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Abstract

Theperformanceof a numberof texture feature opera-
tors is evaluated. The featuresare all basedon the local
spectrumwhich is obtainedby a bankof Gaborfilters. The
comparisonis madeusinga quantitativemethodwhich is
basedonFisher’scriterion. It is shownthat, in general, the
discriminationeffectivenessof the features increaseswith
theamountof post-Gaborprocessing.

1. Intr oduction

Featuresrelatedto the local spectrumhave beenpro-
posedin the literatureandusedin oneway or anotherfor
the purposeof texture classificationand/orsegmentation.
In mostof thesestudiestherelationto thelocalspectrumis
establishedthroughfeatureswhichareobtainedby filtering
with a setof two-dimensionalGaborfilters. Sucha filter is
linearandlocal andis characterisedby a preferredorienta-
tion andapreferredspatialfrequency. Roughlyspeaking,it
actsasa local band-passfilter with certainoptimaljoint lo-
calisationpropertiesin boththespatialdomainandthespa-
tial frequency domain[5]. Typically, a multi-channelfilter-
ing schemeis used:animageis filteredwith a setof Gabor
filters with differentpreferredorientationsandspatialfre-
quencies,which cover appropriatelythe spatialfrequency
domain,andthefeatureswhichareobtainedform a feature
vectorfield which is usedfurther.

Gaborfeaturevectorscanbeuseddirectly asinput to a
classificationor segmentationoperatoror they canfirst be
transformedinto new featurevectorswhicharethenusedas
suchaninput. In references[3, 7,18, 19], for example,pairs
of Gaborfeatures,which correspondto thesamepreferred
orientationandspatialfrequency but differ in the valueof
a phaseparameter, are combined,yielding the so-called
Gabor-energyquantity. In references[1, 16] so-calledcom-
plex momentsarederivedfrom Gaborfeatures.Finally, in
references[10, 11, 12, 15] so-calledgratingcell operator
featuresarecomputedusingGaborfeatures.

Sincethe type of ‘post-Gabor’processingin the above
mentionedmethodsis different,it is interestingto evaluate
the effect of the different typesof post-processingon the
usefulnessof theresultingfeaturesregardingtextureclassi-
fication.

At this point the questionarisesof how to measurethe
usefulnessof differentfeaturesin this respect.Severalau-
thorshave madea comparisonof theperformanceof vari-
ousoperatorsandfeaturesfor texturesegmentation.Most
of thesestudiesarebasedontheso-calledClassificationRe-
sult Comparison(CRC)[4]. In this methoda segmentation
algorithmis appliedto afeaturevectorfield andthenumber
of misclassifiedpixels is usedto evaluatethesegmentation
performanceandsuitabilityof thefeatures.

For aquantitativecomparisonof variouspost-Gaborpro-
cessingschemesand their relatedfeatureswe do not use
the CRC methodthat is usedin mostprevious studiesbe-
causethis methodcharacterisesthe joint performanceof a
featureoperatoranda subsequentclassifier. We ratheruse
a new methodwhich weproposedelsewhere[11, 12]. This
methodcanbeusedto comparethefeaturesonly, regardless
of any subsequentclassificationor segmentationoperations.
It is basedonastatisticalapproachtoevaluatethecapability
of a featureoperatorto discriminatetwo texturesby quan-
tifying the distancebetweenthe correspondingclustersof
pointsin thefeaturespaceaccordingto Fisher’scriterion.

The restof this paperis organisedas follows: in Sec-
tion 2 we review the linear Gabor filter. Various post-
processingoperatorsand featuresare introducedin Sec-
tion 3. The propertiesof theseoperatorswith respectto
textureclassificationarecomparedin Section4 in a series
of computationalexperiments.In Section5 we summarise
theresultsof thestudyanddraw conclusions.

