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Abstract.  We investigate texture classi cation from single imagesobtained under
unknown viewpoint and illumination. A statistical approach is developed where
textures are modelled by the joint probabilit y distribution of Iter responses.This
distribution is represerted by the frequency histogram of Iter response cluster
certres (textons). Recognition proceedsfrom single, uncalibrated images and the
novelty here is that rotationally invariant lters are used and the Iter response
spaceis low dimensional.

Classi cation performance is compared with the Iter banks and methods of
Leung and Malik [IJCV 2001],Schmid [CVPR 2001]and Cula and Dana [IJCV 2004]
and it is demonstrated that superior performance is achieved here. Classi cation
results are preserted for all 61 materials in the Columbia-Utrecht texture database.

We also discussthe e ects of various parameters on our classi cation algorithm {
such asthe choice of Iter bank and rotational invariance, the size of the texton dic-
tionary aswell asthe number of training imagesused. Finally, we presert a method
of reliably measuring relativ e orientation co-occurrence statistics in a rotationally
invariant manner, and discusswhether incorporating such information can enhance
the classi er's performance.

Keyw ords: material classication, 3D textures, textons, lter banks, rotation in-
variance

1. Intro duction

In this paper, we investigate the problem of classifying materials from
their imaged appearance,without imposing any constraints on, or re-
quiring any a priori knowledge of, the viewing or illumination con-
ditions under which these imageswere obtained. Classifying textures
from single imagesunder sudch general conditions is a very demanding
task.

A texture image is primarily a function of the following variables:
the texture surface, its albedo, the illumination, the cameraand its
viewing position. Even if we were to keep the rst two parameters
xed, i.e. photograph exactly the same patch of texture every time,
minor changesin the other parameterscan leadto dramatic changesin
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Figure 1. The changein imaged appearanceof the sametexture (Plaster B, texture
# 30 from the Columbia-Utrecht database) with variation in imaging conditions.
Top row: constant viewing angle and varying illumination. Bottom row: constant
illumination and varying viewing angle. There is a considerable di erence in the
appearanceacrossimages.

the resultant image (see gure 1). This causesa large variability in the
imaged appearanceof a texture and dealing with it successfullyis one
of the main tasks of any classi cation algorithm. Another factor which
comesinto play is that, quite often, two textures when photographed
under very di erent imaging conditions can appear to be quite similar,
asis illustrated by gure 2. It is a combination of both these factors
which makesthe texture classi cation problem so hard.

A statistical learning approac to the problem is developed and in-
vestigatedin this paper. Texturesare modelled by the joint distribution
of Iter responses.This distribution is represerned by texton (cluster
certre) frequencies,and textons and texture models are learnt from
training images. Classi cation of a novel image proceedsby mapping
the image to a texton distribution and comparing this distribution to
the learnt models. As sudh, this procedureis quite standard (Leung and
Malik, 2001), but the originality comesin at two points: rst, texton

Figure 2. Small inter classvariations betweentextures can make the problem harder
still. In the top row, the rst and the fourth image are of the same texture while
all the other images, even though they look similar, belong to dierent classes.
Similarly, in the bottom row, the images appear similar and yet there are three
dierent texture classespresert.
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clustering is in a very low dimensional spaceand is also rotationally
invariant. The secondinnovation is to classify textures from single
imageswhile represerting ead texture classby a small set of models.

Our approac is most closely related to those of Leung and Ma-
lik (Leung and Malik, 2001), Schmid (Schmid, 2001) and Cula and
Dana (Cula and Dana, 2004). Leung and Malik's method is not ro-
tationally invariant and requires as input a set of registered images
acquiredunder a (implicitly) known setof imaging conditions. Sdmid's
approad is rotationally invariant but the invarianceis achievedin a dif-
ferent mannerto ours, and texton clustering is in a higher dimensional
space.Cula and Dana classify from single images, but the method is
not rotationally invariant and their algorithm for model selectiondi ers
from the one deweloped in this paper. These points are discussedin
more detail subsequetly.

The paper is organisedas follows: in section 2, the basic classi ca-
tion algorithm is developed within a rotationally invariant framework.
The clustering, learning and classi cation steps of the algorithm are
described, and the performanceof four lter setsis compared.The sets
include those usedby Scmid (Schmid, 2001), Leung and Malik (Leung
and Malik, 2001),and two rotationally invariant setsbasedon maximal
Iter responses.In section 3, methods are developed which minimise
the number of models usedto characterisethe various texture classes.
Section 4 then dealswith various modi cations and generalisationsof
the basic algorithm. In particular, the e ect of the choice of texton
dictionary and training imagesupon the classi er is investigated. Fi-
nally, the issue of whether information is lost by using only the rst
order statistics of rotationally invariant Iter responsesis discussed.A
method for reliably measuringthe relative orientation co-occurrenceof
textons is presered in order to incorporate secondorder statistics into
the classi cation scheme.

All experiments are carried out on the Columbia-Utrecht (CUReT)
database (Dana et al., 1999), the same database used by (Cula and
Dana, 2004;Leung and Malik, 2001). It is demonstratedthat the clas-
si er dewveloped here achieves performance superior to that of (Cula
and Dana, 2004) and (Leung and Malik, 2001), while requiring only
a singleimage as input and with no information (implicit or explicit)
about the illumination and viewing conditions. The CUReT database
contains 61 textures, and ead texture has 205 imagesobtained under
di erent viewing and illumination conditions. The variety of textures
in this databaseis shovn in gure 3. Results are reported for all 61
textures. A preliminary version of these results appeared in (Varma
and Zisserman,2002).
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Figure 3. Textures from the Columbia-Utrecht database.All imagesare converted to
monochrome in this work, so colour is not usedin discriminating di erent textures.

1.1. Backgr ound

Most of the early work on material classi cation tendedto view texture
as albedo variation on a at surface { thereby ignoring all surface
normal e ects which play a major role when imaging conditions vary.
Recertly, howewer, focus has been placed on these surface normal, or
3D, eects. Chantler et al. (Chantler et al.,, 2002a; Chantler et al.,
2000; Chantler et al., 2002b) and Penirscthke et al. (Penirschke et al.,
2002) have studied the e ect of changein illumination on textures and
have developed photometric stereobasedclassi cation algorithms.

Dana et al. (Dana et al., 1999), realising the needfor a large texture
database which captured the variation of imaged appearanceswith
change in viewpoint and illumination, created the Columbia-Utrecht
(CUReT) database.Dana and Nayar (Dana and Nayar, 1998;Dana and
Nayar, 1999) developed parametric models basedon surfaceroughness
and correlation lengths which were tested on sampletextures from the
CUReT database. However, no signi cant classi cation results were
preseried.
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Leung and Malik (Leung and Malik, 2001) were amongst the rst
to seriously tackle the problem of classifying textures under varying
viewpoint and illumination. In particular, they made an important
innovation by giving an operational de nition of atexton. They de ned
a 2D texton as a cluster certre in lter responsespace.This not only
enabledtextons to be generatedautomatically from an image, but also
openedup the possibility of a universal set of textons for all images.To
compensatefor 3D e ects, they proposed3D textons which werecluster
certres of Iter responsesover a stack of imageswith represertativ e
viewpoints and lighting. In the learning stage of their classi cation
algorithm, 20 imagesof ead texture were geometrically registeredand
mapped to a 48 dimensional Iter responsespace.The registration was
necessarybecausethe clustering that de ned the texton was in the
stacked 20 48 = 960 dimensional space(i.e. the textons were 960-
vectors), and it was important that ead Iter be applied at the same
texture surface point as camera poseand illumination varied. In the
classi cation stage,20 novel imagesof the sametexture were preseried.
However, theseimagesalso had to be registeredand more signi cantly
had to have the sameorder asthe original 20 (i.e. they had to be taken
from imageswith similar viewpoint and illumination to the original).
In essencethe viewpoint and lighting werebeing supplied implicitly by
this ordering. Leung and Malik alsodevelopedan MCMC algorithm for
classifying a single image under known imaging conditions. Howewer,
the classi cation accuracy of this method was not as good as that
achieved by the multiple image method.

