n in the d-dimensional space
Rd, the multivariate kernel density estimator with kernel
KH(x) and a bandwidth parameter h, becomes the expres-
sion

f̂(x) =
1

nhd

n∑

i=1

KH(
x − xi

h
) (1)

which gives us the probability of a pixel to belong to
a region considering colour properties, PRc

, on the three-
dimensional colour space. Note that in order to use only
one bandwidth parameter h > 0 the metric of the feature
space has to be Euclidean.



Texture of each region Ri is modeled by a multivariate
Gaussian distribution, so the mean vector −→µi and the co-
variance matrix Σi, which are initialised from the seeds, de-
scribe the texture homogeneity region behaviour. Therefore,
the probability of a pixel of belonging to a region consider-
ing textural properties, PRt

, is given by the probability den-
sity function of a multivariate Gaussian distribution. Con-
sidering both properties together, the probability of a pixel j
of belonging to a region Ri will be obtained considering the
similarity of the colour pixel with the colour of the region,
and the similarity of the texture around the pixel with the
texture of the region. The combination of both terms gives
the equation

PR(j|Ri) = βPRc
(j|Ri) + (1 − β)PRt

(j|Ri) (2)

where β weights the relative importance of colour and
texture terms to evaluate the region information. The back-
ground is treated as a single region having uniform proba-
bility distribution P0.

2.3. Colour Texture Boundary Information

It is well know that the extraction of boundary information
for textured images is a very tougher task. Moreover, texture
model of the adjacent textures is required to enable precise
localization. The previous initialization step of the regions
model allows to dispose of this required knowledge.

We shall consider that a pixel j constitutes a boundary
between two adjacent regions, A and B, when the proper-
ties at both sides of the pixel are different and fit with the
models of both regions. Textural and colour features are
computed at both sides (referred as m and its opposite as
n). Therefore, PR(m|A) is the probability that features ob-
tained in the side m belong to region A, while PR(n|B)
is the probability that the side n corresponds to region B.
Hence, the probability that the considered pixel is boundary
between A and B is equal to PR(m|A) × PR(n|B), which
is maximum when j is exactly the edge between textures
A and B because textures at both sides fit better with both
models.

Four possible neighbourhood partitions (vertical, hori-
zontal and two diagonals) are considered as in the proposal
of Paragios and Deriche [2]. Therefore, the corresponding
probability of a pixel j to be boundary, PB(j), is the maxi-
mum probability obtained on the four possible partitions.

2.4. Active Region Growing

With the aim of integrating region and boundary informa-
tion in an optimal segmentation, the global energy is defined
with two basic terms. Boundary term measures the proba-
bility that boundary pixels are really edge pixels. Mean-
while, region term measures the homogeneity in the interior

Fig. 2. Subset of mosaic colour texture images.

of the regions by the probability that these pixels belong to
each corresponding region.

Some complementary definitions are required: let ρ(R) =
{Ri : iε[0, N ]} be a partition of the image into {N+1} non-
overlapping regions, where R0 is the region corresponding
to the background region. Let ∂ρ(R) = {∂Ri : iε[1, N ]}
be the region boundaries of the partition ρ(R). The energy
function is then defined as

E(ρ(R)) = (1 − α)
∑N

i=1 − log PB(j : jε∂Ri))
+α

∑N
i=0 − log PR(j : jεRi|Ri)

(3)

where α is a model parameter weighing both terms: bound-
ary and region. This function is then optimized by a re-
gion competition algorithm [8] which takes the neighbour-
ing pixels to the current region boundaries ∂ρ(R) into ac-
count to determine the next movement. Specifically, a re-
gion aggregates a neighbouring pixel when this new classifi-
cation decreases the energy of the segmentation. Intuitively,
all regions begin to move and grow, competing for the pix-
els of the image until an energy minimum is reached. When
the optimization process finishes, if there is a background
region R0 which remains without being segmented, a new
seed is placed in the background, and the energy minimiza-
tion starts again.

3. EXPERIMENTAL RESULTS

In order to evaluate the proposed colour texture segmenta-
tion technique, we created nine mosaic images by assem-
bling four subimages of size 128 × 128 of textures from
the VisTex natural scene collection by MIT (http://www-
white.media.mit.edu/vismod/imagery/VisionTexture/
/vistex.html). Furthermore, we added three mosaics M10,
M11 and M12, provided by Dubuisson-Jolly and Gupta [9].
A subset of colour texture mosaic images is shown in Fig. 2.



For the experimental trials shown in this paper we used
the co-occurrence matrices, considering a window of size
7 × 7 centred at the analysed pixel. Two of the most typ-
ical features, contrast and homogeneity, are computed for
distance one and for 0◦, 45◦, 90◦ and 135◦ orientations to
constitute a 8-dimensional feature vector. Moreover, the
(L∗, u∗, v∗) colour space has been chosen to model the colour.

The evaluation of image segmentation is performed by
measuring the percentage of not-correctly segmented pixels
considering the segmentation as a multi-class classification
problem. Images were processed by our segmentation algo-
rithm using various set of parameter values for the weight
of colour (parameter β) and texture information, as well as
the relative relevance of region (parameter α) and boundary
information in the segmentation process, and best results
have been obtained with β = 0.6 and α = 0.75. Note
that a predominant role is given to colour and region infor-
mation. Summarizing, an error mean of 2.218% has been
obtained for the whole set of test images. Furthermore, our
proposal obtained errors of 0.095%, 3.550% and 1.955% in
the segmentation of M10, M11 and M12, respectively (see
segmentation results of M11 and M12 in Fig. 3). These
results have to be considered as very positive since they im-
prove colour texture segmentation results presented in [9].

4. CONCLUSIONS

A colour texture image segmentation method which inte-
grates region and boundary information has been described.
The algorithm uses the contours of the image in order to
initialize a set of active regions. Therefore, colour texture
of regions is modelled by the conjunction of non-parametric
techniques of kernel density estimation and classical texture
features. Then, region compete for the pixels optimizing an
energy function which takes both region and boundary in-
formation into account.

The method has been evaluated on a set of mosaic im-
ages and experimental results corroborate conclusions from
psychophysical studies which note the importance of colour
on the human perception of colour texture [3]. Furthermore,
obtained results demonstrate the effectiveness of the pro-
posed algorithm.
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