2. Gabor filters

A numberof authorsuseda bankof Gaborfilters to ex-
tract local imagefeatures[3, 7, 18, 19]. An input image���������
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- thesetof imagepoints),is convolved
with a two-dimensionalGaborfunction � ��������	 , �������� ,



to obtaina Gaborfeatureimage� ��������	 asfollows:� ��������	������� �����
����	 � ���� !�
���" !��	 d� d� (1)

We usethefollowing family of Gaborfunctions:�$#&% '(% ) ��������	*�,+$-/.10�2 35476 3�8 2 3:93<; 3 =?>A@ �CB7D ��EFHGJI 	 (2)� E ��� =K>$@ML G � @�NPO�L� E �Q R� @�NPO�L G � =?>A@�L �
Thestandarddeviation S of theGaussianfactordetermines
the effective size of the surroundingof a pixel in which
weightedsummationtakes place. The eccentricityof the
Gaussianandherewith the eccentricityof the convolution
kernel� is determinedby theparameterT , calledthespatial
aspectratio. Thevalue T �VUXW Y is usedin our experiments
[15]. Sincethis value is constant,the parameterT is not
usedto index aGaborfilter in thefollowing.

a) b)

Figure 1. Two 2-dimensional Gabor functions
with the same standar d deviation S but with
diff erent values of the ratio Z # and conse-
quentl y diff erent pref erred spatial frequen-
cies and spatial frequenc y band widths.

Theparameter
F

is thewavelengthand [# thespatialfre-

quency of the harmonicfactor =?>A@ �CB7D]\ 2# G^I 	 . Sincethe
spatialfrequency tuningcurveof afilter with animpulsere-
sponse� hasamaximumat [# , wereferto [# asthepreferred
spatialfrequency of theGaborfilter. Theratio Z # determines
the spatial frequency bandwidthof the Gaborfilters (see
Figure1). The half-responsespatialfrequency bandwidth_

(in octaves)andtheratio Z # arerelatedasfollows:

_ ��` >&acb Z # D G,d e f bbZ # Dg d e f bb � S F �ihD"j ` O BBlk B$m G hB m  h (3)

TheangleparameterL ( L �on U���D�	 ) specifiestheorienta-
tion of thenormalto theparallelpositiveandnegativelobes
of theGaborfilters(thisnormalis theaxis

��E
in eq.2).Since

afilter basedonthefunction � will respondmoststronglyto
a bar, edgeor grating,thenormalto which coincideswithL , the orientationspecifiedby L is referredto in the fol-
lowing asthepreferredorientation.

Finally, theparameterI , whichis aphaseoffsetin thear-
gumentof theharmonicfactor =K>$@ �<BpD]\ 2# G^I 	 , determines

thesymmetryof the function �$#&% '(% ) ��������	 : for I �qU
andI �rD

it is symmetric,or even,with respectto the centre
point

��UX��UA	
; for I �s [b D and I � [b D , � #&% '(% ) ��������	 is

antisymmetric,or odd.

Figure 2. Power-spectra of two 2-dimensional
Gabor functions.

Figure2 showsthepowerspectraof two Gaborfunctions
with differentparametersettings. The light areasindicate
spatialfrequenciesandwavevectororientationswhich will
passthecorrespondingfilters. In this way Gaborfilters act
aslocalbandpassfilters.

3. Texture featuresbasedon Gabor filters

3.1. Linear Gabor features

Thefilter responsesthat resultfrom theapplicationof a
filter bankof Gaborfilters canbe useddirectly as texture
features,thoughnoneof theapproachesdescribedin thelit-
eratureemploys suchtexture features.In this study, linear
Gaborfeaturesareusedonly for comparison.In ourexper-
imentswe usedtwo filter banks,onewith symmetricand
onewith antisymmetricGaborfilters.

Theratio Z # which is used,is constant( Z # �,UXW Y&t ) for all
filtersin thebankandcorrespondsto ahalf-responsespatial
frequency bandwidthof oneoctave. This choiceis moti-
vatedby thepropertiesof simplecells in the visual cortex
which canbemodelledby theGaborfilter. Thespatialfre-
quency bandwidthandthespatialaspectratiodeterminethe
orientationbandwidthof thefilter whichis about h5u$v athalf
responseandis alsoconstantfor all filters in thebankused.

Threedifferent preferredspatial frequenciesand eight
different preferredorientationswere used, resulting in a
bankof 24Gaborfilters (Figure3). Theapplicationof such
a filter bank resultsin a 24-dimensionalfeaturevector in
eachpoint of the image,i.e. a 24-dimensionalvectorfield
for thewholeimage.