Cula and Dana (Cula and Dana, 2004) preseried an algorithm based
on Leung and Malik's framework but capable of classifying single im-
ageswithout requiring any a priori information. Using much the same
Iter bank as Leung and Malik, they showved how to achieve results
comparableto (Leung and Malik, 2001)but using 2D textons generated
from single imagesinstead of registeredimage stadks. We comparethe
performanceof our algorithm with theirs in section 3.

Suenand Healy (Suenand Healey 2000) used correlation functions
acrossmultiple colour bandsto determine basistextures for ead tex-
ture class.They assumedthat, for every texture image picked from a
givenclass,the correlation function for that imagecould be represened
as a linear combination of the basis texture correlation functions of
that class.A nearestneighbour classi er employing the sum of squared
di erences metric wasused.The number of basisimagesfor a particular
texture classalsoprovided information about the dimensionality of that
class. The main drawbad of their algorithm was its heavy reliance
on colour rather than purely on texture. While colour provides a very
strong cuefor discrimination, it canalsobe misleadingdueto the colour
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constancy problem (Funt et al., 1998). The classi er deweloped in this
paper doesnot usecolour information at all but rather normalisesthe
imagesand lter responsessoasto adhieve partial invarianceto changes
in illuminant intensity.

2. The Basic Algorithm

Weak classi cation algorithms basedon the statistical distribution of
Iter responseshave been particularly successfulof late (Cula and
Dana, 2004;Konishi and Yuille, 2000;Leung and Malik, 2001;Scmid,
2001).Our classi cation algorithm too is onesud and, asis customary
amongstweak classi ers, is divided into a learning stageand a classi -
cation stage.In the learning stage,training imagesare cornvolved with
a Iter bank to generate Iter responses(see gure 4). Exemplar Iter

responsesare chosenas textons (via K-Means clustering (Duda et al.,
2001)) and are used to label ead lter response, and thereby every
pixel, in the training images. The histogram of texton frequenciesis
then usedto form models corresponding to the training images (see
gure 5). In the classi cation stage,the sameprocedureis followed to
build the histogram corresponding to the novelimage. This histogram is

Figure 4. Learning stage |: Generating the texton dictionary . Multiple, un-
registered images from the training set of a particular texture class are convolved
with a lter bank. The resultant Iter responsesare aggregatedand clustered into
textons using the K-Means algorithm. Textons from dierent texture classesare
combined to form the texton dictionary .
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N

Figure 5. Learning stage Il: Mo del generation . Given a training image, its
corresponding model is generated by rst convolving it with a Iter bank and then
labelling eadh Iter responsewith the texton which lies closestto it in lter response
space. The histogram of textons, i.e. the frequency with which ead texton occurs
in the labelling, forms the model corresponding to the training image.

then comparedwith the modelslearnt during training and is classi ed
on the basis of the comparison (see gure 6). A nearest neighbour
classi er is used and the 2 statistic employed to measuredistances.
The histograms should be normalised to sum to unity, but this is not
required in our caseas all training and testing imageshave the same
number of pixels.

XZ Models of Plastic

Novel Image Model

Models of Grass

Figure 6. Classication stage. A novelimageis classi ed by forming its histogram
and then using a nearest neighbour classi er to pick the closestmodel to it (in the

2 sense).The novel image is declared as belonging to the texture classof the closest
model.
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In the following subsections,we describe the Iters and algorithmic
stepsin more detail. Classi cation results are preseried on the CUReT
database, and compared with those of Leung and Malik (Leung and
Malik, 2001)and Cula and Dana (Cula and Dana, 2004).

2.1. Rot ationall vy invariant fil ters

In this subsection, we introduce the rotationally invariant Iter sets
that are used in the classication algorithm. We also describe two
other lter setsthat will be usedin classi cation comparisonsin sub-
section2.4. The aspectsof interest are the dimensionof the Iter space,
and whether the lter setis rotationally invariant or not.

The four lter setsthat will be comparedare: those of Leung and
Malik (Leung and Malik, 2001) which are not rotationally invariant;
those of Schmid (Schmid, 2001) which are; and two reduced sets of
Iters basedon using the maximum response (which are again rota-
tionally invariant). Filter sets will be assessedy their classication
performanceusing textons clustered in their responsespaces.

2.1.1. The Leung-Malik (LM) set

The LM setconsistsof 48 lters, partitioned asfollows: rst and second
derivatives of Gaussiansat 6 orientations and 3 scalesmaking a total
of 36; 8 Laplacian of Gaussian lters; and 4 Gaussians.The scale of
the lters rangebetween = 1and = 10 pixels. They are shown in
gure 7.

Figure 7. The LM Iter bank has a mix of edge, bar and spot lters at multiple
scalesand orientations. It has a total of 48 lters - 2 Gaussian derivative lters at
6 orientations and 3 scales,8 Laplacian of Gaussian Iters and 4 Gaussian lters.

2.1.2. The Schmid (S) set
The S set consistsof 13 rotationally invariant Iters of the form

(2

F(r; ; )=Fo( ; )+ cos ' e 22
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whereFg( ; ) is addedto obtain a zeroDC componert with the ( ; )
pair taking values(2,1), (4,1), (4,2), (6,1), (6,2), (6,3), (8,1), (8,2), (8,3),
(10,1), (10,2), (10,3) and (10,4). The lters are shovn in gure 8. As
can be seenall the lters have rotational symmetry.

Figure 8. The S lIter bank is rotationally invariant and has 13 isotropic, \Ga-
bor-like" lters.

2.1.3. The Maximum Resmnse (MR) sets

The MR8 lter bank consistsof 38 Iters but only 8 Iter responses.The
Iter bank contains lters at multiple orientations but their outputs are
\collapsed" by recording only the maximum Iter responseacrossall
orientations. This achievesrotation invariance.The lter bankis shown
in gure 9 and consists of a Gaussianand a Laplacian of Gaussian
both with = 10 pixels (these lters have rotational symmetry), an
edge Iter at 3 scales( x, y)=1(1,3), (2,6), (4,12)g and a bar lter at
the same 3 scales.The latter two Iters are oriented and, asin LM,
occur at 6 orientations at ead scale. Measuring only the maximum
response acrossorientations reducesthe number of responsesfrom 38
(6 orientations at 3 scalesfor 2 oriented lters, plus 2 isotropic) to 8 (3
scalesfor 2 lters, plus 2 isotropic).

Figure 9. The MR8 Iter bank consists of 2 anisotropic lters (an edgeand a bar
Iter, at 6 orientations and 3 scales),and 2 rotationally symmetric ones(a Gaussian
and a Laplacian of Gaussian). However only 8 Iter responsesare recorded by taking,
at ead scale,the maximal response of the anisotropic Iters acrossall orientations.



