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In this report, we propose a novel and e ient approa h for a tive
unsurpervised texture segmentation. First, we show how we an extra t a small set
of good features for texture segmentation based on the stru ture tensor and nonlinear
diusion. Then, we propose a variational framework that allows to in orporate these
features in a level set based unsupervised segmentation pro ess that adaptively takes
into a ount their estimated statisti al information inside and outside the region to
segment. Unlike features obtained by Gabor lters, our approa h naturally leads to
a signi antly redu ed number of feature hannels. Thus, the supervised part of a
texture segmentation algorithm, where the hoi e of good feature hannels has to be
learned in advan e, an be omitted, and we get an e ient solution for unsupervised
texture segmentation. The a tual segmentation pro ess based on the new features
is an a tive and adaptative ontour model that estimates dynami ally probability
density fun tions inside and outside a region and produ es very onvin ing results.
It is implemented using a fast level set based a tive ontour te hnique and has been
tested on various real textured images. The performan e of the approa h is favorably
ompared to re ent studies.
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Segmentation a tive et non supervisée d'images
texturées à l'aide d'une diusion non linéaire du tenseur
de stru ture
Dans e rapport, nous proposons une nouvelle appro he pour la segmentation a tive d'images texturées. Tout d'abord, nous présentons une méthode
d'extra tion d'un nombre restreint de omposantes pour ara tériser l'information
de texture présente dans l'image à segmenter. Ce pro essus est basé sur le tenseur de
stru ture et la diusion non-linéaire. Ensuite, nous proposons un adre variationnel
an d'in orporer es diérentes ara térisitiques dans un pro essus de segmentation
adaptatif et non supervisé, basé sur les ensembles de niveaux. Contrairement aux
appro hes utilisant des ltres de Gabor pour extraire l'information texture, notre
appro he fournit naturellement un nombre réduit de omposantes. Ainsi, la partie
supervisée pour la segmentation d'images texturées, où le hoix des bonnes ara téristiques est issu d'un pro essus d'apprentissage, peut être évitée et nous obtenons
une solution e a e pour une segmentation non-supervisée d'images texturées. Basé
sur es nouvelles omposantes, nous proposons un pro essus de segmentation a tif
et adaptatif où les densités de probabilités à l'intérieur et a` l'extérieur du ontour
sont estimées de manière dynamique. Nous utilisons une te hnique rapide basée sur
les ensembles de niveaux pour la mise en oeuvre. Pour nir, mous présentons des
résultats de validation sur diverses images réelles et nous les omparons ave su ès
à eux obtenus à partir d'études ré entes.

Résumé :