3.2. Thr esholdedGabor features

In contrastto the linear featuresdescribedabove, most
Gaborfilter relatedtexture featuresareobtainedby apply-



Figure 3. Coverage of the spatial frequenc y
domain by the bank of 24 Gabor filter s.

ing non-linearpost-processingon thevectorfield of linear
Gabor features. The specific type of nonlinearityvaries
from methodto method.

Several authors have proposedthe application of a
thresholdon the Gaborfilter results[9, 13], in analogyto
the function of simplecells, which canbe modelledby a
linearweightedspatialsummation,characterisedby a Ga-
bor weightingfunctions,followedby a half-wave rectifica-
tion [15]. ThethresholdedGaborfeaturesarecomputedas
follows: w #&% '(% ) �������
	x��yx� � #&% '(% ) ��������	�	 (4)

where
yx��zc	/�HU

for
z|{}U

,
y~��zc	~�Hz

for
z|�}U

and ��#7% '�% )
is the filter responseof a Gaborfilter with a convolution
kernel �$#&% '(% ) .

Only filters with symmetricGaborfunctionshave been
usedin previousstudiesreportedin theliterature.For com-
pleteness,we usefilters with bothsymmetricandantisym-
metric Gabor functions in our experiments. Two banks,
eachof 24 filters, are used,one comprisingthe symmet-
ric andtheothertheantisymmetricfilters. They arerelated
to the linear filter banksdescribedin the previoussubsec-
tion and have the samecoverageof the spatialfrequency
domain.

3.3. Gabor-energy features

The filter resultsof a symmetricandan antisymmetric
filter canbe combinedin a singlequantitywhich is called
theGabor-energy. This featureis relatedto a modelof so-
calledcomplex cellsin theprimaryvisualcortex [17] andis
definedin thefollowing way:+ #&% ' ��������	�� d � b#&% '(% � ��������	 G � b#&% '(% -R�3�� ��������	 (5)

where� b#&% '(% � �������
	 and � b#&% '(% - �35� ��������	 aretheresponsesof

the linear symmetricand antisymmetricGaborfilters, re-
spectively. Combiningthe symmetricand antisymmetric
filter banksdescribedin Subsection3.1 resultsin a new,
non-linearfilter bankof 24 channelswith the samecover-
ageof thespatialfrequency domain.

The Gabor-energy is closelyrelatedto the local power
spectrum.Thelocalpowerspectrumassociatedwith apixel
in animageis definedasthesquaredmodulusof theFourier
transformof theproductbetweenthe imageanda window
function. This window function hasthe role of choosing
a neighbourhoodof thepixel of interest;a 2D Gaussianis
usedin mostcases.

Let usconsiderthequantity� #&% ' ��������	�� � b#7% '�% � ��������	 G � b#&% '(% -/� 3 ��������	MW (6)

Takingintoaccounteq.1andeq.2, it is clearthat� #&% ' ��������	
is the local power spectrumof the input image

�
at point��������	

usinga Gaussianwindowing functionwhichappears
asa factoron theright handsideof eq.2.

3.4. Complexmomentsfeatures

In [1], therealandimaginarypartsof thecomplex mo-
mentsof thelocalpowerspectrumareproposedasfeatures.
Thesefeaturesaretranslationinvariantinsidehomogeneous
textureregionsandgive informationaboutthepresenceor
absenceof dominantorientationsin thetexture.

The complex momentsof the local power spectrumare
definedasfollows:�~�~� �������
	x� ��� ��� GJ��� 	 � ���� ��� 	 �*���� % � ��������	 d� d�

(7)

where:�|��hF =?>A@�L � � ��hF @�N�O�L � ���� % � ��������	�� � #&% ' ��������	
Thesum � G�� � � � � �g��	 is calledtheorderof thecom-
plex moment;it is relatedto the numberof dominantori-
entationsin the texture. In [2] it is proven that a complex
momentof even order � G�� hasthe ability to discrimi-
natetextureswith

�/���b dominantorientations.For exam-
ple,momentsof ordertwo (

� b � and
� [�[ ) areableto detect

textureswith a singledominantorientation.Themoduli of
thecomplex momentsgive informationaboutthepresence
or absenceof dominantorientationswhile their arguments
specifywhich orientationsaredominant.In [2], theadvan-
tagesarediscussedof consideringthe real and imaginary
partsof the complex momentsas featuresinsteadof con-
sideringthemoduli andtheargumentsof thecomplex mo-
ments.