10 Varma and Zisserman

The MR4 lter bank is a subsetof the MR8 Iter bank where the

oriented edge and bar lters occur at a single xed scale( x = 4,
y = 12).

The motivation for introducing theseMR lters setsis twofold. The
rst is to overcomethe limitations of traditional rotationally invariant
Iters which do not respond strongly to oriented image patchesand thus
do not provide good features for anisotropic textures. Howewer, since
the MR setscontain both isotropic lters aswell as anisotropic lters
at multiple orientations they are expected to generate good features
for all types of textures. Additionally, unlike traditional rotationally
invariant Iters, the MR setsare also able to record the angle of maxi-
mum response. This enablesus to compute higher order co-occurrence
statistics on orientation and sucd statistics may prove usefulin discrim-
inating textures which appearto be very similar. We return to this in
subsection4.2.

The secondmotivation arisesout of a concernabout the dimension-
ality of the lter responsespace.Quite apart from the extra processing
and computational costs involved, the higher the dimensionality, the
harder the clustering problem. In general, not only doesthe number
of cluster certres neededto cover the spacerise dramatically, so does
the amount of training data required to reliably estimate ead cluster
certre. This is mitigated to someextent by the fact that texture features
are sparseand can lie in lower dimensional subspaces.However, the
presenceof noiseand the di cult y in nding and projecting onto these
lower dimensional subspacescan counter these factors. Therefore, it
is expected that the MR Iter banks should generatemore signi cant
textons not only becauseof improved clustering in a lower dimensional
spacebut also becauserotated features are correctly mapped to the
sametexton.

2.2. Pre-pr ocessing

The following pre-processingstepsare applied before going aheadwith
any learning or classi cation.

First, beforecornvolving with any of the lter banks,a certral 200
200 texture region is cropped and retained from every image and the
extraneousbadkground data discarded. All processingis done on these
cropped regions and they are cornverted to grey scale and intensity
normalised to have zero mean and unit standard deviation. This nor-
malisation givesinvarianceto global (i.e. acrossthe ertire region) a ne
transformations in the illumination intensity.

Second,all 4 Iter banksare L1 normalised sothat the responsesof
ead Iter lie roughly in the samerange.In more detail, ead Iter F; in
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the Iter bank is divided by kFik; sothat the Iter hasunit L; norm.
This helpsvector quartization, when using Euclidean distances,asthe
scaling for eat of the Iter response axesbecomesthe same (Malik
et al., 2001).

Third, following (Fowlkeset al., 2002; Malik et al., 2001) and moti-
vated by Weber's law, the lter responseat eat pixel x is (contrast)
normalised as

F(x) F(x)[log(1+ L(x)=0:03)]=L(x)
whereL (x) = kF(x)ks is the magnitude of the lter responsevector at
that pixel.

2.3. Textons by clustering

We now consider clustering the Iter responsesin order to generatea
texton dictionary. This dictionary will subsequetly be usedto de ne
texture modelsbasedon texton frequenciedearnt from training images.

() S Textons

(b) LM Textons

(c) MR8 Textons

Figure 10. The rst 100textons recovered from 20 training textures using 13 images
per texture: (a) S textons. (b) LM textons. (c) MR8 textons. Note that the LM
textons are not rotationally symmetric.
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For eadh Iter set, we adopt the following procedure for computing
a texton dictionary: A selection of 13 imagesis chosenrandomly for
ead texture (these imagessample the variations in illumination and
viewpoint), the lIter responsesover all these imagesare aggregated,
and 10 texton cluster certres computed using the standard K-Means
algorithm (Duda et al., 2001). The learnt textons for ead texture are
then collectedinto a single dictionary. For example, if there are 5 tex-
ture classesthen the dictionary will contain 50 textons. Examples of
the textons for the S,LM and MR8 lter banksare showvn in gure 10.

Our clustering task is considerably simpler than that of Leung and
Malik, and Cula and Dana (who use essetially the same Iter bank)
as we are able to cluster in low, 4 and 8, dimensional spaces.This
comparesto 13 dimensional for S, and 48 dimensional for LM (we are
not considering 3D textons at this point where the dimensionality is
960).

Concerningthe rotation properties of the LM and MR textons, con-
sider a texture and an (in plane) rotated version of the sametexture.
Corresponding featuresin the original and the rotated texture will map
to the samepoint in MR Iter space,but to dierent points in LM. It
is therefore expected that more signi cant clusters will be obtained in
the rotationally invariant case.Secondly for the LM Iter set, which
is not rotationally invariant, it would be expectedthat its textons can
not classify a rotated version of a texture unlessthe rotated versionis
included in the training set (both of these points are demonstrated in
gure 11).

Image LM Model MR Model LM Textons MR Textons
Figure 11. Classi cation of rotated textures. Two rotated images of Ribb ed Paper
have beentaken from the CUReT database (texture numbers 38 and 38B) and their
corresponding models generated using the LM and MR4 lIter banks. Note that the
MR models are very similar while the LM models are not. Therefore, in the caseof
MR, it is expectedthat by having oneimage presert in the training setthe other will
be classi ed correctly. However, this will not hold true for LM asits models are quite
dissimilar. Also note, that sincethe LM lter bank is not rotationally invariant, the
textons that are generated by the two imagesare rotated copiesof eat other while,
for MR, they are essetially the same.

This establishesthat there is an advantage in being rotationally
invariant asrotated versionsof the sametexture can be represerted by
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one histogram, while se\eral are required for the LM textons. Howe\er,
there is still the possibility that rotation invariance has the disadvan-
tage that two dierent textures (which are not rotationally related)
havethe samehistogram. We addressthis point next, wherewe compare
classi cation rates over a variety of textures.

2.4. Classifica tion Method and Comparison Resul ts

In this subsectionwe perform three experiments to assesgexture clas-
si cation rates over 92 imagesfor ead of 20, 40 and 61 texture classes
respectively. The rst experiment, where we classify images from 20
textures, correspondsto the setup employed by Cula and Dana (Cula
and Dana, 2004). The secondexperimert, where 40 textures are clas-
si ed, is modelled on the setup of Leung and Malik (Leung and Malik,
2001).In the third experimenrt, we classifyall 61 textures presert in the
Columbia-Utrecht database.The 92 imagesare selectedas follows: for
ead texture in the database,there are 118 imageswhere the viewing
angle  is lessthan 60 degrees.Out of these, only those 92 are chosen
for which a su cien tly large region could be cropped acrossall texture
classes.

Each experiment consistsof three stages:texton dictionary genera-
tion; model generation, where texture models are learnt from training
images;and, classi cation of novel images.The 92 imagesfor eat tex-
ture are partitioned into two, disjoint sets.Imagesin the rst (training)
setare usedfor dictionary and model generation, classi cation accuracy
is only assessean the 46 imagesfor eat texture in the second(test)
set.

Each of the 46 training imagesper texture de nes a model for that
class as follows: the image is mapped (vector quartized) to a texton
distribution (histogram). Thus, ead texture classis represerned by a
set of 46 histograms. An image from the test setis classi ed by forming
its histogram and then choosingthe closestmodel histogram learnt from
the training set. The distance function usedto de ne closestis the 2
statistic (Presset al., 1992).