Théorie des ourbes de niveaux, segmentation d'images texturées,
segmentation adaptative d'images, diusion non-linéaire, tenseur de stru ture.
Mots- lés :
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1 Introdu tion
In re ent time it has be ome very popular to use prior knowledge in the eld of image
segmentation. There are many te hniques proposed in the literature, some of them
in luding priors on the shape of obje ts [12, 6, 19℄, others, in the eld of texture
segmentation, use learned des riptive or generative models of textures in order to
retrieve them during the segmentation pro ess [16, 13℄. With no doubt the usage of
appropriate prior knowledge is very important for the ability to deal with di ult
image s enes. However, there is very few work so far on how to obtain this prior
knowledge automati ally. So far segmentation algorithms with the ability to handle
di ult image s enes need a supervised initialization step, where they are told the
right segmentations of a training set of images. It would be preferable to extra t
the prior knowledge automati ally from simpler image s enes, in order to use it in
su eeding s enes that are more di ult to deal with. This requires a powerful image
segmentation method that does not depend on prior knowledge, but an nevertheless
handle the whole set of possible obje ts as long as the s ene is not spoiled by lutter.
Basi ally su h a segmentation pro ess splits into two parts: The rst part is the
a quisition of suitable features that are powerful enough to dis riminate regions that
a human observer would des ribe as dierent. The se ond part models the statisti s
of these features and sear hes for a segmentation that ts best to this model.
Espe ially in the area of texture segmentation the literature does not agree so far,
how adequate features should be extra ted from the image. Mostly Gabor lters are
used [9, 16, 22, 21℄ but for example also the parameters of Markov Random Fields
[7℄ are quite popular. Gabor lters have the de isive drawba k that they indu e a lot
of redundan y and thus lots of feature hannels. This is not so mu h a problem for
supervised segmentation, as in this ase statisti s an be used to redu e the dimension of feature spa e, yet for unsupervised segmentation it is. An interesting work
that helps to solve this problem is that of Bigün et al. [4℄. They used the stru ture
tensor in order to dis riminate between textures. The advantage of their method is
that the stru ture tensor yields only three feature hannels for ea h s ale. However,
the Gaussian smoothing used for the stru ture tensor dislo ates the edges in feature
spa e leading to ina urate segmentation results. Brox and Wei kert [5℄ proposed a
nonlinear stru ture tensor based on nonlinear matrix-valued diusion that is able to
ta kle this problem. A very similar out ome is a hieved by the approa h of van den
Boomgaard and van de Weijer [24℄, who applied robust statisti s to orientation estimation. Our approa h is based on that in [5℄, yet we use a better adapted diusion
te hnique that also brings us ba k to ve tor-valued diusion. Sagiv et al. [21℄ also
apply ve tor-valued PDEs in order to smooth their feature hannels. However, their
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feature extra tion method based on Gabor lters is ompletely dierent from ours.
In Se tion 4 we will ompare the two approa hes to ea h other.
On e the orre t features are extra ted, a segmentation pro ess that a ounts for
these informations must be dened. Re ently, segmentation methods based on level
sets and variational formulations have been able to integrate dierent ues like boundary information [14℄, region information [16℄ and shape prior [12, 6, 19℄. The use of
level set fun tions to represent evolving urves gives many good properties to the
segmentation pro ess: the urve is represented impli itly, topologi al hanges are
naturally possible, it an be used in any dimension and e ient te hniques for numeri al implementation exist. Thus, we de ided to dene a method based on a tive
ontours using the level set representation. One key point of our method is the unsupervised aspe t: the information must be in orporated in the segmentation pro ess
without adding parti ular knowledge on the image. For this purpose, an adaptative
and a tive segmentation is proposed, following the idea of [18℄. The minimization
of the proposed energy gives the maximum a posteriori segmentation under some
hypotheses whi h an be made in our ase.
The remainder of this paper is organized as follows: In the next se tion we derive our
feature extra tion method from the stru ture tensor and nonlinear diusion. Se tion 3 then deals with the adaptive segmentation based on the extra ted features.
In Se tion 4 we show some results and ompare them to previous approa hes. The
paper is on luded by a brief summary.

2 Feature Extra tion
Our approa h to extra t the features is based on the lassi al stru
J

= K  (rI rI >) =




K Ix2
K Ix Iy




K Ix Iy
K Iy2

ture tensor [4, 8, 25℄

!

(1)

where K is a Gaussian kernel with standard deviation  and subs ripts denote partial derivatives. Obviously the stru ture tensor yields three feature hannels for ea h
s ale. In order to keep things simple, we will only onsider one s ale in this paper. One ould in orporate further s ales by adding additional feature hannels very
easily. Comparing the number of features obtained by the stru ture tensor to that
of Gabor lters reveals that the degree of freedom for the orientation known from
Gabor lters is repla ed by the smoothed versions of the image derivatives. It should
be noted that the image derivatives in lude the whole orientation information, so the
omponents of the stru ture tensor are as powerful for the dis rimination of dierent
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textures as a whole set of Gabor lters for a xed s ale.
The major problem of the lassi stru ture tensor is the dislo ation of edges due to
the smoothing with Gaussian kernels. This leads to ina urate segmentation results
near region boundaries. The basi idea in [5℄ to address this problem is the repla ement of the Gaussian smoothing by nonlinear diusion. We sti k to this idea but
enhan e the te hnique for its appli ation to texture segmentation.
Nonlinear diusion is based on the early work of Perona and Malik [17℄. The main
idea is to redu e the smoothing in the presen e of edges. The resulting diusion
equation is
t u = div (g (jruj)ru)
(2)
with u(t = 0) being the image I and g a de reasing fun tion.
So far this equation an only be used with s alar-valued data like a gray value image.
Gerig et al. [10℄ introdu ed a version of nonlinear diusion for ve tor-valued data
t ui

= div

g

N
X
k =1

!

jr j rui
uk 2

!

