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Abstract— We address the problem of texture segmenta-
tion in the context of the Gabor feature space of images. Ga-
bor filters which are tuned to different orientations, scales
and frequencies are applied to textured images to create the
Gabor feature space. We regard the scale, orientation and
frequency for which maximum response of the Gabor filters
was obtained. A two-dimensional Riemannian manifold of
local features is extracted via the Beltrami framework. The
metric of this surface is a good indicator of texture changes
and is used, therefore, in a Beltrami based diffusion mecha-
nism and in a geodesic active contours algorithm for texture
segmentation. The innovation of this work lies in using the
metric of the feature manifold which integrates information
from all the features, in both the diffusion and segmentation
processes.
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I. Introduction

THE task of discriminating between different textures is
not a difficult one for the human observer. However,

when it comes to image processing and computer vision,
this task is far from being an easy one, as real world tex-
tures are difficult to mathematically model and analyze.
Among the approaches to the analysis of textures are local
geometric primitives [7], local statistical features [2], ran-
dom field models [6], [3] and the FRAME theory [23]. We
address the problem of texture segmentation in the context
of the Gabor feature space of images.

The motivation for the use of Gabor filters in texture
analysis is double fold. First, it is believed that simple
cells in the visual cortex can be modeled by Gabor func-
tions [13], [4], and that the Gabor scheme provides a suit-
able representation for visual information in the combined
frequency-position space [15]. Second, the Gabor repre-
sentation has been shown to be optimal in the sense of
minimizing the joint two-dimensional uncertainty in the
combined spatial-frequency space [5].

A great deal of attention has been devoted in recent years
to the ”snakes”, or active contour models, which were pro-
posed by Kaas et al [8] for intensity based image segmen-
tation. In this framework an initial contour is deformed
towards the boundary of an object to be detected. The evo-
lution equation is derived from minimization of an energy
functional, which obtains a minimum for a curve located
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at the boundary of the object. The geodesic active con-
tours model [1], [9] offers a different perspective for solving
the boundary detection problem; It is based on the obser-
vation that the energy minimization problem is equivalent
to finding a geodesic curve in a Riemannian space whose
metric is derived from image contents. The geodesic curve
can be found via a parameterization invariant geometric
flow. Utilization of the Osher and Sethian level set numer-
ical algorithm [16] allows automatic handling of changes of
topology.

This snakes model was extended to the vector valued ac-
tive contours to handle more complex scenery such as color
images [20] and multi-texture images. Some recent related
work includes the one of Paragios and Deriche [14] who
generate the image’s texture feature space by filtering the
image using Gabor filters. Texture information is then ex-
pressed using statistical measurements, and segmentation
is achieved by application of geodesic snakes to the statis-
tical feature space. Shah [21] develops and applies curve
evolution and segmentation algorithms where anisotropic
metrics are considered. Lorigo et al [12] used both image
intensity and its variance for MRI images’ segmentation.

The Gaborian spatial-feature space can be described, via
the Beltrami framework [22], as a 4D Riemannian manifold
[10] embedded in R6. Based on this approach, the intensity
based geodesic active contours method was generalized to
the Gabor-feature space of images, where at each pixel the
features that yielded the maximum response for the Ga-
bor filters, are selected [19]. The metric introduced in the
Gabor space was used to derive the inverse edge indicator
function E, which attracts in turn the evolving curve to-
wards the boundary in the geodesic snakes scheme. Using
this approach the geodesic snakes yields good results when
the textures are homogeneous and can be characterized by
these maximum values.

However, the maximum values provide only partial in-
formation regarding image structure in the full Gabor fea-
ture space. This may, in turn, generate less than satis-
factory results in case of more complex textures. One
solution to this problem is to apply the geodesic snakes
mechanism to the complete Gabor feature space and in-
terpret the Gabor transform of an image as a function
assigning for each pixel’s coordinates, scale, orientation
and frequency, a value. Thus, the Gabor transform of
an image may be viewed as a 5D manifold embedded in
R7. An alternative solution is to improve the results ob-
tained from the 2D manifold embedded in 7D space ap-
proach. In a previous study [18], a single Gabor fea-
ture, the orientation, was smoothed using the weighted
area minimization method prior to using it in the geodesic