In all three experiments we follow both (Cula and Dana, 2004)
and (Leung and Malik, 2001), and learn the texton dictionary from
20 textures (using the procedure outlined before in section 2.3). The
particular textures usedare specied in gure 7 of (Leung and Malik,
2001).

In the rst experiment, 20 novel textures are chosen(see gure 19a
in (Cula and Dana, 2004)for a list of the novel textures) and 20 46 =
920 novel imagesare classi ed in all. In the secondexperimert, the 40
textures speci ed in gure 7 of (Leung and Malik, 2001)are chosenand
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atotal of 40 46 = 1840novel imagesclassi ed. Finally, in the third
experiment, all 61 textures in the Columbia-Utrecht databaseare clas-
si ed using the sameprocedure. The results for all three experiments
are presened in table I.

# of texture classes

Iters 20 40 61
S 96.30% 95.27% 94.62%
LM 96.08% 93.75% 93.44%

MR4 94.13% 92.07% 90.73%
MR8 97.83% 96.41% 96.40%

Table I. Comparison of the classi cation rates for varying number of texture classes
for eadh of the four lter sets.In all cases,a dictionary of 200 textons learnt from
20 textures is used and there are 46 models per texture class.

2.4.1. Discussion

Two points are notable in theseresults. First, the MR8 and S lters
out perform the LM lters. This is a clear indicator that a rotationally
invariant description is not a disadvantage (i.e. saliert information
for classi cation is not lost). Second,the fact that MR8 does better
than Sand LM is also evidencethat it is detecting better features, for
both isotropic and anisotropic textures, and that clustering in a lower
dimensional spacecan be advantageous.The MR4 Iter bank losesout
becauseit only contains Iters at a single scaleand hencecan't extract
sudh rich features. What is also very encouragingwith theseresults is
that as the number of texture classesincreasesthere is only a small
decreasen the accuracy of the classi er.

3. Reducing the number of models

In this section, our objectiveis to reducethe number of training models
required to characterise ead texture class. In the previous section,
the number of models was the same as the number of training im-
ages(and in e ect (Leung and Malik, 2001) used 20 models/images
for every texture). Here, we want to reduce the number of models to
that appropriate for ead class,independert of the number of training
images.

One would expect that the number of dierent models that are
neededto characterisea texture is a function of how much the texture
changesin appearancewith imaging conditions, i.e. it is a function
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of the material properties of the texture. For example, if a texture is
isotropic then the e ect of varying the lighting azimuthal anglewill be
lesspronouncedthan for onethat is anisotropic. Thus, other parameters
(such asrelief pro le) being equal, fewer models would be required for
the isotropic texture (than the anisotropic) to cover the changesdue
to lighting variation. This is demonstratedin gure 12.

Figure 12. Models per texture: The top row shows four imagesof the sametexture,
Ribb ed Paper, photographed under di erent viewing and lighting conditions. The
images look very dierent. The bottom row shows images of Rough Paper taken
under the same conditions as the images in the rst row. These images don't
di er so markedly becausethe texture doesn't exhibit surface normal e ects. The
consequenceis that fewer models are required to represert Rough Paper over all
viewpoints and lighting than for Ribbed Paper.

Howewer, if we are selecting models for the expresspurposeof clas-
si cation, then another parameter, the inter classimage variation, also
becomesvery important in determining the number of models. For
example, even if a texture varies considerably with changing imaging
conditions it can be classi ed accurately using just a few modelsif all
the other textures look very dierent from it. Conversely if two tex-
tures look very similar then many modelsmay be neededto distinguish
betweenthem even if they do not shav much variation individually .

Broadly speaking, there are two major approacesto the problem
of model reduction. In the rst, various conceptsfrom the Machine
Learning literature can be usedto selecta subsetof the models while
maximising somecriteria of classi cation and generalisation. The sec-
ond approad is geometricand focuseson building descriptorsinvariant
to imaging conditions so asto reducethe number of models needed.
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3.1. Model selection

Many Machine Learning techniqueshave beendeveloped to reducethe
number of models in a classi cation algorithm. One of the simplest
examples(Duda et al., 2001), for a nearest neighbour classi er, is to

remove eath model for which all the neighbouring models belong to

the sameclass. This can be done safely as these models make no con-
tribution in determining the classi cation boundaries (as can be seen
from the Voronoi tessellation). However, in practise this hasoften been
found not to leadto a substartial reduction in the number of models. It

is also possibleto reducethe number of models by completely switch-
ing classi ers. For instance, Support Vector Machines (Cristianini and
Shave-Taylor, 2000; Hayman et al., 2004; Kim et al., 2002; Scholkopf
and Smola, 2002), and perhaps more appropriately Relevance Vector
Machines (Tipping, 2001), are both capableof reducing the number of
models while providing good generalisation.

In this subsection,we investigate two schemesfor model reduction
in a nearestneighbour classi er framework. Both these schemestake
into accourt the inter and intra classimage variation. Two types of
experiments are performed for either method. In the rst, models are
selectedonly from the training set and classi cation results reported
only on the test set. In the secondtype, the classi cation experiments
are modi ed slightly so as to maximise the total number of images
classi ed. Following (Cula and Dana, 2004), if only M models per
texture are used for training, then the rest of the 46 M training
imagesare addedto the 46 test imagessothat atotal of 92 M images
are classi ed per material. For example, when classifying 61 textures,
if only M = 10 models are used on averagethen a total of 82 images
per texture are classi ed giving a total of 82 61 = 5002test images.
This is done soasto be able to make accurate comparisonswith (Cula
and Dana, 2004). The texton dictionary usedin all experimerts is the
sameasthe onein the previous section and has 200 textons.

3.1.1. K-Medoid algorithm

Each histogram may be thought of as a point in IRN, where N is the
number of bins in the histogram, so that the models for a particular
texture classsimply consist of a set of points in IRN space.Given a
distance function betweentwo points, in our case 2, the set of points
corresponding to a texture's models may be clustered into represena-
tive certres, and the set of points then replacedby the certres. There
are many choicesthat can be made at this point, for example whether
to cluster only within a texture class, or to take into accourt other
classeswvhen clustering, or to cluster the histograms of all the training
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imagesirrespective of class(i.e. all the training imagestaken from all
the texture classes).Here we only investigate the last case.

The clustering is implemented using the K-Medoid algorithm. This is
a standard clustering algorithm (Kaufman and Rousseew, 1990)where
the update rule always moves the cluster certre to the nearest data
point in the cluster, but doesnot mergethe points asin the caseof the
more popular K-Means. The K-Means algorithm can only be applied
to points within a texture class.It can not be applied acrossclassesas
it mergesdata points and thus the resultant cluster certres can not be
identi ed uniquely with individual textures. This is not a problem with
the K-Medoid algorithm as the cluster certres are always data points
themseles. Table |1 lists the results of classifying 20 textures using the
four dierent Iter banks with K = 60;120 and 180, resulting in an
averageof 3;6 and 9 models per texture.

Average# of models per texture Average# of models per texture

lters 3 6 9 3 6 9
S 77.47% 86.05% 91.08% 75.87% 85.76% 90.65%
LM 75.28% 85.06% 89.52% 74.89% 85.22% 89.35%

MR4 71.07% 80.93% 86.39% 71.09% 81.85% 84.57%
MR8 77.08% 89.88% 93.55% 79.35% 89.57% 93.59%

a b

Table I1. Classi cation res(ul)ts for each of the four lter sets ere% the models are
automatically selectedby the K-Medoid algorithm. In (a), the training and test sets
are kept distinct while in (b) the imagesfrom the training setwhich are not selected
as models are added to the test set and classi ed. Both types of experiments give
very similar results, even though many more images have to be classi ed correctly
in (b) to achieve the same performance as in (a). In all casesa dictionary of 200
textons is used and there are 20 textures being classi ed.