8i

(3)

where ui is an evolving ve tor hannel and N the total number of ve tor hannels.
Note that in this approa h all hannels are oupled by a joint diusivity, so an edge
in one hannel also inhibits smoothing in the others.
If we regard the omponents of a matrix as omponents of a ve tor, what is reasonable, sin e the Frobenius norm of a matrix equals the Eu lidean norm of the
resulting ve tor, it is possible to diuse a matrix, su h as the stru ture tensor, with
the above-mentioned s heme. This yields a version of a nonlinear stru ture tensor
that is a bit dierent from that mentioned in [5℄. The matrix-valued diusion in fa t
equals a s heme proposed by Ts humperlé and Deri he [23℄. Note that a ording
to Wei kert and Brox [26℄ the oupling of the hannels ensures the preservation of
semipositive deniteness.
A rather riti al issue is the appropriate hoi e of the diusivity fun tion g . For
the appli ation to texture features TV ow [20, 2, 15℄ seems to suit very well, sin e
it removes os illations and leads to pie ewise onstant results. This is very important, be ause the stru ture tensor ontains rst derivatives, whi h have very lo al
responses. The task of the smoothing pro ess is a tually to lose the areas between
these lo al phenomena while preserving the important edges. This is exa tly what
TV ow does. Furthermore, it has the ni e property of not ausing any additional

RR n° 4695

Rousson & Brox & Deri he

6

parameters. Sin e TV ow leads to numeri al problems when the gradient gets lose
to zero, it is ne essary to ir umvent this ase. This is mostly done by adding a small
positive onstant  to the gradient magnitude.

jruj) = jru1j + 

g(

(4)

We deviate a little from the a tual stru ture tensor by adding the image gray value,
whi h is ertainly a very important feature, to the feature ve tor. Furthermore, the
hannel based on Ix Iy appears only on e and not twi e, like in the stru ture tensor.
However, note that, although it seems as if its information was already present in
the other two hannels of the stru ture tensor, it ould not be negle ted, be ause
the sign was lost by squaring the derivatives. So, this hannel is very important to
ensure rotation invarian e.
Finally, our features are omputed by applying Eq.3 with initial onditions u1 = I ,
u2 = Ix2 , u3 = Iy2 , u4 = Ix Iy and the diusivity fun tion g (s) = 1=s.
For implementation we apply the AOS s heme, proposed in [27℄, that allows e ient
omputation of TV ow also for small . For  in the area of 0.001, where the
approximation of TV ow is mu h better than for larger  ausing less blurring
ee ts, the AOS s heme is around 4 orders of magnitude faster than a simple expli it
s heme.

3 Adaptive segmentation based on these features
3.1

Variational Formulation

In this arti le, we restri t our study to the ase of the segmentation into two textured
regions. Basi ally, it in ludes all the images where only one obje t is to be segmented.
Following [16℄, the image segmentation an be found by maximizing the a posteriori
partitioning probability p(P ( )jI ) where P ( ) = f 1 ; 2 g is a partition of the image
domain . Instead of the original image I , we use the ve tor-valued image u =
(u1 ; :::; u4 ) obtained by smoothing (I; Ix2 ; Iy2 ; Ix Iy ) with Eq.3. It has been shown
in [16℄ that su h an optimization is equivalent to an energy minimization. Two
hypotheses must be made: all the partitions are equally possible and the pixels
within ea h region are independent. Let p1 (u(x)) and p2 (u(x)) be the probability
density fun tions for the value u(x) to be in 1 and 2 respe tively. Let  be the
boundary between 1 and 2 , the segmentation an be found by minimizing the
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E( 1;

Z

2) =

1

Z

log p1 (u(x)) dx

2

log p2 (u(x)) dx

7

(5)

The main hallenges are to dene a family of pdf to modelize ea h region that an
be general enough to apture a wide range of images and to nd the minimum of
the energy. As we will see, too many parameters in the pdf approximation an
trap our variational approa h in lo al minima. This will push us to use a simplied
modelization.
3.2

