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Abstract
This paper presents a novel variational method for supervised texture segmentation. The textured feature space
is generated by filtering the given textured images using
isotropic and anisotropic filters, and analyzing their responses as multi-component conditional probability density functions. The texture segmentation is obtained by
unifying region and boundary-based information as an improved Geodesic Active Contour Model. The defined objective function is minimized using a gradient-descent method
where a level set approach is used to implement the obtained PDE. According to this PDE, the curve propagation towards the final solution is guided by boundary and
region-based segmentation forces, and is constrained by a
regularity force. The level set implementation is performed
using a fast front propagation algorithm where topological
changes are naturally handled. The performance of our
method is demonstrated on a variety of synthetic and real
textured frames.

1 Introduction
Texture segmentation, the problem considered in this paper, is one of the most important techniques for image analysis, understanding and interpretation.
The task of texture segmentation is to partition the image into a number of regions such that each region has the
same textural properties [7]. Alternatively, this task can be
viewed as the problem of accurately extracting the borders
between different texture regions in an image [12]. If a priory knowledge regarding the textural properties in a given
image is available, the problem is called supervised texture
segmentation; otherwise it is called un-supervised.
Supervised texture segmentation requires texture analysis and modeling which is usually performed using two
well-known techniques; statistical modeling [5, 20] and filtering theory [2, 11]. Additionally, feature-based image
segmentation is performed using either boundary-based
methods [12, 21] or region-based methods [1, 13].
This work was funded in part under the VIRGO research network (EC
Contract No ERBFMRX-CT96-0049) of the TMR Program.

During the last years, there is a significant effort to integrate boundary with region-based segmentation approaches
[6, 4, 23]. The difficulty lies on the fact that even though
the two modules yield complementary information, they
involve conflicting and incommensurate objectives. The
region-based methods attempt to capitalize on homogeneity properties, whereas boundary-based ones use the nonhomogeneity of the same data as a guide. The most closely
related work with this paper can be found in [23], where
a two-step variational approach is proposed that combines
the geometrical features of a snake/balloon model and the
statistical techniques of region growing.
The present work has two main objectives: the first is
to propose a complete framework for texture analysis and
modeling that combines the filtering theory with the statistical modeling. The second objective is to combine the
boundary and the region-based texture segmentation framework into a coupled model, that is derived from the geodesic
active contour model. The observation set of this framework
is composed of
1. A given set of texture pattern images,
2. A given input frame composed from these patterns.
Following our previous work [18] for supervised texture
segmentation using geodesic active contours, we propose a
considerable extension that incorporates region-based information to the existing boundary-based information under a
coupled framework that can deal with the following problems:
1. The segmentation of the input frame, given the
background pattern [fig. (5.1,5.4)],
2. The extraction of regions of interest from the input frame, given the corresponding patterns [fig.
(5.2,5.3)].
The proposed algorithm is depicted in [fig. 1]. Initially,
an off-line step is performed that creates multi-component
probabilistic texture descriptors for the given set of texture
patterns, where the multi-modal data is derived using a set
of filter operators [fig. 1: Learning Phase]. Then, given
the input frame, we apply the same operators and derive an
observation set that is coherent with the texture descriptors.
Then, for each pixel we estimate the probability of being on
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Figure 1. Geodesic Active Regions for supervised texture
segmentation

the boundaries between two different texture regions. Since
we deal with multi-modal data, a probability vector is obtained. The components of this vector (e.g. boundary probabilities) are combined to a single frame using some reliability measurements and provide the boundary-based texture information [fig. 1: Boundary Module]. Besides, using
the texture descriptors and the observation set we determine
the region-based information that is derived from the most
probable temporal texture assignment [fig. 1: Region Module]. Then, the segmentation problem is stated under an improved Geodesic Active Contour model that aims at finding
the best minimal length geodesic curve that preserves high
boundary probabilities, and creates regions with maximum
a posteriori segmentation probability with respect to the associated texture hypothesis. We call this model Geodesic
Active Region model, since boundary and region information are cooperating in a coupled active contour model. The
defined objective function is minimized using a gradientdescent method where a level set approach [14] is used to
implement the obtained PDE. Finally, the curve propagation problem is implemented using a fast front propagation
scheme, the Hermes Algorithm [17].
The remainder of this paper is organized as follows. Section 2 deals with the texture analysis and modeling problem
while in Section 3, we introduce the main contribution of
this paper, the Geodesic Active Region Model which is
applied to the supervised texture segmentation problem in
Section 4. Finally, experimental results and discussion appear in Section 5.

