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Abstract

The performanceof a numberof texture featue opera-
tors is evaluated. The featuesare all basedon the local
spectrumwhich is obtainedby a bankof Gaborfilters. The
comparisonis madeusinga quantitativemethodwhich is
basedon Fisher’s criterion. It is shownthat,in geneal, the
discriminationeffectivenes®f the featuesincreaseswith
theamountof post-Gaborprocessing

1. Intr oduction

Featuresrelatedto the local spectrumhave beenpro-
posedin the literatureand usedin oneway or anotherfor

the purposeof texture classificationand/or sggmentation.

In mostof thesestudiegherelationto thelocal spectrurmis
establishedhroughfeatureswvhich areobtainedvy filtering
with a setof two-dimensionalsaborfilters. Suchafilter is
linearandlocal andis characterisetly a preferredorienta-
tion anda preferredspatialfrequeng. Roughlyspeakingit
actsasalocal band-paséilter with certainoptimaljoint lo-
calisationpropertiesn boththe spatialdomainandthespa-
tial frequeny domain[5]. Typically, a multi-channefilter-
ing schemds used:animageis filteredwith a setof Gabor
filters with differentpreferredorientationsand spatialfre-
guencieswhich cover appropriatelythe spatialfrequeny
domain,andthefeaturesvhich areobtainedform a feature
vectorfield whichis usedfurther.
Gaborfeaturevectorscanbe useddirectly asinputto a
classificationor segmentationoperatoror they canfirst be
transformednto new featurevectorswhich arethenusedas
suchaninput. In reference$3, 7, 18, 19, for example pairs
of Gaborfeatureswhich correspondo the samepreferred
orientationand spatialfrequeng but differ in the value of
a phaseparameterare combined,yielding the so-called
Gaborenegy quantity In reference$l, 16] so-calledcom-
plex momentsare derived from Gaborfeatures.Finally, in
referenceqg10, 11, 12, 15 so-calledgrating cell operator
featuresarecomputedisingGaborfeatures.

Sincethe type of ‘post-Gabor'processingn the above
mentionedmethodss different,it is interestingto evaluate
the effect of the differenttypesof post-processingn the
usefulnes®f theresultingfeaturegegardingtexture classi-
fication.

At this point the questionarisesof how to measurghe
usefulnes®f differentfeaturesn this respect.Several au-
thorshave madea comparisorof the performanceof vari-
ousoperatorsaandfeaturesfor texture segmentation.Most
of thesestudiesarebasentheso-calledClassificatiorRe-
sult Comparisor(CRC)[4]. In this methoda segmentation
algorithmis appliedto a featurevectorfield andthenumber
of misclassifiedpixelsis usedto evaluatethe sggmentation
performanceandsuitability of thefeatures.

For aquantitatve comparisorof variouspost-Gabopro-
cessingschemesand their relatedfeatureswe do not use
the CRC methodthatis usedin mostprevious studiesbe-
causethis methodcharacterisethe joint performancef a
featureoperatoranda subsequentlassifier We ratheruse
anew methodwhich we proposectlsavhere[11, 12]. This
methodcanbeusedio comparghefeatureonly, regardless
of ary subsequertlassificatioror ssgmentatioroperations.
It is basednastatisticabpproacho evaluatethecapability
of afeatureoperatorto discriminatetwo texturesby quan-
tifying the distancebetweenthe correspondinglustersof
pointsin thefeaturespaceaccordingo Fishers criterion.

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
texture classificationarecomparedn Section4 in a series
of computationakxperiments.In Section5 we summarise
theresultsof the studyanddraw conclusions.