snakes mechanism. In this study we evaluate the impact
of coupling information from several Gabor features into a
single diffusion-segmentation scheme to achieve better re-
sults comparing to the same procedure applied to each of
the features separately. We use Gabor filters which are
tuned to different orientations, scales and sine grating fre-
quencies. These are applied to textured images to create
the Gabor feature space. The scale, orientation and fre-
quency for which maximum response of the Gabor filters
was obtained are considered. The features are presented,
via the Beltrami framework, as a Riemannian manifold
with local coordinates (x, y) embedded in R7, or explic-
itly (x, y,R(x, y), J(x, y), σ(x, y), θ(x, y), f(x, y), ), where R
and J are the real and imaginary parts of the Gabor trans-
formed image, and θ, σ and f are the direction, scale and
frequency for which a maximal response has been achieved.
We use the Beltrami flow for denoising the Gabor features.
Next, the denoised features are used to obtain a noise free
metric of the Gabor feature manifold which is used as an
inverse edge detector in the geodesic snakes mechanism.

Thus, the innovation of this study lies in using a metric
which integrates information from all features, rather than
one, in both the diffusion and segmentation phases.

This paper is organized as follows: In section 2 we de-
scribe the geodesic active contours method for intensity
images. Next, in section 3 we describe the generation of
the Gabor feature space. In section 4 we show how to ap-
ply the geodesic snakes mechanism in the Gabor feature
space. Finally in section 5, we provide some preliminary
results.

II. Geodesic Active Contours

In this section we review the geodesic active contours
method for non-textured images [1], [9]. The generalization
of the technique for texture segmentation is described in
section 4.

Let C(q) : [0, 1] → R2 be a parametrized curve, and let
I : [0, a] × [0, b] → R+ be the given image. Let E(r) :
[0,∞[→ R+ be an inverse edge detector, so that E ap-
proaches zero when r approaches infinity. Visually, E
should represent the edges in the image. Minimizing the
energy functional proposed in the classical snakes is gen-
eralized to finding a geodesic curve in a Riemannian space
by minimizing:

LR =
∫

E(|∇I(C(q))|) |C′(q)|dq. (1)

We may see this term as a weighted length of a curve,
where the Euclidean length element is weighted by
E(|∇I(C(q))|). The latter contains information regarding
the boundaries within the image. The resultant evolution
equation is the gradient descent flow:

∂C(t)
∂t

= E(|∇I|)kN − (∇E · N) N, (2)

where k denotes curvature.
If we now define a function U , so that C =

((x, y)|U(x, y) = 0), we may use the Osher-Sethian Level-

Sets approach [16] and replace the evolution equation for
the curve C, with an evolution equation for the embedding
function U :

∂U(t)
∂t

= |∇U |Div
(

E(|∇I|) ∇U

|∇U |
)

. (3)

A popular choice for the stopping function E(|∇I|) is given
by:

E(|∇I|) =
1

1 + |∇I|2 ,

however, other image-specific functions may be used.

III. Feature Space and Gabor Transform

The Gabor scheme and Gabor filters have been studied
by numerous researchers in the context of image represen-
tation, texture segmentation and image retrieval. A Gabor
filter centered at the 2D frequency coordinates (U, V ) has
the general form of:

h(x, y) = g(x′, y′) exp(2πi(Ux + V y)) (4)

where

(x′, y′) = (x cos(φ) + y sin(φ),−x sin(φ) + y cos(φ)), (5)

g(x, y) =
1

2πσ2
exp

(
− x2

2λ2σ2
− y2

2σ2

)
, (6)

λ is the aspect ratio between x and y scales, σ is the scale
parameter, and the major axis of the Gaussian is oriented
at angle φ relative to the x-axis and to the modulating
sinewave gratings.

Accordingly, the Fourier transform of the Gabor function
is:

H(u, v) = exp
(
−2π2σ2((u′ − U ′)2λ2 + (v′ − V ′)2)

)
(7)

where, (u′, v′) and (U ′, V ′) are rotated frequency coordi-
nates. Thus, H(u, v) is a bandpass Gaussian with its mi-
nor axis oriented at angle φ from the u-axis, and the radial
center frequency f is defined by : f =

√
U2 + V 2, with

orientation θ = arctan(V/U). Since maximal resolution in
orientation is desirable, the filters whose sinewave gratings
are cooriented with the major axis of the modulating Gaus-
sian are usually considered (φ = θ and λ > 1), and the Ga-
bor filter is reduced to: h(x, y, f) = g(x′, y′)exp(2πifx′).