2 Texture Analysis and Modeling
2.1 Extracting Features
In many different applications the use of linear and nonlinear filter operators has been applied for feature extraction
with quite satisfactory results. Following this example, we
adopt a general filter bank composed of:
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where S is a constant scale factor. Besides, the (x y )
anisotropic directional derivatives operators are also
considered.
 The 2D Gabor operators analyze the image simultaneously in both space [ ], and frequency domains
[ ].
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These Gabor functions can be decomposed into
two components; the real part [G R (x y j   )]
and the imaginary part [G I (x y j   )]. The texture features are captured by the spectrum analyzer
f (j   )g of the Gabor components,

A

S (x yj   ) =

p

GR I )(x y)2 + (GI I )(x y)2

(

smoothed by a Gaussian function [fig.(2.[c,d,e])],
where (GR I ) denotes the convolution operation between the image I and the filter G R .

2.2 Modeling Features
The texture modeling phase aims at finding an appropriate model that can be expressed using a limited set of
parameters and preserves strong discrimination power. The
most common model related with filtering theory is the use
of histograms, where the filter response is discretized using
a limited number of values, that affects significantly the extracted model and requires a large set of parameters (histogram cells). We confront these problems, by adopting
a statistical framework where the different filter responses
(observed histograms) are modeled using continuous probabilities density functions that are Gaussian mixtures [fig.
1: Statistical Modeling].
In order to facilitate the notation, let us now make some
definitions:
 Let F = ffj : j 2 1 M]g be the set of M preselected
filter operators.

 Let T = fti : i 2 1 N]g be the set of N texture
patterns, and D = f i : i 2 1 N]g be the associated
data set.
 And, let D( ) = f ij : i 2 1 N] j 2 1 M]gg be
the set of filter operator responses to the input data
set, where ij is the response of f j to i .
We assume that each filter response can be modeled using low-level statistics, where its observed density function
is assumed to be conditional probability. Let p ij (:) be the
conditional probability density of the data component ij .
If we assume that this probability density function is homogeneous, i.e. independent of the pixel location, then it can
be decomposed into many different Gaussian components;
Cij
X
pij (xj ij ) = Pijk pkij (xjkij  ijk )

A
A

D
A

D

A

k=1

where Cij is the number of mixture components, P ijk be
the a priori probability of the component k , and ij is
the vector of the unknown mixture parameters:
ij =
k ) : k 2 1 ::: Cij ]g. The component number
f(Pijk  kij  ij
is derived automatically form the observed data [18], while
the estimation of the unknown parameters is done using the
Maximum Likelihood Principle.
The output of this operation is a powerful probabilistic
texture description model where each pattern is associated
with a vector of probability density functions
 i ( ) = (pi1 (x1 ) ::: piM (xM ))
that characterizes its behavior with respect to the different
filter operators [fig. 1: Texture Descriptors].