2.Gabor filters

A numberof authorsuseda bankof Gaborfilters to ex-
tract local imagefeatures[3, 7, 18, 19]. An inputimage
I(z,y), z,y € Q (2 - thesetof imagepoints),is corvolved
with a two-dimensionalGaborfunction g(z,y), z,y € Q,



to obtaina Gaborfeatureimager(z, y) asfollows:
r(z,y) = // I(&,mg(z — &y —mdédn (1)
Q

We usethefollowing family of Gaborfunctions:
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Thestandardleviation o of the Gaussiarfactordetermines
the effective size of the surroundingof a pixel in which
weightedsummationtakes place. The eccentricityof the
Gaussiarand heravith the eccentricityof the convolution
kernelg is determinedy the parametety, calledthe spatial
aspecratio. Thevaluey = 0.5 is usedin our experiments
[15]. Sincethis valueis constantthe parametery is not
usedto index a Gabofrfilter in thefollowing.

Figure 1. Two 2-dimensional Gabor functions
with the same standar d deviation o but with
different values of the ratio ¢ and conse-
quentl y different preferred spatial frequen-

cies and spatial frequenc y band widths.

Theparameten is thewavelengthandi thespatialfre-

queng of the harmonicfactorcos(27r%' + ). Sincethe
spatialfrequeng tuningcurve of afilter with animpulsere-
sponsegy hasamaximumat i wereferto i asthepreferred
spatiaffrequeng of theGaboffilter. Theratio  determines
the spatial frequeny bandwidthof the Gaborfilters (see
Figurel). The half-responsepatialfrequeny bandwidth
b (in octaves)andtheratio § arerelatedasfollows:

b lop, 27T 25 1 2 2241
=logy, ——, —=—4/—-
/1n A 2 261
%’"—_ 122 ™ (3)

Theangleparamete® (O € [0, 7)) specifiegheorienta-
tion of thenormalto the parallelpositive andnegative lobes
of the Gaboffilters (thisnormalis theaxisz' in eq.2).Since
afilter basednthefunctiong will respondnoststronglyto
a bar, edgeor grating,the normalto which coincideswith
0, the orientationspecifiedby © is referredto in the fol-
lowing asthe preferredorientation.

Finally, theparametep, whichis aphaseoffsetin thear
gumentof the harmonicfactorcos(27r‘”7' + ¢), determines

the symmetryof the function gy e, (z,y): for ¢ = 0 and
@ = m it is symmetric,or even, with respecto the centre
poipt (0,0); for o = —imandy = im gre,0(z,y)is
antisymmetricpr odd.

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

Figure2 shavsthepowerspectraof two Gaborfunctions
with differentparametessettings. The light areasindicate
spatialfrequenciesandwavevectororientationswhich will
passthe correspondindilters. In this way Gaborfilters act
aslocalbandpaséilters.

3. Texture featuresbasedon Gabor filters
3.1 Linear Gabor features

Thefilter responsethatresultfrom the applicationof a
filter bank of Gaborfilters canbe useddirectly astexture
featuresthoughnoneof theapproachedescribedn thelit-
eratureemploys suchtexture features.In this study linear
Gaborfeaturesareusedonly for comparisonln our exper
imentswe usedtwo filter banks,onewith symmetricand
onewith antisymmetridGaborfilters.

Theratio ¢ whichis used,is constan($ = 0.56) for all
filtersin thebankandcorrespond#o a half-responsepatial
frequengy bandwidthof oneoctave. This choiceis moti-
vatedby the propertiesof simplecellsin the visual cortex
which canbe modelledby the Gaborfilter. The spatialfre-
guengy bandwidthandthe spatialaspectatio determinghe
orientationbandwidthof thefilter whichis about19° athalf
responsandis alsoconstanfor all filtersin thebankused.

Three different preferredspatial frequenciesand eight
different preferredorientationswere used, resultingin a
bankof 24 Gabofrfilters (Figure3). Theapplicationof such
a filter bankresultsin a 24-dimensionafeaturevectorin
eachpoint of theimage,i.e. a 24-dimensionalectorfield
for thewholeimage.

3.2 ThresholdedGabor features

In contrastto the linear featuresdescribedabove, most
Gaborfilter relatedtexture featuresare obtainedby apply-



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

ing non-linearpost-processingn the vectorfield of linear
Gaborfeatures. The specifictype of nonlinearity varies
from methodto method.