It is possible to generate Gabor-Morlet wavelets from a
single mother-Gabor-wavelet by transformations such as:
translations, rotations and dilations. We also use different
frequency values and generate, in this way, a set of filters
for a known number of scales, S, orientations K and fre-
quencies F. We obtain the following filters for a discrete
subset of transformations: hlmn(x, y) = a−mh( x′

am , y′

am , fl),
where (x′, y′) are the spatial coordinates rotated by πn

K ,
m = 0...S − 1 and fl is the frequency.

The feature space of an image is obtained by the inner
product of this set of Gabor filters with the image:

Wlmn(x, y) = Rlmn(x, y)+iJlmn(x, y) = I(x, y)∗hlmn(x, y).
(8)



IV. Application of geodesic snakes to the

Gaborian feature space of images

The geodesic snakes mechanism is applied in the Gabor
spatial feature space of images by generalizing the inverse
edge indicator function E, which attracts in turn the evolv-
ing curve towards the boundary. A special feature of our
approach is the metric introduced in the Gabor space, and
used as the building block for the stopping function E in
the geodesic active contours scheme.

It has already been suggested to view images and im-
age feature space as Riemannian manifolds embedded in a
higher dimensional space [22]. For example, a gray scale
image is a 2D Riemannian manifold, with (x, y) as local co-
ordinates, embedded in R3 with (X,Y,Z) as local coordi-
nates. The embedding map is (X = x, Y = y, Z = I(x, y)),
and we write it, by abuse of notations, as (x, y, I). When we
consider feature spaces of images, e.g. color space, statisti-
cal moments space, and the Gaborian space, we may view
the image-feature information as a N -dimensional mani-
fold embedded in a N + M dimensional space, where N
stands for the number of local parameters needed to in-
dex the space of interest and M is the number of feature
coordinates. For example, we may view the Gabor trans-
formed image as a 2D manifold with local coordinates (x, y)
embedded in a 7D feature space. The embedding map is
(x, y,R(x, y), J(x, y)θ(x, y), σ(x, y), f(x, y)), where R and J
are the real and imaginary parts of the Gabor transformed
image, and θ, σ and f are the direction, scale and frequency
for which a maximal response has been achieved.

A basic concept in the context of Riemannian manifolds
is distance. Consider a two-dimensional manifold Σ with
local coordinates (σ1, σ2). Since the local coordinates are
curvilinear, the distance is calculated using a positive defi-
nite symmetric bilinear form called the metric whose com-
ponents are denoted by gµν(σ1, σ2):

ds2 = gµνdσµdσν , (9)

where we used the Einstein summation convention : el-
ements with identical superscripts and subscripts are
summed over.

The metric on the image manifold is derived using a pro-
cedure known as pullback. The manifold’s metric is then
used for various geometrical flows. We shortly review the
pullback mechanism. More detailed information can be
found in [22].

Let X : Σ → M be an embedding of Σ in M , where M is
a Riemannian manifold with a metric hij and Σ is another
Riemannian manifold. We can use the knowledge of the
metric on M and the map X to construct the metric on Σ.
This pullback procedure is as follows:

(gµν)Σ(σ1, σ2) = hij(X(σ1, σ2))
∂Xi

∂σµ

∂Xj

∂σν
, (10)

where we used the Einstein summation convention, i, j =
1, . . . , dim(M), and σ1, σ2 are the local coordinates on the
manifold Σ.

If we pull back the metric of a 2D image manifold from
the Euclidean embedding space (x,y,I) we get:

(gµν(x, y)) =
(

1 + I2
x IxIy

IxIy 1 + I2
y

)
. (11)

The determinant of gµν yields the expression : 1+Ix
2+Iy

2.
Thus, we can rewrite the expression for the stopping term
E in the geodesic snakes mechanism as follows:

E(|∇I|) =
1

1 + |∇I|2 =
1

det(gµν)
.

We may interpret the Gabor transform of an image as a
function assigning to each pixel’s coordinates, scale, orien-
tation and frequency, a value (W). Next, we get the scale,
orientation and frequency for which we have received the
maximum amplitude of the transform for each pixel. Thus,
for each pixel, we obtain: Wmax, the maximum value of the
transform, θmax, σmax and fmax – the orientation, scale
and frequency that yielded this maximum value. This ap-
proach results in a 2D manifold (with local coordinates
(x, y)) embedded in a 7D space (with local coordinates
(x, y,R(x, y), J(x, y), θ(x, y), σ(x, y), f(x, y)). If we use the
pullback mechanism described above we get the following
metric:

gµν =
(

1 +
∑

wia(i)2x
∑

wia(i)xa(i)y∑
wia(i)xa(i)y 1 +

∑
wia(i)2y

)
, (12)

where i indexes the relevant Gabor features a(i), and wi

accounts for the different scales of each Gabor feature. We
use the fact that the determinant of the metric is a positive
definite edge indicator to determine E as the inverse of the
determinant of gµν (see [17] for a similar use in color).