p x

3 Geodesic Active Regions
The Geodesic Active Contour model has been initially
proposed in [3, 8, 10] and successfully applied to a wide
variety of computer vision applications. These methods are
based on boundary-based information, and aim at finding
the best minimal-length smooth curve for a measure derived
from the properties of the image.
Besides, motivated by the work proposed in [4, 23], the
Geodesic Active Region model has been initially introduced
in [16] to deal with the problem of supervised texture segmentation and has been successfully exploited in [19] to
deal with the tracking problem. This model is a considerable extension to the geodesic active contour model since
it incorporates region-based information and aims at finding
a partition where the interior as well as the exterior region
preserves the desired image properties.
We are going to introduce this model for a simple segmentation case with two possible decisions. In order to facilitate the notation, let us make some definitions:
 Let : R ! be the input frame.
 Let P (R) = fRA  RB g be a partition of the frame
domain into two non-overlapping regions fR A \
RB = g, where RA is the region of interest (hypothesis hA ).
 And, let f@ RA g be the RA region boundaries.
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Figure 3. Geodesic Active Region Model: (a) the input,

(b) the boundary-based information,(c,d) the region-based
information [proportional to the frame intensity] for hypothesis hA [c] and for hypothesis hB [d].

If we assume that for the given frame [fig. (3.a)] some
information regarding the real region boundaries is available [fig. (3.b)], then the extraction of the region of interest
can be viewed as the problem of accurately extracting its
boundaries.
Let [ ( ( )j )] be the conditional boundary density
function that measures the probability of a given point being at the real boundaries of R A . Then, the region of interest can be obtained using the geodesic active contour framework, thus minimizing
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Z



1



E (@ RA ) = g(p(I(@ RA (p)))jB ) @ R_ A (p) dp
0
where @ RA (p) : 0 1] ! R2 is a parameterization of the
region boundaries in a planar form, and g () is a positive
monotonically decreasing function, such that g (0) = 1 and
g(x) ! 0 as x ! 1. The solution of the segmentation

problem is equivalent with finding the geodesic curve of
minimal length that best takes into account the desired image characteristics (important boundary probabilities)[9].
Let us now assume that an a priori knowledge about
the desired intensity properties of the different regions
is available; the conditional probability density functions
[pA ( (s)) pB ( (s))] with respect to the hypothesis h A and
hB [fig. (3.c,3.d)].
Then, the extraction of the region of interest is equivalent to creating a consistent frame partition between the observed data, the associated hypothesis and their expected
properties. This partition can be viewed as an optimization
problem with respect to the a posteriori segmentation probability, given the observation set.
Let p(P (R)j )] be the a posteriori segmentation density
function with respect to the different partitions P (R) given
the input data . This density function is given by the Bayes
rule as:
p(P (R)j ) = p( jP (R)) p(P (R))
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I

I

I

I

I

p(I)

If we assume that all the partitions are a priori equally possible then we can ignore the constant terms p( ) p(P (R))
and we can rewrite the density function as:

I

p

(IA

p(P (R)jI) = p(IjfRA RB g) =
j RA ] \ IB j RB ]) = p(IA j RA ) p(IB j RB )

Besides, if we assume that the points within each region are
independent, we can replace the region probability with:

p(IX j RX ) =

Y

s2RX

pX (I(s))

The maximization of a posteriori probability is equivalent
with the minimization of the [-log()] function of this probability,
2
3
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We fuse the two different segmentation models by defining the Geodesic Active Region objective function as
(

E @
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The minimization of this function is performed using a gradient descent method. If u = (x y ) is a point of the initial curve (that can belong either to R A or to RB ) and we
compute the Euler-Lagrange equations [23], then we should
deform the curve to this point using the following equation:
du
dt

=



|

B (I(u))
pA (I(u))
{z
region term

log

p



+
}

(1 ; ) (g (u)K(u) ; rg (u)  N (u))] N (u)

|

{z

boundary term

}

where K is the Euclidean curvature of @R A and N is the
unit inward normal to @R A .
The obtained PDE motion equation has two kind of
forces acting on the curve, both in the direction of the
normal. The region force aims at shrink or to expand
the curve in the direction that maximizes the a posteriori segmentation probability. Thus, if u is a point of h B
pB ( (u)) > pA ( (u))]then ithis force acts to shrink the
h

pB (I(u)) > 0 otherwise acts to expand it.
curve
pA (I(u))
Besides, the boundary force contains two sub-terms; one
that moves the curve towards the region boundaries constrained by the curvature effect and one that attracts these
boundaries (refinement term).
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Figure 4. (a) Neighborhood partition that indicates a
boundary point, (b) Possible partitions.