Several authors have proposedthe application of a
thresholdon the Gaborfilter results[9, 13|, in analogyto
the function of simple cells, which canbe modelledby a
linear weightedspatialsummationcharacterisety a Ga-
bor weightingfunctions,followedby a half-wave rectifica-
tion [15]. Thethresholdedsaborfeaturesarecomputedas
follows:

tr,0.0(T,y) = x(rx0,0(2,9)) (4)

wherex(z) = 0forz < 0, x(2) = zfor z > 0 andry e,,
is the filter responseof a Gaborfilter with a corvolution
kernelgy e,,-

Only filters with symmetricGaborfunctionshave been
usedin previousstudiesreportedn theliterature.For com-
pletenesswe usefilters with both symmetricandantisym-
metric Gaborfunctionsin our experiments. Two banks,
eachof 24 filters, are used,one comprisingthe symmet-
ric andthe otherthe antisymmetridilters. They arerelated
to the linear filter banksdescribedn the previous subsec-
tion and have the samecoverageof the spatialfrequeny
domain.

3.3 Gabor-enemgy features

The filter resultsof a symmetricand an antisymmetric
filter canbe combinedin a single quantitywhich is called
the Gaborenengy. This featureis relatedto a modelof so-
calledcomple cellsin the primaryvisualcortex [17] andis
definedin thefollowing way:

exe(@y) =/ eol@y) 13 _1.(ey) ()

wherers g o(z,y) andri’@,_lﬁ(x, y) aretheresponsesf
the linear symmetricand antigsymmetricGaborfiIters, re-
spectvely. Combiningthe symmetricand antisymmetric
filter banksdescribedin Subsectior3.1 resultsin a new,
non-linearfilter bankof 24 channelswvith the samecover-
ageof the spatialfrequeny domain.

The Gaboreneny is closelyrelatedto the local power
spectrumThelocal power spectrumassociateavith apixel
in animageis definedasthesquareanodulusof theFourier
transformof the productbetweentheimageanda window
function. This window function hasthe role of choosing
a neighbourhooaf the pixel of interest;a 2D Gaussians
usedin mostcases.

Let usconsidetthe quantity

pre(r,y) = Ti,e,o(xa y) + Ti,@,—g (z,y). (6)

Takingintoaccouneq.1landeq.2, it is clearthatpy o (z,y)
is the local power spectrumof the input imager at point
(z,y) usinga Gaussiawindowing functionwhich appears
asafactorontheright handsideof eq.2.

3.4. Complexmomentsfeatures

In [1], thereal andimaginarypartsof the complex mo-
mentsof thelocal power spectrumareproposedisfeatures.
Thesefeaturesaretranslatiorinvariantinsidehomogeneous
texture regionsandgive informationaboutthe presencer
absencef dominantorientationsn thetexture.

The complex momentsof the local power spectrumare
definedasfollows:

Connl9) = [ [ (wt i0)™ (0 = i0)" B (2,9) “

where:

1 1
u = —COS(“), U= XSinG)a ﬁu,v(way) =p)\,@($,y)

A
Thesumm +n (m,n € N) is calledtheorderof thecom-
plex moment;it is relatedto the numberof dominantori-
entationsin thetexture. In [2] it is proventhata comple
momentof even orderm + n hasthe ability to discrimi-
natetextureswith % dominantorientations. For exam-
ple, momentf ordertwo (Cyg andCy;) areableto detect
textureswith a singledominantorientation. The moduli of
the complex momentggive informationaboutthe presence
or absencef dominantorientationswhile their aguments
specifywhich orientationsaredominant.In [2], the advan-
tagesare discussedf consideringthe real and imaginary
partsof the complex momentsas featuresinsteadof con-
sideringthe moduli andthe algumentsof the comple« mo-
ments.



