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Abstract
This paper presents a novel algorithm for
unsupervised texture segmentation. The proposed
algorithm incorporates the Local Binary Pattern
operator under a segmentation framework based on
the Active Contour Without Edges model. The
experiments performed, show that it can be used for
fast
segmentation
of
two-textured
images,
outperforming recent texture segmentation algorithms,
with a segmentation quality that reaches 99% on
average.

1. Introduction
Segmentation of texture images is a major field of
research in computer vision. An effective texture
segmentation algorithm is of importance in diverse
areas such as medical image analysis, image retrieval
and remote sensing. Various structural, statistical and
spectral texture segmentation approaches have been
proposed [1],[2]. In particular, unsupervised texture
segmentation has been the subject of intensive research
in many recent studies [3]-[5].
Early segmentation approaches utilized boundarybased local filtering techniques such as edge detection
operators, which require additional edge-linking
operations in order to establish the connectivity of edge
segments. This problem has been resolved by
employing active contour models, which directly result
in continuous curves. These models involve the
deformation of initial contours towards the boundaries
of the image regions to be segmented. A recent active
contour model, named Active Contour Without Edges
(ACWE) [6] has been gaining increasing interest due
to its advantages: 1) it is region-based, enabling the
delineation of regions defined by smooth intensity
changes, 2) its level set formulation provides
adaptability to topological changes, and 3) it does not
require any significant initialization constraint [6].
However, in the ACWE model the contour evolution
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depends on the intensities rather than on the textural
content of the image to be segmented.
State of the art research in active contour models
has concentrated on the use of texture as a guiding
force to contour evolution. Most of the previous active
contour approaches for texture segmentation involved
Gabor and wavelet approaches to contour evolution
[5], [7], [8].
The LBP operator [9], offers an alternative
approach for texture representation. Unlike the Gabor
features, which are calculated from the weighted mean
of pixel values over a small neighborhood, LBP
considers each pixel in the neighborhood separately,
providing even more fine-grained information. In
addition, the LBP texture features are invariant to any
monotonic change in gray level intensities, resulting in
a more robust representation of textures under varying
illumination conditions. Comparative studies have
demonstrated that the use of LBP features may result in
higher classification accuracy than the Gabor and
wavelet features, with a smaller computational
overhead [9]-[11].
In this paper we propose a novel algorithm for
unsupervised texture segmentation that incorporates an
LBP-based representation of textures under an ACWE
segmentation framework.
The rest of this paper is organized in five sections.
Sections 2 and 3 provide an outline of the ACWE
model and the LBP features respectively. Section 4
describes the proposed algorithm. The results from its
application on two-textured images are apposed in
Section 5. Finally, in Section 6 the conclusions of this
study are summarized.

2. Active contour without edges
Active Contour Without Edges as posed in [6] has
the form of a minimization problem: if we consider ȍ

as a bounded open subset of R 2 , with ∂Ω the
boundary, we seek for inf F (c + , c − , C ) :
F (c + , c − , C ) = μ ⋅ length(C ) + λ +
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where u0 : Ω → R is the given image, C ( s ) : [0,1] → R 2
a piecewise parameterized curve, c + and c − are
unknown constants representing the average value of
u0 inside and outside the curve and parameters μ > 0
and λ+ , λ− > 0 are weights for the regularizing term and
the fitting terms, respectively.
In the level set method [12], C ⊂ Ω is represented
by the zero level set of a Lipschitz function φ : Ω → R,
such that
C = ∂ω = {( x, y ) ∈ Ω : φ ( x , y ) = 0},
(2)
in(C ) = {( x, y ) ∈ Ω : φ ( x, y ) > 0},
out (C ) = {( x, y ) ∈ φ ( x, y ) < 0}
Using the Heaviside function H and the onedimensional Dirac measure δ, defined respectively by
1, if z ≥ 0
d
H ( z) , H ( z) = ®
dz
¯0, if z < 0
+
−
the constants c and c can be expressed as:
³ u 0 ( x, y) H (φ ( x, y))dxdy
c + (φ ) = Ω
³ H (φ ( x, y ))dxdy