Gaussian Approximation for all the

hannels

First, a general Gaussian approximation is used to model the information for ea h
region for all the four hannels. Sin e the image u is ve tor-valued, we have to deal
with ovarian e matri es. Let f1 ; 1 g and f2 ; 2 g be the ve tors'means and the
ovarian e matri es of the gaussian approximation in 1 and 2 . The probability of
u(x) to be in i is:
pi (u(x))

=

(2)2

1
jij1=2 e

1
1
T
2 (u(x) i ) i (u(x) i )

(6)

Therefore, the ve tors'mean and onvarian e matrix of ea h region are additional
unkown parameters that must be introdu ed in the energy (5).
Before minimizing this energy, we introdu e the level set representation. The level
set fun tion  is dened as:

(

= D(x;  );
(x) = D (x;  );
(x)

if x 2
if x 2

1

(7)

2

Furthermore, let H (z ) and Æ (z ) be regularized versions of the Heaviside and Dira
fun tions. Then, the energy (5) an be minimized with respe t to the whole set of
parameters f ; 1 ; 2 ; 1 ; 2 g using the following evolution equation (see [18℄ for
details):
t (x) = Æ ((x)) (log p1 (u(x)) log p2 (u(x)))
(8)
while the Gaussian parameters are updated at ea h iteration following:
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R
R
R u(x)i dx=
(i

i dx
u(x))(i u(x))T i dx=

R

i dx

(9)
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with



1 (z )
2 (z )

= H (z )
= 1 H(z )

A regularization onstraint on the length of 
nal evolution equation for :
t (x)

an be added, yielding the following

= Æ ((x)) ( div(r=jrj)
+ log p1 (u(x)) log p2 (u(x)))

(10)

Considering full ovarian e matri es leads to lots of unknown parameters. This an
result in multiple lo al minima and makes the energy minimization quite di ult.
Su h a situation is shown in Figure 1a where the urve stops before apturing one leg
of the zebra. If we further analyse the hannels depi ted in Figure 2, we an see that
the information in luded in ea h hannel is not that mu h orrelated. So, making
the hypothesis that the hannels are not orrelated, the pdf pi (u(x)) for i = f1; 2g
an be estimated using the joint density probability of ea h omponent:
pi (u(x))

= 4k=1 pk;i(uk (x))

(11)

This is equivalent to onsider a diagonal ovarian e matrix. With this new approximation the energy has only 8 unknown statisti al parameters for ea h region (4 for
the ve tors'mean and 4 for the ovarian e matrix) instead of 14 when a full ovarian e matrix is onsidered. Hen e, we obtain the favored result as shown in Figure
1b.

Figure 1: (a)

Left:

Result with full

.

(b)

Right:

Result with diagonal

.

INRIA

A tive Unsupervised Texture Segmentation on a Diusion Based Feature Spa e

9

Figure 2: Feature hannels u1 ; ::; u4 .

3.3

Non-Parametri

u1

Approximation for

The Gaussian approximation for the rst hannel, whi h orresponds to smoothed
version of the gray value image I (see the rst feature in Figure 2) does not seem to
suit very well. So for this hannel, an estimation of the pdf based on the histogram
should be preferred. Sin e we make the assumption that dierent hannels are not
orrelated, the pdf in ea h hannel an be estimated using dierent approa hes. As
in [11℄, we propose to use a ontinous version of the Parzen density for the rst
hannel. The probability of u1 (x) to be in i is given by:
p1;i (u1 (x))

=

1

Z

j ij

where the Gaussian kernel is g (z ) =

i

g (u1 (x)

p21 e

u1 (^
x)) dx
^

(12)

z2
2 2

Using the shape derivative tool in [3℄, we now dieren iate the following fun tional:
F(
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i
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u1 (^
x)) dx
^
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The shape derivative of this fun tional (see annex and [3℄ for details) is:
< F0

( i ); V >=

R 
i

+ j 1i j

R

log p1;i (u(x))
i

( ( ) (^)) dx^
(^)

g  u1 x u 1 x
p1;i x


(V:N )da(x)

(14)

Using the level set representation, it gives us a new evolution equation for :