4.1 Defining the Boundary Information
It is well known that the extraction of boundary information for textured images is a very tougher task. We propose a probabilistic method to determine this information
[18, 22].
Let NR (s) and NL (s) be the regions associated with a
neighborhood partition, and let D(N (s)) be the corresponding data. Under these assumptions and using the Bayes rule,
the probability that s lies on the boundaries between two regions p(B jD(N (s))) is given by:
)
p(B )
p(B jD(N (s))) = p(Dp((ND((sN))(jsB))jBNB
)

where p(D(N (s))jB ) (resp. p(D(N (s))jNB )) is the conditional boundary (resp. non-boundary) probability and
p(B ) is the a priori boundary probability which is a constant scale factor and can be ignored.
The conditional boundary and (resp. non-boundary)
probability can be estimated directly from known quantities since if s is a boundary point, then there is a partition NL (s) NR (s)] where the most probable texture assignment for N L (s) is the background pattern ft R0 g and
for NR (s) is a different pattern ft Rr g or the opposite. Besides, if s is not a boundary point, then the most probable
texture assignment for N L (s) as well as for NR (s) is either
ftR0 g or ftRr g. These probabilities are given by [16],
p

I

Orientation: 0

(a)

4 Texture Segmentation
We view the segmentation as a frame partition problem
[defined by a curve] into non-overlapping regions that preserve homogeneous textural properties and characteristics.
Some complementary definitions are required:
 Let be the textured input frame and let D( ) = f j :
j 2 1 M]g be the set of filter responses to this frame.
 Let P (R) = f i : i 2 0 RN ]g be a partition of frame
domain into fR N + 1g non-overlapping regions, where
0 is the region that corresponds to the background
pattern.
 Let @ P (R) = f@ i : i 2 1 RN ]g be the region
boundaries of the partition P (R).
 And, let tRi be the texture pattern that corresponds to
the region i .

1
0
0
1

(I(N (s))jB ) = ptR0 (I(NR (s)))ptRr (I(NL (s)))

+ ptRr (I(NR (s)))ptR0 (I(NL (s)))

(I(N (s))jN B ) = ptR0 (I(NR (s)))ptR0 (I(NL (s)))

(1)

p

+ ptRr (I(NR (s)))ptRr (I(NL (s)))

Since we deal with multi-modal data, each data component
can provide boundary-based measurements for a given pixel
s. Assuming that the neighborhood partition is known, the
boundary probability p jB (sjf j  N tRr g) for s with respect
to the data component j is given by

I

I

pjB (sjfIj  N tRr g) = p (I(N (s))pjjB(I)(N+(ps))(IjB(N) (s))jNB )
j

j

I(N (s))jB) (resp. pj (I(N (s))jNB)) is derived

where pj (

from [eq. (1)]. This probability is defined given a neighborhood partition as well as a texture assignment for the
second local region, thus the next problem is to define this
partition. We consider four possible neighborhood partitions (the vertical, the horizontal and the two diagonals)
[fig.
(4.b)], obtained by assuming
four orientations  =