In our experiments,we usea featurevectorthat hasas
elementsthenon-zerorealandimaginarypartsof thecom-
plex momentsof thelocalpowerspectrum.It canbeproven
that complex momentsof odd order are zero and that all
complex moments

� �/�
for which � � � , arereal. Fur-

thermore,
� �/� � ����7�

, so that it is sufficient to consider
only those

� �/�
with ��� � . We computedthe complex

momentsup to order8 resultingin 24-dimensionalfeature
vectors.For computingthelocal power spectrumthesame
filter bank (with 8 orientationsand 3 spatialfrequencies)
wasusedasin the computationsof the Gabor-energy fea-
tures.

3.5. Grating cell operator features

A differenttypeof nonlinearityisappliedin theso-called
gratingcell operator[10, 11, 15]. Thisoperatoris basedon
acomputationalmodelof aparticulartypeof neuronwhich
is foundin areasV1 andV2 of macaquemonkeys[20]. The
cellsdiffer from the majority of cells found in thoseareas
of thevisualsystemin thatthey donot reactto asingleline
or edge.They only respondwhena systemof at leastthree
barsis presentin theirreceptivefield. Thegratingcell oper-
atorreproducesthis propertyof gratingcellsby employing
an AND-type nonlinearityto combinethe responsesof a
numberof bar detectors.The operatorsignalsperiodicity
with acertainspatialfrequency andorientationin animage.

Thegratingcell operatorconsistsof two stages[15]. In
the first stage,the responsesof so-calledgrating subunits
arecomputedusingasinputtheoutputsof simplecell oper-
ators(see[14, 15] for furtherdetails). Thegratingsubunit
stageis conceived in sucha way that the unit is activated
by a setof threebarswith appropriateperiodicity, orienta-
tion andposition.In thesecondstage,theoutputsof grating
subunitsof agivenpreferredorientationandperiodicityare
summedtogetherwithin a certainareato computetheout-
put of the gratingcell operator. This is next explainedin
moredetail:

A quantity  K'�% # ��������	 , called the activity of a grating
subunit with position

��������	
, preferredorientation L � L �n UX��D�	�	

andpreferredgratingperiodicity
F
, is computedas

follows:

 K'(% # ��������	��q¡ h if ¢ � �¤£ '�% #7% � �������
	~�¦¥c§ '(% # �������
	U
if ¨ � �(£ '�% #7% � �������
	~{¦¥c§ '(% # �������
	

(8)

where � �ª©$ ]«]WKWKW�B
¬
and

¥
is a thresholdparameterwith a value smallerthan

but near 1 (e.g.
¥�®UXW u ) and the auxiliary quantities

£ '(% #&% � ��������	 and
§ '(% # �������
	 arecomputedasfollows:£ '(% #&% � ��������	¯� °²±7³�©p´ '(% #&% )$µ ��� E ��� E 	x¶:� E ��� E¸·� F B =K>$@�L � ��� E  ª�¹	~{�� ��G h 	 F B =?>$@ºL �� F B @�N�O¹L � ��� E  !��	~{�� ��G h 	 F B @�N�O¹L �I � �q¡ U � �H ]«��: h � hD � �H »B
��U��ºB ¬

(9)

where
´ '�% #7% )Aµ ����E<���
EP	 is the outputof a simplecell oper-

ator of preferredorientation L and periodicity
F

at po-
sition

����E<���
E¼	
, similar to the thresholdedGabor feature

w '(% #&% ) µ ����E<���
E¼	 and§ '(% # �������
	x��°½±p³¹©�£ '(% #&% � �������
	~¶ � �Q ]«RW:WKW�Bc¬
(10)

The quantities
£ '(% #&% � ��������	M� � �¾ ]«RW:WKW�B
�

arerelatedto
theactivitiesof simplecellswith symmetricreceptivefields
along a line segmentof length

« F
passingthroughpoint��������	

in orientationL . Thissegmentis dividedin intervals
of length # b andthemaximumactivity of onesortof simple
cell operator, centre-on

� I � �,U$	 or centre-off
� I � �,D�	 , is

determinedin eachinterval.
£ '(% #&% -�¿ ��������	 , for instance,is

themaximumactivity of centre-onsimplecell operatorsin
thecorrespondingintervalof length # b ; £ '�% #7% - b ��������	 is the
maximumactivity of centre-off simplecellsin theadjacent
interval, etc. Centre-onandcentre-off simplecell activities
arealternatelyusedin consecutiveintervals.