For MRS, the classi cation rate with 9 K-Medoid selectedmodels
pertexture is almost asgood asthe 97.83%obtained using all 46 models
(seecolumn 1 in table I). In the rst type of experiment (table I1a) an
accuracyof 93.55%is achieved while the secondtype (table 11b) obtains
an accuracy of 93.59%while classifying many more test images. How-
ever, clustering doeshave the disadvantage that very similar modelsare
aggregatedinto a single cluster evenif they comefrom di erent texture
classesSimilarly, many clusters certres, rather than just one, might be
usedto represen modelswhich are spreadapart even if they belongto
the sametexture class.Both these shortcomings can be overcome by
using a greedy algorithm which prunesthe list of models on the basis
of classi cation boundaries.
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3.1.2. Greedy algorithm

An alternative to the K-Medoid clustering algorithm is a greedy al-
gorithm, based on the post-processing step of the reduced nearest
neighbour rule (Gates, 1972; Toussairt, 2002), designedto maximise
the classi cation accuracywhile minimising the number of modelsused.
The algorithm is initialised by setting the number of models equal to
the number of training imagesavailable. Then, at ead iteration step,
one model is discarded. This model is chosento be the one for which
the classi cation accuracy decreaseshe leastwhenit is dropped. This
iteration is repeated untii no more models are left. Note that while
the algorithm is constrained to select models only from the training
set, classi cation performanceis being assessemn the test set. This
emulatesthe setup of (Cula and Dana, 2004)wherethe model reduction
algorithm has accesdo both training and test imagesfor ead texture
class and should therefore facilitate a faithful comparison with their
work. However, it must be emphasisedthat in real world classi cation,
the test set is not available for inspection to the training set and in
sudh situations it is preferable to subdivide the training set further
into model learning and validation sets.

Average# of models per texture Average# of models per texture

lters 3 6 9 3 6 9
S 88.80% 96.30% 96.30% 88.37% 97.21% 98.01%
LM 87.28% 96.09% 96.20% 86.69% 95.99% 97.83%

MR4 85.22% 94.02% 94.24% 85.00% 93.66% 96.39%
MR8 93.70% 97.83% 97.83% 90.28% 98.14% 98.80%

a b
Table I11. Classi cation ra(te)s for each of the four lter sets wh(er)1 the models are
automatically selectedby the Greedy algorithm. In (a), the test set is kept distinct
by not adding discarded modelsto it while in (b) the discarded models are added to
the test set and classi ed. A dictionary of 200 textons is usedin all casesand there
are 20 textures being classi ed.

Table I11 lists the results of classifying 20 textures using the four
dierent Iter banks.lt isvery interesting to note that the classi cation
accuracy obtained using 9 models can actually be better than that
obtained using all 46 models(seecolumn 1in table I). In table Illa, this
implies that using a fewer number of models can improve performance
and that the greedy algorithm is good at rejecting noisy or outlier
models. In table I1lb, this also indicates that most of the training
imagesbeing added to the test set are being classi ed correctly.
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Figure 13 shows the resultant classi cation accuracy versus num-
ber of models for the four lter banks when classifying 20; 40 and 61
textures. For MR8, a very respectable classi cation rate of over 97%
correct is achieved using on an averageonly 9 models per texture, even
when all 61 classesare included. Figure 14 shows the 9 textures that
were assignedthe most models as well as the 9 textures that were
assignedthe least models while classifying all 61 textures.

20 Textures

40 Textures 61 Textures

100

100

Classification accuracy %

< s < s < s
> LM ( > LM > LM
[ MR4 ) O MR4 It O MR4
O MR8 O MR8 Es O MR8
70 . n n 70 . . n T 2oL . . : T
2 a 6 8 2 a 6 8 10 2 4 6 8 10

Models per texture Models per texture Models per texture

Figure 13. Classi cation rates for models selected by the Greedy algorithm for 20,
40 and 61 textures. In these experiments, the images from the training set which
were not selectedas models were added to the test set, asin table I11b. The general
ordering of the curves,in terms of decreasingclassi cation performance, is MR8, S,
LM and MR4. The trend is much the same even below 2 models per texture class
though the graphs have been truncated for visualisation purposes.However, the
ordering can sometimes change as is seenin the casewhile classifying 40 textures
when LM slips below MR4 at between 2 and 4 models.

3.1.3. Discussion

The results for both the K-Medoid and the Greedy algorithms, while
usingthe MR8 Iter bank, comparevery favourably with thosereported
in (Cula and Dana, 2004) and (Leung and Malik, 2001). In the case
wherethere are 20textures to be classi ed, the K-Medoid algorithm has
a classi cation accuracy of 93.59% while using, on average, 9 models
per texture classwhile the Greedy algorithm achieves an accuracy of
98.80%.In contrast, for the same 20 textures, Cula and Dana obtain
a classi cation rate of 71% while using 8 models per texture class(by
taking the most signi c ant image from ead texture and using a mani-
fold merging procedure). This increasesmarginally to 72%if 11 models
are used per texture (see gure 19b and table 4 in (Cula and Dana,
2004)). Note that the comparison is not exact since we classify only
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Figure 14. Models selectedby the Greedy algorithm while classifying all 61 textures:
The top row shows the 9 texture classes,and the corresponding number of models,
that were assignedthe most number of models by the Greedy algorithm while the
bottom row shows the 9 classesthat were assignedthe least number of models.
Moving from left to right, the textures and the number of models assignedto it
are: Articial grass(17), Sandpaper (15), Velvet (13), Plaster B (13), Rug A (13),
Terrycloth (12), Aluminium Foil (12), Quarry Tile (12), White Bread (12), Lettuce
Leaf (4), Sponge (4), Cracker A (3), Peacak Feather (3), Corn Husk (3), Straw (3),
Painted Spheres(3), Roof Shingle (3) and Limestone (2).

92 9= 83imagesper texture classascomparedto the 156 f8;11g
classied by Cula and Dana. Hence, (Cula and Dana, 2004) classify
many more images, some of which might be quite hard to categorise
correctly becauseof the oblique viewing angle.

Nevertheless, there is a signi cant level of di erence between the
performanceof the K-Medoid and the Greedy algorithms on one hand
and the manifold method of (Cula and Dana, 2004) on the other. This
is primarily dueto the fact that the methods developed here take into
accourt both the inter classvariation, aswell asintra classvariation.
The models that Cula and Dana learn are general models and not
geared speci cally towards classi cation. They ignore the inter class
variability between textures and concerrate only on the intra class
variabilit y. The modelsfor a texture are selectedby rst projecting all
the training and test imagesinto a low dimensional spaceusing PCA.
A manifold is tted to these projected points, and then reduced by
systematically discarding those points which leasta ect the \shape" of
the manifold. The points which are left in the end correspond to the
model imagesthat de ne the texture. Sincethe models for a texture
are chosenin isolation from the other textures, their algorithm ignores
the inter classvariation betweentextures.