3
; besides, it has been found ex0:  4 :  2 :  4 :
perimentally that the illustrated in [fig. (4.b)] neighborhood
size gives very satisfactory results. Finally, to estimate this
probability, we need a texture assignment for the second
neighborhood region. To overcome this problem, we estimate the boundary probability for all possible partitions
and for all possible assignment by generating the matrix
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where the lines correspond to the possible texture assignments ft1  ::: ttR0 ;1  ttR0 +1  ::: tN g and the columns to the
different neighborhood partitions f    g. The element
(m n) of this matrix, corresponds to the boundary probability of partition n if the second local region is assigned to
the texture hypothesis t m .
This operation provides fMg boundary probability
frames (one for each data component f j g) that have to
be combined to a single frame. This can be done using
the mean value between the different frames, but it is not
the most proper solution since the quality of the boundary
maps differs from data component to data component. We
introduce a reliability measurement for each boundary map,
which is associated with the discrimination power of the
corresponding filter with respect to the background pattern.
At the end of the analysis and modeling phase, we have
associated to each pattern, a descriptor, which given a value
and its nature (data component) returns the probability of
being part of this descriptor. A filter operator has strong
discrimination power, if all the observed values of the corresponding background data component are being correctly
classified, (e.g. the probability with respect to the background pattern is superior to the probability with respect to
any other pattern). The probability of being correct P j (C )
with respect to the filter f j is equivalent to an observation
x being classified as the background texture pattern t R0 ,
where the true state of nature is t R0 . As a consequence,
for each filter operator f j we have

0123
I

P

j (C ) =P
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where H (x j )
by,

:

R

0

if ptR0 j (a)  pij (a)
otherwise

1
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H (a j ) =

 N] ! R is a binary function given
8i 2 0

N]

We normalize the reliability measurements
h [P j (C )] with re-i
P (C )
spect to the different filter operators
j = Mk=1j Pk (C )
and we use them to generate a global boundary matrix that
combines the different filter responses:

P

w
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PB (s) = 64

PM

j wj pj (sj0

t1

)

tN

)

PM

j wj pi (sj3

t1

)

j wj pj (sj3

tN

)

..
. P
M

3
7
5

The boundary probability p B (s) for the pixel s is then
provided by the highest element of the matrix P B (s).

4.2 Defining the Region Information
Let p(P (R)jD(R)) be the a posteriori segmentation
probability with respect to the partition P (R). Since the
a posterior region probabilities p (D( i )jtRi ) are independent, the global a posteriori segmentation probability is
given by,

R

RN
; RN
 Y
)) = p \i=0 D ( i )jtRi ] =
p (D( i )jtRi )

p(P (R)jD(I

R

R

i=0

R

where D( i ) is the multi-modal data associated with the region Ri . The use of multi-modal data drives to multi-variate
conditional probabilities. If we assume independence between the different filter responses, then the a posteriori
segmentation probability is given by

p(P (R)jD(I)) =

I R
I

RN Y
M
Y

i=0 j =1

p (Ij (Ri )jtRi )

where p ( j ( i )jtRi ) is the a posterior segmentation probability for the region f i g with the respect to the data component f j g.

R

4.3 Setting the Energy
Although we made the assumption that the different filter responses are independent, they have some uncertainty
measurements, since we use a global statistical model to
describe their behavior. These uncertainties are expressed
from the discrimination power of the corresponding filters
fwj g.
The geodesic active region functional for supervised texture segmentation consists of minimizing
(

E @

P (R)) = (1 ; )
;

RN Z 1
X

i=1

0

(

g p

RN Z Z X
M
X

i=0 Ri j =1

B (@ Ri (pi )))j@ Ṙi (pi )jdp
j log

w

where g () is a Gaussian function.

h

i

tRi j (Ij (x y ))

p

dxdy

4.4 Minimizing the Energy
Let u = (x y ) be a point of the initial curve. This point
can either be at region R 0 or at region R k . Based on this hypothesis, we compute the Euler-Lagrange equations [3, 23]
(Section 2), and we derive the following motion equation
for u:
"

du
dt



tR0 j (Ij (u))
= 
wj log
ptR j (Ij (u))
k
j =1
M
X

p

!