δ ( z) =

c − (φ ) =

Ω

(4)

(5)

³ (1 − H (φ ( x, y)))dxdy

Ω

Keeping c + and c − fixed, and minimizing F with
respect to φ , we deduce the associated EulerLangrange equation for φ . Parameterizing the descent
direction by an artificial time t ≥ 0 , the equation in
φ (t , x, y ) (with φ (0, x, y) = φ0 ( x, y) defining the initial
contour) is
∂φ
∇φ
= δ (φ )[ μ ⋅ div(
) − λ+ (u0 − c + ) 2 + λ− (u 0 − c − ) 2 ] = 0
∂t
∇φ

φ (0, x, y) = φ0 ( x, y )
t ∈ (0, ∞), ( x, y ) ∈ Ω

(6)

3. Local binary pattern
The LBP operator [9] utilizes a binary
representation of texture units localized in image
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Figure 1. An example LBP value estimation:
LBP=1+8+32+128=169 [9].

4. LBP-based active contour algorithm for
texture segmentation

(3)

Ω

³ u 0 ( x, y )(1 − H (φ ( x, y)))dxdy

neighborhoods. Considering neighborhoods of 3×3
pixels, the LBP value for such a neighborhood is
estimated as follows: i) the original 3×3 neighborhood
(Fig.1a) is thresholded to two levels (0 and 1) using the
value of the center pixel (Fig.1b), ii) the values of the
pixels in the thresholded neighborhood are multiplied
by the binomial weights (Fig.1c) assigned to the
corresponding pixels, iii) the values of the eight pixels
(Fig.1d) are summed to obtain a single value for the
corresponding pattern. Thus, a total of 28=256 texture
units are possible. The histograms of the LBP values of
an image comprise discriminative texture signatures.

The textural content of an image can be encoded by
the LBP values assigned to each of its pixels. The
derived LBP histogram bins are sorted according to the
frequency of their occurrence in the image and the b
most frequent histogram bins are selected. This is in
agreement with [13], according to which a subset of
LBP histogram bins may perform even better than the
complete histogram, for texture discrimination.
The b selected histogram bins are used to generate b
binary images according to a simple rule: if the LBP
value of a pixel located at the position (x,y) of the
original image belongs to the k-th histogram bin, then
the pixel located at the position (x,y) in the k-th
generated binary image is labeled white, indicating the
presence of a local texture pattern, otherwise it is
labeled black. The b generated binary images are
combined in all possible ways by the logical OR
operator (i.e. the occurrence of a white pixel in at least
one of the images combined, results in a white pixel).
Each of the resulting “cumulative” binary images
contains partial LBP histogram information.
In the sequel, the “cumulative” binary images are
segmented in properly sized blocks and the number
PW(i,j) of the white pixels contained in each block j of
“cumulative” image i is counted. We define the
contrast index ξ(i) of an image i as the difference
between the maximum and the minimum PW(i,j):
(7)
ξ (i) = max ( P (i, j )) − min ( P (i, j ))
j

W

j

W

The “cumulative” binary image im with the maximum ξ
is selected for further processing:
(8)
i = arg(max(ξ (i )))
m