For 40 textures, Leung and Malik report an accuracyrate of 95.6%
for classifying multiple (20) imagesusing, in e ect, 20 models per tex-
ture class.For single image classi cation under known imaging condi-
tions, using 4 models per texture classresultsin a drop in the accuracy
rate to 87% (as computed for 5 test images per texture). The MR8
Iter bank achieves95.6%accuracyon the sametextures usingonly 5.9
models per texture, and furthermore achieves 98.06% accuracy using,
on average,8.25 models per texture.
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3.2. Pose normalisa tion

In this subsection we discuss some geometric approades to model
reduction. In theory, these approaces are valid only in the absence
of 3D e ects, i.e. for planar textures where illumination doesnot play
a major role, and where a 3D rotation and translation of the texture is
equivalent to ana ne transformation of its image. However, in practise,
these methods are quite robust.

The fundamertal idea is to incorporate somelevel of geometric in-
variance into a model. This will ultimately allow us to be invariant
to changesin the camera viewpoint and thereby reduce the number
of models required to characterise a texture. The use of rotationally
invariant lIters is already a rst stepin this direction but the problem
of scalestill needsto be resolved (we are ignoring perspective e ects
for the momert). One approac could be to extend the MR setsto
take the maximum responsenot only over all orientations but over all
scalesor over all ane transformations of the basic Iter, but that
is not investigated here. Instead we investigate the method of pose
normalisation.

In (Scha alitzky and Zisserman, 2001) it was demonstrated that,
provided a texture has su cien t directional variation, it can be pose
normalised by maximising the isotropy of its gradient secondmomert
matrix (a method originally suggestedin (Lindeberg and Garding,
1994)). The method is applicable in the absenceof 3D texture e ects.
Here we investigateif this normalisation can be usedto at least reduce
the e ects of changing viewpoint, and henceprovide tighter clusters of
the Iter responses,or better still reducethe number of models needed
to accourt for viewpoint change.

In detalil, if the normalisation is successfulthen for moderate changes
in the viewing angle, two suc \p osenormalised" imagesof the same
texture should dier from ead other by only a similarity transfor-
mation. If there are no major 3D scale e ects, the responsesof a
rotationally invariant lter bank (MR or S) to theseimagesshould be
much the same.A preliminary investigation shows that this is indeed
the casefor suitable textures.

Figure 15 shaws results for two textures - Plaster A and Rough
Plastic. Twelve images of ead texture are selectedto have similar
photometric appearance (i.e. constart illumination conditions), but
monotonically varying viewing angle. The graph shovsthe 2 distance
between the texton histogram of one of the images (selected as the
model image) and the rest, beforeand after posenormalisation. As can
beseenthe 2 distanceis reducedfor the posenormalisedimages.This
in turn translates to better classi cation aswell. On experiments on 4
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textures, using the same 12 image set and one model per texture, the
classi cation rate increasedfrom 81.81%before posenormalization to
93.18%afterwards.
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Figure 15. The e ect of posenormalisation on a set of 12 images for two textures:
Rough Plastic and Plaster A. The 12 images have been sorted according to in-
creasing viewing angle and this is represerted on the X axis. The Y axis is the 2
distance betweenthe model image and the givenimage. The posenormalised images
consistertly have a reduced 2 distance which translates into better classi cation.

One drawbadk of this method is that the proposed hormalisation
is global rather than local. Not only would local normalisation be
more robust but it would also allow the method to be extended to
textures which are not globally planar but which can be approximated
asbeinglocally planar. Realisingthis, (Lazebnik et al., 2003b;Lazebnik
et al., 2003a) proposedalternative methods of generating local, a ne
invariant, texture features.In their framework, certain interest regions
are rst detected in texture images using the Laplacian and Harris
detectors. Each of these regions is then scale and pose normalised
locally. Spin imagesare then used instead of Iter banks to generate
rotationally invariant featuresfor ead region. Their results are very en-
couragingthough no direct comparisonis possibleastheir experimernts
are not carried out on the CUReT database. One point of concern
howewer, is the reliance on the detection of blob like interest regionsas
there exist many textures which do not exhibit such markings.
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4. Generalisations

In this section, we investigate the various generalisations and mod-
i cations that can be made to the basic classi cation algorithm. In
subsection 4.1, we study the e ect of some of the more important
parameters on our classier. In particular, the e ect of the choice of
texton dictionary and training imagesis investigated. We also look
at how scaling the imagesimpacts performance. Finally, the issue of
whether information is lost by using just the rst order statistics of
rotationally invariant Iter responsesis discussedin section 4.2. A
method for reliably measuringrelativ e orientation texton co-occurrence
is preserted in order to incorporate secondorder statistics into the
classi cation scheme.

4.1. Algorithm  parameter varia tions and the issue of scale

In this subsection,various parameters of the algorithm are varied and
the e ect on the classi cation performance determined. We rst cal-
culate a bendimark classi cation rate and then vary the imagesin
the training set and also the size of the texton dictionary to seehow
performanceis a ected.

For the bendmark case the texton dictionary is built by learning 10
textons from ead of the 61 textures (using the proceduredescribed in
subsection2.3) to have a total of 610textons. The 46 training images
per texture from which the models will be generated are chosen by
selectingevery alternate imagefrom the set of 92 available. Under these
conditions, the MR8 Iter bank acdhieves a classi cation accuracy of
96.93%using 46 models per texture for all 61 textures. On running the
greedy algorithm the classi cation accuracy increasesto 98.3% using,
on average,only 8 modelsper texture. This de nes the benchmark rate.

We now investigatethe e ect of choiceof textons on the classi cation
performance.First we reducethe number of textons by learning 10 tex-
tons from only 31 randomly chosentextures to get a dictionary of 310
textons, and then repeat the experiment of section2. The classi cation
rate decreasedonly slightly from the bendimark to 98.19%.

The number of textons in the dictionary can be further reducedby
merging textons which lie very closeto ead other in lter response
space.The texton dictionary can be pruned down from 310to 100 by
selecting 80 of the most distinct textons (i.e. those textons that didn't
have any other textons lying closeby) and then running K-Means, with
K = 20, on the rest. This procedure entailed another slight decrease
in the classi cation accuracy to 97.38%. These results indicate that
the pruned dictionaries are still universal (Leung and Malik, 2001),i.e.
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texton primitiv eslearnt from somerandomly chosentexture classescan
be usedto successfullycharacterise other classesas well.

We now increasethe size of the texton dictionary to seeif classi ca-
tion improvesaccordingly. Table IV givesa summary of the results. The
best performanceis obtained with a dictionary of 2440 textons when
the classi cation accuracyis 97.43%using 46 models per texture. On
running the greedyalgorithm, the number of modelsusedis reducedto,
on average,7.14 per texture. If the unusedtraining imagesare added
to the test set, the classi cation rate improvesto 98.61%.

Esserially we are comparing di erent represerations of the joint
probability distribution of lter responsesn terms of their classi cation
performance.A setof textons canbethought of asadaptively partition-
ing the spaceof Iter responsesinto bins (determined by the Voronoi
diagram) and a histogram of texton frequenciescan be equatedto a
probability distribution over lter responses(Varma and Zisserman,
2005). In sudch a situation, the number of bins should not be too few
otherwise the approximation to the true PDF will be poor nor should
there be too many bins soasto prevent over- tting.