5 Conclusions, Results

+

(1 ; ) (g (pB (u))K(u) ; rg (pB (u))  N (u))] N (u)

The interpretation of the above PDE is obvious. Given a
initial curve, it creates a partition of the image [determined
by a curve that attracts the region boundaries] where the
exterior curve region corresponds to the background pattern
while the interior regions correspond to the other patterns.
The obtained PDE can be implemented using a Lagrangian approach, that is limited since it cannot deal with
topological changes of the moving front and suffers from
instability in the domain of numerical approximations.
This can be avoided by introducing the work of Osher
and Sethian [14] in our scheme. The central idea is to represent the moving front @R(t) as the zero-level set f = 0g
of a function . This representation of @R(t) is implicit,
parameter-free and intrinsic. Additionally, it is topologyfree.It is easy to show, that if the embedding function
deforms according to

d
dt (p t) = F (p) jr (p t)j

then the corresponding moving front evolves according to:

d C (p t) = F (p)N
dt

Thus, the minimization of the proposed geodesic active
region objective function is equivalent to searching for a
steady-state solution of the following equation:
"

d
dt



!

tR0 j (Ij (u))
(u) = 
wj log
+ (1 ; )
ptR j (Ij (u))
k
j =1
M
X



(

p

r(u)
B (u))K(u) + rg (pB (u))  jr
(u)j

g p

preferable assignments. This issue is confronted by assuming that the temporal segmentation map is derived by the
most probable texture assignments. Thus for a given curve
point, we assume that it is located between the preferable
region and the region that corresponds to the most probable
assignment (which is derived from the observed data).



#

jr

(u)j

where the geometric properties are estimated directly from
the level set frame.
The Level Set Equation is implemented using the Hermes algorithm [17, 15] that proposes a fast way to deform
the initial curve locally towards the minimum of the objective function.

4.5 Implementation Issues
The proposed method can be used to segment a given
texture frame, in the case where the background texture pattern is known [fig. (5.1,5.4)]. This method can be easily extend to extract some specific regions of interest determined
by the corresponding preferable patterns [fig. (5.2,5.3)]. In
both cases, the curve propagation requires a texture assignment for the given point that has to be compared with the

Synthetic data [fig. (5.1)], as well as real-word data [fig.
(5.2, 5.3, 5.4)] have been used to test and validate the proposed approach 1 .
Summarizing, we have considered a curve propagation approach for supervised texture segmentation. The
main contribution of our approach is the proposition of a
coupled variational energy framework which integrates
boundary-based and region-based information modules
and connects the minimization of the objective function
with the curve propagation theory, namely the Geodesic
Active Region framework. This framework was successfully applied to the supervised texture segmentation problem, where the boundary information is determined using
a probabilistic framework, while the region-based information is expressed directly via conditional probabilities. The
quality of this information is ensured by the use of powerful probabilistic texture descriptors (learning phase) that
combine filtering theory and statistical modeling. The proposed model preserves robustness, and is independent from
the initialization step thanks to the level set implementation
and to the region-based term which creates data-dependent
positive and negative propagation forces.
The proposed model is not limited to texture segmentation, but it can be used to deal with a wide variety of computer vision applications that can be reformulated as frame
partition problems. The future direction of this work is to
validate the proposed model to other computer vision domains.
An extended version of this paper can be found in [16].
Various experimental results (in MPEG format), including
the ones shown in this article, can be found at:
http://www.inria.fr/robotvis/personnel/nparagio/demos/
http://www.inria.fr/robotvis/personnel/der/der-eng.html
1 The segmentation performance of our method is demonstrated in [fig.
(5.1, 5.4)]. Additionally, the performance with respect to the extraction of
region of interest is demonstrated in [fig. (5.2, 5.3)] where the patterns of
interest are given (zebra, chita). Each demonstration contains information
about the modeling phase (patterns and filter operators). The filter operators are selected manually, and their size is either 7x7, or 9x9, or 11x11.
The independence of our method with respect to the initialization step
is clearly demonstrated. As it concerns the curve propagation, in the case
of the absence of curvature, it follows the normal direction (the boundary
force is not valid, and the region force is not affected by the curvature),
while the presence of curvature aims at creating a smooth curve propagation sequence.
Finally, the computational cost of our approach is related with the initialization step, and varies between 2 and 5 seconds using an ULTRA 10,
299 MHz (the learning phase is not included).
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