§ '(% # ��������	 is
themaximumamongtheabove interval maxima.

Roughly speaking,the concernedgrating cell subunit
will beactivatedif centre-onandcentre-off cellsof thesame
preferredorientation L andspatialfrequency [# arealter-
natelyactivatedin intervalsof length # b alongalinesegment
of length

« F
centredonpoint

��������	
andpassingin directionL . This will, for instance,bethecaseif threeparallelbars

with spacing
F

andorientationL of thenormalto themare
encountered.In contrast,the condition is not fulfilled by
thesimplecell activity patterncausedby asinglebaror two
bars,only.

In the next, secondstageof the model, the responseÀ '(% # �������
	 of a grating cell operator is computed by
weightedsummationof theoutputsof thegratingsubunits.

À/Á % Â�% '(% # �� � + -].ÄÃ�Å&Ã 2 9 3 4A.ÇÆMÅ&Æ 2 9 33 . È ; 9 3 �   Á 2 % Â 2 % '(% # G   Á 2 % Â 2 % ' � � % # 	�É
� E É
� E �L �Ên UX��D�	 (11)

TheparameterË determinesthesizeof theareaoverwhich
effective summationtakesplace.A valueof Ë �ÌY is used



in our experiments.For furtherdetailson the operatorwe
referto [15].

In our experimentswe usea set of gratingcell opera-
torswith eightdifferentpreferredorientationsandthreepre-
ferredspatial-frequencies,yieldingavectorof 24featuresin
eachpoint of the image.This new non-linearfilter bankis
derived from the thresholdedsymmetricGaborfilter bank
andhasthesamecoverageof thespatial-frequency domain.

4. Comparisonof texture features

Thefeaturevectorscomputedin differentpointsof atex-
ture imageusing a given operatorare not identical; they
ratherform aclusterin themulti-dimensionalfeaturespace.
The larger the distancebetweentwo clusterswhich corre-
spondto two differenttypesof texture, the betterthe dis-
criminationpropertiesof thetextureoperatorthatproduced
the featurevectors.This distancehas,however, to becon-
sideredin relationto thesizeof theclusters.In orderto de-
terminethedistancebetweentwo clustersof featurevectors,
it is sufficient to look at theirprojectionona line, underthe
assumptionthat this projectionmaximisesthe separability
of theclustersin theone-dimensionalspace.A lineartrans-
formationthat realizesthis projectionwasfirst introduced
by Fisher[6] andis calledthe Fisher’s lineardiscriminant
function. It hasthefollowing form:

�½�Í��ÎÏ [  sÎÏ b 	ÑÐ¤Ò - [ Î� ,
where

ÎÏ [ and
ÎÏ b arethemeansof thetwo clustersand

Ò - [
is theinverseof thepooledcovariancematrix.

Figure 4. The nine test images of oriented tex-
tures, enumerated T1 thr ough T9 left to right
and top to bottom.

Theprojectionof thefeaturevectorsontotheprojection

line maximisestheso-calledFishercriterion (seee.g. [8])Ó � Ô Â � - Â 3 ÔÕ Z 3� � Z 33 where S [ and S b arethestandarddeviations

of the distributionsof the projectedfeaturevectorsof the
respective clustersand

� [ and
� b aretheprojectionsof the

means
ÎÏ [ and

ÎÏ b , respectively. The Fishercriterion thus
expressesthedistancebetweentwo clustersrelative to their
compactnessin onesinglequantity.

We evaluatedthe performanceof the variousoperators
presentedin the previous sectionaccordingto the Fisher
criterionby looking at theseparabilityof ninetesttextures
(Fig.4). The separabilitywas measuredin the following
way: Thepooledcovariancematrixwascalculatedfor each
pairof imagesusing1000samplefeaturevectorsfrom each
image. Thenthe featurevectorswereprojectedon a line
using Fisher’s linear discriminantfunction and the Fisher
criterionwasevaluatedin theprojectionspace.