Number of Before Greedy After Greedy
Textons Classi cation  Models Classication Models
1220 97.11% 46 98.43% 7.56
1830 97.18% 46 98.49% 7.26
2440 97.43% 46 98.61% 7.14
3050 97.32% 46 98.57% 7.41

Table IV. The e ect of increasing the size of the texton dictionary while classifying
all 61 textures from the CUReT database.

As can be seenin table IV there is a point beyond which increasing
the number of textons actually decreasesperformance as the data is
now being over tted. This can be usedto automatically select the
appropriate number of textons for a given problem by partitioning the
data into a training and validation set and then choosing the texton
dictionary which maximisesclassi cation on the validation set.

We now turn to the choice of training images.It could be argued
that the results presened here are biased as the training set has been
chosenby including every alternate image from the set of 92 available
per texture. We addressthis issueby repeating the classi cation exper-
iment but with the training imageschosenrandomly. The dictionary of
2440textons generatedpreviously is usedand the experimernt repeated
50,000times. Figure 16 shows the distribution of classi cation results
when 46 imageswere chosenrandomly from every texture classto form
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Training images Classi cation Statistics
per texture Mean STD Min Max
46 97.28% 0.316% 95.72% 98.40%
23 94.22% 0.456% 91.97% 95.82%
12 89.02% 0.679% 85.92% 91.84%
6 80.67% 0.986% 76.46% 84.50%
3 69.70% 1.373% 63.90% 75.52%

Table V. Classi cation statistics when the training images were chosen randomly.
A dictionary of 2440 textons was used and all 61 textures were classied. In eadh
case,the statistics were gathered over 50,000 runs of the classi cation experiment.

the training set while table V provides a summary of the results for
varying sizesof the training set. The meanclassi cation accuracywhen
the 46 models were chosenrandomly was 97.28%which is very similar
to the 97.43%obtained when the 46 imageswere chosenby including
ewvery alternate image. This shaws that our experimental setup is not
biasedand that we are not over tting to the data.

In summary, the bestclassi cation rate achieved, while classifyingall
61 textures, was 98.61%obtained when 2440textons were usedand the
worst rate was 97.38%when only 100 textons were used. Theseresults
are listed in table VI. We can therefore concludethat our algorithm is

0.045

0.025

0.02

0.015

0.01

0.005

0

96 96.5 97 97.5 98

Figure 16. The distribution of classi cation percertages when 46 training images
are chosenrandomly per texture from the set of 92 available. The experiment was
run 50,000 times with a dictionary of 2440 textons and all 61 materials in the
CUReT database were classi ed. The mean classi cation accuracy was 97.28% with
a standard deviation of 0.316%. The maximum was 98.4% and the minimum was
95.72%.
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robust and relatively insensitive to the choice of training image setand
texton vocabulary with the classi cation rate not being a ected much
by changesin these parameters.

Number of Before Greedy After Greedy
Textons Classication  Models Classication Models
Worst 100 95.32% 46 97.38% 9.83
Benchmark 610 96.93% 46 98.30% 8.00
Best 2440 97.43% 46 98.61% 7.14

Table VI. Benchmark, worst and best caseresults for varying parameters of the
classi cation algorithm.

Finally, a word about scale.lt may be of concernthat the MR4 lter
bank doesnot have lters at multiple scalesand hencewill be unable
to handle scale changessuccessfully To test this, 25 imagesfrom 14
texture classeswere arti cially scaled,both up and down, by a factor
of 3. The classi cation experiment was repeated using the original,
normal sized, Iter banks and texton dictionaries. We found that as
long as models from the scaledimages were included as part of the
texture classde nition, classi cation accuracywasvirtually una ected
and classi cation rates of over 97%wereachieved. Howewer, if the choice
of modelswasrestricted to those drawn from the original sizedimages,
then the classi cation rate droppedto 17%.It is evidert from this that
lter bank and texton vocabulary are sucient, and it is the model
that must be extended (see gure 17).

(a) (b) (©)
Figure 17. Scalingthe data results in new models: The histogram of texton labellings
of (a) the original image (b) the image scaledup by a factor of 3 and (c) the image
scaleddown by a factor of 3. All three models are substantially di erent indicating
that the model must be extended.

4.2. Orient ation co-occurrence

The classi cation scheme, up to this stage, has only used informa-
tion about rst order texton statistics (i.e. their frequency and not a
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measureof their co-occurrence). However, recert researd into texture
driven content-based image retrieval (Schmid, 2001) has shown that a
hierarchical system which usesco-occurrenceof textons over a spatial
neighbourhood can lead to good results. Therefore, in this subsection,
we investigate whether incorporating suc secondorder statistics can
improve classi cation performanceon the CUReT database.

As was seenin the previous subsection,classi cation on the basisof
texton frequency information alone is already very good and rates of
over 97%can be achieved. What is alsointeresting is that, of the images
that were misclassi ed, the correct texture classwas ranked within the
top 5 most of the times. Figure 18 shawvs how similar one of the mis-
classi ed novel imagesis to both the top ranked, but incorrect, texture
model and the secondranked, but correct, model. Sincethe MR8 lter
bank is rotationally invariant, there is the possibility that someof these
misclassi cations are due to two di erent texture classeswhich are not
rotationally related, being mapped to the sametexton frequencydistri-
bution. Therefore, we focus on the guestion of whether incorporating
secondorder texton statistics, in the form of co-accurrence of angles,
canimprove classi cation (though the method developed hereis general
and can also be applied to spatial co-occurrence).

(a) (b) (c)
Figure 18. Misclassi cations: (a) is an image of Arti cial Grasstaken from the test
set which was misclassi ed as (b) Pebbles. The next closest model image to (a) is
(c) which belongsto the correct texture class- Articial Grass. The misclassi ed
novel image is perceptually quite similar to both the correct and the incorrect model
images.

4.2.1. Reliably measuring a relative orientation co-occurrence statistic
Given a texton in an image labelling, the objective is to measurethe
relative angle of occurrence of surrounding textons, that lie within a
circular neighbourhood, with respect to the given texton. Certain dif-
culties have to be overcomein order to reliably measurethis relative
angle co-occurrence. Firstly, the angles of occurrence of the textons
have to be measuredrobustly. Convertionally, working in a match lter

paradigm, the orientation of a feature (such as an edgeor a bar) is
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Figure 19. Determining the orientation of image features: The top row shows images
of 3 textures (a) Corduroy, (b) Rough Plastic and (c) Frosted Glass, with a high-
lighted certral image patch which is matched with an edge Iter at all orientations.
The magnitude of the lter responseversusthe orientation is plotted in the bottom
row. As can be seen:(a) is a strongly oriented texture having a single direction and
therefore its Iter responseis uni-modal; (b) the texture contains edgesalong several
directions and this is re ected in its lter response;(c) the texture is isotropic and
the features have no speci c orientation. Plots (b) and (c) show that de ning the
orientation of a feature to be the angle at which the maximal Iter responseoccurs
can be unstable.