(
(
))
t (x) = Æ ()  div(r=jrj) +
log p (u(x))
k;2
k=1
|
{z
}
usual term
9
 R
>
+Æ() j 11 j H () g (up11;(1x()u(^xu))1 (^x)) dx^ >
=

additional term
R
>
g (u1 (x) u1 (^
x))
1
>
(1
H
(

))
d
x
^
;

j 2j
p1;2 (u(^
x))


4
X

pk;1 u x

(15)

while Gaussian parameters for the hannels u2 ; u3 and u4 are updated at ea h iteration a ording to (9). In this new evolution equation an additional term appears due
to the rst hannel. Regarding the other terms of the equation, they are the same
as the ones obtained with gaussian approximation for all hannels when a diagonal
ovarian e matrix is onsidered.
By using this non-parametri representation to approximate the rst hannel information, experimental results are improved a lot, as an be seen in Figure 3. A tually,
the parametri estimation for the stru ture hannels is very robust and when it is
ombined with gray level information, the method an deal with a mu h larger range
of images, in parti ular with low-textured images.
3.4

Implementation remarks

To implement the evolution equation (15), we used an expli it s heme in time and
the urvature was estimated using the lassi al entered nite dieren e. The level
set was updated only in a small narrow band around its zero rossing. A very tiny
narrow band is su ient (we used a width of 12) sin e only lo al information is
important. Therefore, the size of the a tive area was relatively small, and it was
possible to reinitialize the level set fun tion to the distan e fun tion at ea h iteration
in reasonable time. We used the reinitialization method des ribed in [1℄ whi h limits
the displa ements of the zero level. For all the examples shown in the next se tion,
the same initialization and the same parameters were used. Small ir les were used
as initialization be ause even if the a tive region overs almost the whole image at
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Figure 3: (a) Left: Result with Gaussian approximation for ea h hannel. (b)
Right: Result with non-parametri approximation for the 1st hannel.

the beginning, the nal solution is rea hed after only few iterations (less than 30
iterations are mostly enough). But other initializations have also been tested and
the method seems very robust by giving the same result with dierent initializations.
Results from dierent initializations are shown in Figure 10.
Two parameters must be set, the regularization weight  and the parzen window size
 , we set it on e and for all:  = 0:5 and  = 5. We were able to get good results
on a wide range of textured images with these parameters.
Sin e we use an expli it s heme and so a small timestep, the se ond order terms in
(15) are negligibles and an be omitted. With this approximation the urve evolution
takes around ten se onds on 250x200 images and standard hardware. Also the feature
extra tion is quite e ient sin e we use the AOS s heme. The omputation time of
this part is also around ten se onds.

4 Results
We tested the performan e of our method with syntheti as well as real test images. The syntheti test images are omposed of textures from the Brodatz texture
database. The real images are from papers on texture segmentation that were published earlier, so they allow dire t omparison.
Figure 4a reveals our method to work quite ne with ommon textured images. Note
the average gray value between the two textured regions not to be too mu h dierent,
and there is also no dominant orientation for the ba kground texture. Also note that
the orre t way of smoothing the stru ture tensor (using Eq.3) is very important to
get su h good results. Figure 4b shows that the segmentation fails ompletely if the
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smoothing is omitted. A tually the smoothing is responsible for the fa t that the
three feature hannels based on the nonlinear stru ture tensor are able to outperform
a whole set of Gabor features. However, Figure 4 also shows the limitation that
was already mentioned in Se tion 2: If two textures an only be distinguished due
to their s ale, there is no possibility for the stru ture tensor of only one s ale to
separate the regions. Note that this problem ould be xed very easily by adding
the features of a stru ture tensor of dierent s ale. However, it is also interesting
that one has to onstru t very spe ial ases to make the stru ture tensor of only one
s ale to fail ompletely.

Figure 4: (a) Left: Result for a syntheti test image with smoothed features using
Eq.3. (b) Center: Segmentation fails if the feature hannels are not smoothed. ( )
Right: Segmentation fails if texture only diers in s ale.
More interesting than the syntheti images are the real images. Figures 5 and 6 prove
our method to be fully ompetitive to re ent approa hes published in [11℄ and [22℄
(these results as well as the results extra ted from [16℄ and [21℄ are the ones shown
in the original arti les). Considering the results from the method in [21℄, where they
used smoothed features based on Gabor lters, our method uses less feature hannels
and ompares favourably. Figures 8 and 9 show that we an even improve the good
results obtained in [16℄ where a supervised s heme was used. Finally, Figure 11 illustrates the apabilities of our approa h on an other set of syntheti and natural images.
So obviously, our features based on the nonlinear stru ture tensor are very powerful
in dis riminating dierent textured regions, and our dynami modelling of the a tive
regions is able to in orporate the features in a way that enables the algorithm to
ope with real textured images. We also want to stress that our method is almost
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Figure 5: (a)

Top:

Result from [11℄. (b)

Bottom:

Our result.