Essentialstatistics,suchasminimum,maximumandav-
erage,of theFishercriterionvaluescomputedfor thediffer-
enttypesof featuresaregivenin Table1.

As canbe seenfrom the table, the valuesfor the sym-
metricandtheantisymmetricfeaturesareapproximatelythe
same.The featuresdo not distinguishbetweenthe texture
pairs very well: the projectedfeaturevectordistributions
overlapextensively, ascanbeconcludedfrom thesmallval-
uesof theFishercriterion(maximum

U�WÄB7U
).

With a meanvalueof h WÄB&B and h WÄB&Y for the symmetric
andantisymmetricthresholdedGaborfeatures,respectively,
the discriminationpropertiesof the nonlinearfeaturesare
betterthan thoseof the linear Gaborfeatures,thoughthe
projectedclustersstill overlap.

In caseof the Gabor-energy features,the valuesareall
muchhigherascomparedto thelinearandthethresholded
Gaborfeatures.Themaximumvaluelisted is h B
W Ö u mean-
ing thatthereis virtually nooverlapbetweenthetwo corre-
spondingclusters.

As evidencedby the valuesin Table 1, the separabil-
ity which is achieved by the complex momentfeaturesis
smallerthan the one achieved on the basisof the Gabor-
energy features.This canbeexplainedby thefactthatcal-
culationof thecomplex momentsis a lineartransformation
of the local power spectrum. The Fishercriterion values
will thereforebeequalto or smallerthanthevalueswhich
aredirectlybasedon thelocalpowerspectrumitself.

For any pair of textureimages,theinter-clusterdistance
computedusingthegratingcell operatorfeaturesis consid-
erablygreaterthantheinter-clusterdistancecomputedwith
any of theotheroperators.Theminimumvalueof theFisher
criterion is

Y
W ×&×
(achieved for the pair of texturesT3 and

T7); two Gaussiandistributionsof equalstandarddeviation
for whichaFishercriterionof

Y�W ×$×
is computed,overlapforU�W U h %. Thismeansthattheprobabilityof misclassification

is negligibly small.



Feature type Avg Min Max
Linearsym.Gabor 0.16 0.11 0.20

Linearasym.Gabor 0.16 0.14 0.20
Thresh.sym.Gabor 1.22 0.60 1.83

Thresh.asym.Gabor 1.25 0.64 1.88
Gaborenergy 6.33 2.35 12.89

Complex moments 2.69 0.65 4.84
Gratingcell operator 14.02 5.44 31.62

Table 1. Statistics of the Fisher criterion val-
ues.

5. Summary and conclusions

In this paper, a quantitative comparisonwasmadeof a
numberof texture featureswhich areall basedon the use
of Gaborfilters with a different type anddegreeof ‘post-
Gabor’processing.Thefollowing featureswerecompared:
linearGaborfeatures(bothsymmetricandantisymmetric),
thresholdedGaborfeatures(againbothsymmetricandanti-
symmetric),Gabor-energy features,complex momentsfea-
turesandgratingcell operatorfeatures.

To assessthe discriminationpropertiesof the various
features,a quantitativemethodwasusedwhich is basedon
theFishercriterionandtheFisherlineardiscriminant.This
methoddiffers from the often usedCRC methodin that it
doesnotmix thediscriminationpropertiesof theconcerned
featureswith theperformanceof a subsequentfeaturevec-
tor classifierwhich is employedin theCRCmethod.

Thevaluesof theFishercriterionshow cleardifferences
betweenthevariousfeatureswith respectto thediscrimina-
tion properties.In general,thediscriminationeffectiveness
increaseswith theamountof post-Gaborprocessing,ascan
beseenin Table1. Theonly exceptionfrom thisrulearethe
complex momentfeatures,which performworsethan the
Gabor-energy features,from which they arederived. The
bestperformanceis achievedwith thegratingcell operator
features.This resultis in accordancewith theresultsprevi-
ouslyobtainedin a comparisonof thegratingcell operator
featureswith commonlyusedtexturefeatures,suchasthose
extractedfrom cooccurrencematrices[11, 12].

Another interestingfinding is that, while only thresh-
olded Gaborfeatureswhich are basedon symmetricGa-
bor functionswereusedpreviously in the literature,filters
basedon antisymmetricGaborfunctionsshow comparable
performance.
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