V. Smoothing the Gabor feature space using the

Beltrami flow

In the previous section we have described how the Gabor
feature space can be treated as a 2D manifold embedded
in 7D space. We have used a maximum criterion to ob-
tain a single orientation, scale and frequency for each pixel
location. However, this information does not always well
represent the textural information and is sensitive to lo-
cal variations in the texture characteristics. Therefore, the
resultant Gabor features can be quite noisy. Also, some
random noise can deteriorate the resultant data. Our aim
is to reduce the amount of noise in the Gaborian features
and obtain a smoother function to be used in the geodesic
snakes mechanism. Denoising may be applied to each Ga-
borian feature separately, as was already shown in [18].
In this study we explore the possibility of coupling infor-
mation from several Gabor features into a single diffusion
scheme and to achieve better diffusion results comparing to
the same procedure applied to each of the features, scale,
orientation or frequency separately.

We define an energy functional which minimizes an area
element,

√
gdxdy, of the features manifold

S(x, y,R, J, σ, θ, f) =
∫ √

g(a(i)x, a(i)ydxdy (13)



where g is the determinant of the metric of the
Gabor feature manifold, which is given in gen-
eral for any number of features, a(i) - in this
case (x, y,R(x, y), J(x, y), θ(x, y), σ(x, y), f(x, y)) - each
weighted by wi by equation 12.

The combination
√

gdxdy, an area element of the Gabor
features manifold, is the term that forces smoothing as the
features field reduces its overall area when it flows towards
the optimal solution. The resultant gradient descent pro-
cess is the Beltrami flow for each Gaborian feature. Let a
represent one of the Gaborian features, than according to
the Euler-Lagrange method:

δS

δa
= −div

(∇a(g)
2
√

g

)
, (14)

where
∇a(g) = (

∂g

∂ax
,

∂g

∂ay
). (15)

According to the steepest descent method the evolution
equations are:

at = − 1√
g

δS

δa
. (16)

We obtain a set of coupled evolution equations. The up-
date of the values of R, J, σ, θ, f is done at the end of each
iteration.

VI. Results and discussion

We use the Beltrami flow to smooth the Gabo-
rian features (R, J, θ, σ, f) which are treated as a
2D manifold (x, y) embedded in 7D Euclidean space,
(x, y,R, J, θ, σ, f). Following the denoising phase, we can
use (R(x, y), J(x, y), θ(x, y), σ(x, y), f(x, y)) as the input to
the geodesic snakes algorithm. Geodesic snakes is an effi-
cient geometric flow scheme for boundary detection, where
the initial conditions include an arbitrary function U which
implicitly represents the curve, and a stopping term E
which contains the information regarding the boundaries in
the image. We generalize the definition of gradients, usu-
ally considered in the context of intensity gradients over
(x, y) to other possible gradients in scale, orientation and
frequency. This gradient information is the input function
E to the newly generalized geodesic snakes flow.

In the example the test image is of a zebra (figure 1). The
resultant boundary when all the Gabor features are taken
into account (figure 2) is better than the boundary obtained
when only the orientation information is used (figure 3).
This is because each Gabor component, scale, orientation
or frequency captures another part of the boundary to be
detected. Diffusing all the Gabor features using the met-
ric of the 7-dimensional manifold, results in a enhancing
boundaries which are manifested in several Gabor features
and attenuating boundaries which are present in only one
or only a few Gabor features.

As can be seen, using the metric when all features are
considered leads to better segmentation results than the
one obtained when the metric used depends on one pa-
rameter only. Currently, we apply the porcupine approach

suggested in [11] in order to obtain a more robust orienta-
tion diffusion.
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Fig. 1. The original image is of a zebra.
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Fig. 2. The resultant boundary when the gradient information from
all Gabor features is integrated.

Fig. 3. The resultant boundary when only the information from the
orientation feature is accounted for.