Figure 6: (a)

Top:

Result from [22℄. (b)

Bottom:

Our result.
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free of parameters. The parameters that appear for the nonlinear diusion and the
a tive ontour are very robust and an be set to xed values. All our results have
been omputed with the same parameters. This property is very important for an
unsupervised approa h, be ause we think an approa h an a tually not be alled
unsupervised, if for ea h image someone has to gure out the right parameters rst.
We are also in the pro ess to apply our method to mu h more images.

5 Con lusions
In this paper two novel ideas were proposed and applied in order to ope with unsupervised texture segmentation. First, the idea of using the stru ture tensor for
feature extra tion was emphasized and a nonlinear version was shown to be ompet-
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Figure 7: (a)

Figure 8: (a)

Left:

Top:

Result from [21℄. (b)

Result from [16℄. (b)

Right:

Bottom:

Our result.

Our result.

itive or even superior to a whole set of Gabor features. Se ond, we have proposed
a new segmentation model based on a variational formulation and on the level representation. Starting from a general multi-dimensional Gaussian to approximate
region information of the feature hannels, we have simplied and spe ialized the
model so as to get a robust segmentation pro ess. The robustness of this approa h
allows to x all appearing parameters, so our te hnique is ompletely parameter free.
The omparison of our method to some re ent approa hes was very onvin ing. It
was possible to reprodu e or even improve the former results. Of ourse, there still
exist several examples where our method is not appropriate. One problem is aused
by textures that only dier in their s ale. Another limitation is given by the fa t
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Figure 9: Zoom on result (a)

Figure 10:
Bottom:

Left:

Result from [16℄. (b)

Right:

15

Our result.

(a) Top: Curve evolution with rst initialisation (wide re angle). (b)
Curve evolution with se ond initialisation (one small ir le).

that we only onsider two regions. Our future resear h will fo us on resolving these
problems.
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Figure 11: (a) Top: Curve evolution for a syntheti image omposed where the
regions have same means but dierent varian es. (b) Bottom: Curve evolution for
the wood image.

A Derivation details
To simplify the notations we note the (bounded and open) domain of integration
whi h is moving. A tually is either 1 or 2 , and will be the boundary of .
Using the shape derivative tool [3℄, we want to dieren iate the fun tional:
F(

)=

Z

1 Z
log

j j

We introdu e some notations:

R

g (u1 (x)

u1 (^
x)) dx
^



dx

(16)

R

G1 (x; )
R) dx = log G2( ) dx
with G1 (x; ) =
g (u1 (x) u1 (^
x)) dx
^
R
and G2 ( ) = j j =
dx
^

F(

)=

The Gâteaux derivative of F (
< F 0(

); V

f (x;

) in the dire

>==

R

Rfs(x;

tion of V (a ve tor eld) is:

f (x;

; V )dx
)(V (x):N (x))da(x)
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where fs (x; ; V ) is the shape derivative of f (x;
fs (x;

;V )

= fG1 < G01 (x; ); V

>

).
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This an be expressed as:

+fG2 < G02 ( ); V

>

Ea h term an be al ulated:
fG1 = 1=G1 ; fG2
< G01 (x; ); V >=
< G02 ( ); V >=

=R 1=G2
R g (u1 (x) u1(^x))(V (^x):N (^x)) dx^
(V (^x):N (^x)) dx^

Putting everything together we get the following shape derivative:
< F 0 ( ); V

>

=
+ j1j

R 
R

log p1 (u(x))

g (u1 (x) u1 (^
x))
p1 (u(^
x))

dx
^



(V (x):N (x)) dx

(17)

Note that this result ould be related to the one obtained in [11℄ through a dierent
approa h.
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