determined to be the angle of maximum responseof a lter designedto
match that feature. However, features can occur at multiple anglesat
the samepoint and, assud, it is dicult to assignthem a particular
orientation (see gure 19). For instance, an edge Iter will have a maxi-
mal responseat two orientations when matching a corner and choosing
one edgeorientation over the other will lead to instabilities. Note that
these instabilities do not aect the MR represertation becauseonly
the value of the response (not its angle) is signi cant | if the same
value occurs at two orientations the orientation corresponding to the
maximum responseis unstable, but the maximum responseis not. Here
we usethe orientated lter (of MR8) that hasthe maximum response
to determine the orientation.
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Returning to relative orientation, a robust represenation can be
obtained if the magnitude of the Iter response at ead angle (nor-
malised sothat the sum of magnitudes squaredover all anglesis unity)
is treated as a con dence measurein the feature occurring at that
orientation. Thus, in our case,this normalised magnitude vector will be
a 6 vector represetting the con dence that the given feature occurs at
the 6 anglescorresponding to the orientations presert in the MR8 Iter
bank (though a richer represertation can be obtained using approxi-
mated steerablekernelsand interpolation (Perona,1992)). The relative
anglesbetweentwo features, which is invariant to rotation, cannow be
calculated by computing the cross-correlationbetweentheir normalised
magnitude vectors. Given a certral texton, we can compute the fre-
guency with which other textons occur at various relative anglesto it
by forming the sum of the cross-correlationsbetween the normalised
magnitude vectors of the certral texton and the surrounding textons.
Essettially, this is computing (via soft binning) the count of how many
times a neighbouring texton occursat a given anglerelative to the cen-
tral texton. To maintain rotational invariance,the surrounding textons
comefrom a circular neighbourhood with a prede ned radius, certred
around the given texton.

4.2.2. Extending the classi cation algorithm

Now that a co-occurrence6-vector can be assaiated with ewvery texton

in an image labelling, the classi cation algorithm can be extendedto

usethe joint distribution of Iter responsesand co-occurrencevectors.
Just as lter responseswere clustered into Iter responsetextons in

section 2.3, co-occurrencevectors can be clusteredto nd exemplarsas
well, and a dictionary of co-occurrencevector textons can be formed.
Textons from this dictionary can be usedto label the co-occurrence
vectorsfor a givenimage. The model for atraining imagethen becomes
the joint histogram of the frequency of occurrence of Iter response
textons and co-occurrencevector textons. Thus,amodelisan K, Kgy
matrix M where K, is the number of Iter responsetextons and K ¢y
is the number of co-occurrencevector textons. Each entry Mjj in this

matrix represerts the probability of Iter responsetexton Ky, and
orientation co-occurrencetexton K, occurring togetherin the training

image. This is somewhat similar to the co-occurrence represenation

of (Schmid, 2001). To classify a novel image, its joint histogram is built

and is then comparedto all the models using 2 over all elemers of
the M matrix. Thus, the essenceof the classi er remains the same,
the only extensionis that joint distribution of lter responseand co-
occurrence textons are used rather than just the histogram of lIter
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responsetextons. Hence,we get to add extra information and yet retain
all the bene ts of our existing classi cation stheme.

4.2.3. Experimental Setup and Results

The orientation co-occurrencetexton dictionary is created by cluster-
ing the co-accurrencevectors (calculated for a particular radius of the
circular neighbourhood) from the sameset of 13 training images per
texture that wereusedto generatethe lter responsetexton dictionary.
The Iter responsesand co-occurrence vectors of the training images
are then labelled using the two texton dictionaries. Finally, the models
are built by forming the frequencies,in the Ky, K, texton space,of
the joint occurrenceof the Iter responsetextons and the orientation
co-occurrencetextons.

Obviously, the choice of K¢, and K¢, is important as K¢, Ky
equalsthe number of bins and therefore determineshow accurately the
joint PDF is approximated. Howewer, we cannot chooseK, = 610as
had been done previously, becausethe number of bins becomestoo
large and we start over-tting the data (seetable VI (a)-(c)). A lower
value, such asK¢, = 30, was found to be more appropriate. Table VI 1
(d)-(f) lists the classi cation results obtained for various values of the
radius when K, is also set to 30. The performance, using the joint
represertation, is better than using just 30 Iter responsetextons or
just 30 co-occurrencevector textons. Though it is worsethan if 900 lter

610 FR 610 CV 610 610 30FR 30 CVv 30 30
Radius Textons Textons Joint Textons | Textons Textons Joint Textons
() (b) () (d) (e) ()
01 96.86% 74.51% 88.02% 92.94% 63.93% 95.22%
02 96.75% 68.13% 85.28% 92.62% 60.08% 94.72%
05 96.86%  65.39% 85.88% 92.87% 54.84% 94.15%
10 96.65% 61.26% 85.13% 92.23%  48.68% 93.33%

Table VII. Classi cation results for all 61 textures using 46 models per texture when
orientation co-occurrence information is incorporated into the classi cation scheme.
(a) classication accuracy if only 610 Iter response(FR) textons are usedto label
imagesand build models. There are minor variations in the classi cation rate asthe
number of points available for labelling changeswith the radius. (b) classi cation
accuracy if only 610 co-occurrence vector (CV) textons are used. (c) classi cation
rate if the joint distribution is used. The results are poor asthere are too many bins
and the data is being over tted. The next three columns have the same format
except now both the texton dictionaries have been pruned to 30 textons ead. The
joint classi cation rate improvesand is better than either of the marginals, though
it is still not as good asthat obtained by just using 900 FR textons.
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responsetextons were usedwithout any co-occurrence.|f the radius is
kept xed and K, varied then the performance of the joint represen-
tation, predictably, rst increasesreachesa maximum and then falls
(though in no caseis it ever able to surpassthe performanceachieved
using an equivalent number of Iter responsetextons alone).

Theseresults indicate, that at least for this dataset, the density of
Iter responsetextons is the best measureof discrimination and that
orientation co-occurrencedoesnot help much in classi cation (similar
results were found for spatial co-occurrence as well). They also con-
rm that rotational invarianceis advantageousand that no signi cant
information is being lost in this caseby using a rotationally invariant
lter bank.

5. Conclusions

In this paper, we have tackled the problem of texture classication
and have demonstrated how single imagescan be classi ed using a few
models without requiring any information about their imaging con-
ditions. This is a substartial improvemert over previous work which
required multiple images obtained under known conditions. We have
also introduced rotationally invariant, low dimensional, maximum re-
sponse lter banks which were shavn to have superior performance
as compared to traditional Iters due to enhancedfeature detection
and clustering. Moreover, we presenied two novel methods for reduc-
ing the number of models neededto characterise textures and again
demonstrated their superiority over existing algorithms. It was also
shawvn that the proposedclassi cation schemeis robust to the choice
of training imagesand texton dictionaries. Finally, we concluded that
even though the classi er can be extended by incorporating second
order statistics this does not lead to an improvemert in the overall
classi cation. This implies that using only the frequency distribution
of textons is su cien t and that no signi cant information is being lost
by employing rotationally invariant lter banks for this database.
This researt hasbene ted greatly from the availabilit y of the Columbia-

Utrecht database.The CUReT databaseis a considerableimprovemert
over the previously usedBrodatz collection (Brodatz, 1966), though it
alsohassomelimitations. Its main advantagesare that it hasmany real
world textures photographed under varying image conditions, and the
e ects of specularities, shadaving and other surfacenormal variations
are evidert. The limitations of the CUReT databaseare mainly in the
way the imageshave beenphotographedand the choice of textures. For
the former, there is no signi cant scalechangefor most of the textures
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and limited in-plane rotation. As regards choice of texture, the most
serious drawbadk is that multiple instances of the same texture are
presert for only a very few of the materials, so intra-class variation
cannot be investigated. Hence, it is di cult to make generalisations.
The time is now right for a yet more demanding database which
overcomesthe above limitations, and alsoincludesnon-planar surfaces.
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