i

This image has the maximum inter-block difference in
white pixel densities. Since the white pixels represent
local texture patterns, the regions of different textures
in im are expected to be more distinguishable. At this
point, it is assumed that the variance of white pixel
densities within a region of the same texture is a small
fraction of the variance of white pixel densities
between regions of different texture.
As a next step, a Gaussian smoothing operator is
applied to im, resulting in a smoothed image iG. This
operation reduces the local variances in the spatial
frequency of the texture patterns and results in nearly
homogeneous image regions that could more easily be
segmented by the ACWE model. Such smoothing
operations have proved to enhance texture
discrimination as the notion of texture is undefined at
the single pixel level although it is always associated
with some set of pixels [14].
In the final step of the algorithm, the ACWE model
is applied to iG. The region-based formulation of this
active contour model enables the segmentation of an
image into discrete regions, even if the regions are not
explicitly defined by high intensity gradients. It is
worth noting that the ACWE algorithm reaches a
global minimizer [6] and therefore the segmentation
achieved is independent from the initial contour.
The steps of the proposed algorithm can be
summarized as follows:
1. Calculate the LBP histogram of an image
2. For each of the b most frequent LBP histogram bins
generate a binary image do
For each pixel of the binary image do
If the LBP pattern of the corresponding
LBP histogram bin is present,
then pixel is white else pixel is black
3. Build “cumulative” binary images i by applying the
logical OR operator on all combinations of the b
binary images.
4. Find im using (8)
5. Filter im with a Gaussian operator to produce iG
6. Segment iG using ACWE.

The proposed algorithm was implemented in
Microsoft Visual C++ and executed on a 3.2 GHz Intel
Pentium IV workstation. The ACWE constants were
generally chosen as follows: λ + = 5 , λ− = 5 , μ = 650,
whereas a 5×5-pixel neighborhood was considered for
the calculation of the LBP values. The Gaussian
smoothing parameter ı was set to 4 and the block size
was set to 16×16. Finally, for the step 2 of the
algorithm, b=5 generated binary images were found to
be sufficient for the performed segmentation tasks.
In accordance with [16], the percentage of the
correctly classified pixels q can be considered as a
segmentation quality measure. The average
segmentation quality achieved in terms of q is
98.7±0.4%. From another viewpoint, the segmentation
quality can be measured by the overlap value v [17]
describing the overlap between the area A delineated
by the contour and the “ground truth” area G. The
average segmentation quality achieved in terms of v is
92.4±0.9%. Each run of the proposed algorithm lasts
approximately 4 seconds, which is less than the
execution times required by other algorithms proposed
in recent studies [2][8].

(a1)

(b1)

(a2)

(b2)

(a3)

(b3)

5. Results
In our experiments, we applied the proposed
algorithm to segment 12 two-texture images,
composed of natural textures. The same composite
images have been used in [15],[16].
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Figure 2. Three example images containing discrete
texture regions: (a1-a3) original two-texture images, (b1b3) the final contours at convergence.

Figure 2 illustrates the results of the application of
the proposed algorithm on three examples of twotexture images. The proposed algorithm achieves a q of
90.0%, 98.6%, and 98.1% for the examples illustrated
in Fig. 2b1, 2b2, and 2b3 respectively. The percentage
in Fig. 2b2 is higher than 98.3%, which was reported as
the best result on the comparative evaluation included
in [16], with respect to the same image.

6. Conclusion
We have proposed a novel LBP-based active
contour algorithm for texture segmentation. The
algorithm embodies the advantages of LBP and ACWE
methodologies. In our experimental study, the
proposed algorithm achieved very promising
segmentation results, outperforming the best results
reported on the comparative evaluation included in
[16], with respect to the same images. The proposed
algorithm does not impose initialization constraints,
and its execution time is less than the execution times
required by other algorithms proposed in recent studies
[2], [8].
Future perspectives of this work include: 1) further
optimization of the algorithm implementation to reduce
execution time, 2) extension of the proposed algorithm
for the segmentation of multiple-texture images by
incorporating the multi-phase ACWE [18], 3) the
development of a methodology that will allow for
automatic parameter tuning of the algorithm and the
application of the proposed algorithm to medical
images in which texture is dominant and useful in
diagnosis, and 4) the utilization of alternative metrics
that describe the global distribution of white pixel
densities for each “cumulative” image, as an
alternative to contrast index ξ(i) in (7).
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