In our experimentswe usea featurevectorthat hasas
elementghe non-zerarealandimaginarypartsof the com-
plex momentof thelocal power spectrumlt canbeproven
that complex momentsof odd order are zeroand that all
complex momentsC,,,,, for whichm = n, arereal. Fur
thermore,Cy,, = C;,,,, sothatit is sufficient to consider
only thoseC,,, with m < n. We computedthe comple
momentsup to order8 resultingin 24-dimensionafeature
vectors.For computingthelocal power spectrunthe same
filter bank (with 8 orientationsand 3 spatialfrequencies)
wasusedasin the computationf the Gaborenepy fea-
tures.

3.5. Grating cell operator features

A differenttypeof nonlinearityis appliedin theso-called
gratingcell operatof10, 11, 15). Thisoperatoris basedn
acomputationaimodelof a particulartype of neuronwhich
is foundin areas/1 andV2 of macaquenonkeys[20]. The
cells differ from the majority of cellsfoundin thoseareas
of thevisualsystemin thatthey do notreactto asingleline
or edge.They only respondvhena systemof atleastthree
barsis presentn theirreceptvefield. Thegratingcell oper
atorreproduceshis propertyof gratingcellsby employing
an AND-type nonlinearityto combinethe response®f a
numberof bar detectors. The operatorsignalsperiodicity
with acertainspatialfrequeng andorientationin animage.

The gratingcell operatorconsistf two stageq15]. In
the first stage,the responsesf so-calledgrating sulunits
arecomputedusingasinputtheoutputsof simplecell oper
ators(see[14, 15] for furtherdetails). The grating sukunit
stageis concevedin sucha way that the unit is activated
by a setof threebarswith appropriateperiodicity; orienta-
tion andposition.In thesecondstagetheoutputsof grating
sulunitsof a givenpreferredorientationandperiodicityare
summedogethemwithin a certainareato computethe out-
put of the grating cell operator This is next explainedin
moredetail:

A quantity go,x(z,y), calledthe actvity of a grating
sukunit with position (z,y), preferredorientation®(© €
[0, 7)) and preferredgrating periodicity \, is computedas
follows:

1 if vn: M@,A,n(xa y) Z PMe,A(xa y)

go(T,y) = { 0 if In, Mo n(z,y) < pMe,A(w,Z/()S)

where
ne{-3...2}

and p is a thresholdparametemwith a value smallerthan
but near1 (e.g. p = 0.9) and the auxiliary quantities

Mo an(z,y) andMe a(z, y) arecomputedasfollows:

M@,)\,n(w7y) = ma,x{se,,\,% (mla yl) | wl)yl :

n%cos@ <@ -z)<(n+ 1)%cos@,
AL , AL
nism@ <@ -y)<(n+ 1)§s1n®,
0 n=-3,-1,1
(’0”_{ T n=-2,0,2 } ©)

wherese ., (z',3') is the outputof a simple cell oper
ator of preferredorientation® and periodicity A at po-
sition (z',y'), similar to the thresholdedGabor feature

to,ae. (z',y") and

M(-—)7}\(.CL', y) = ma*X{M@,)\,n(m; y) | n=-3... 2}
(10)

The quantitiesMe x n(2,y), n = —3...2, arerelatedto
theactvities of simplecellswith symmetriaeceptiefields
along a line sggmentof length 3\ passingthrough point
(z,y) in orientation®. This sggmentis dividedin intenals
of Iength% andthe maximumactivity of onesortof simple
cell operatorcentre-on(y,, = 0) or centre-of (¢,, = ), is
determinedn eachinterval. Mg x,—s(z,y), for instancejs
the maximumactuity of centre-orsimplecell operatorsn
thecorrespondingnterval of length3 ; Mg 2 (,y) isthe
maximumactvity of centre-of simplecellsin theadjacent
interval, etc. Centre-orandcentre-of simplecell activities
arealternatelyusedin consecutieintervals. Mg »(z,y) is
themaximumamongthe above interval maxima.

Roughly speaking,the concernedgrating cell sukunit
will beactivatedif centre-orandcentre-of cellsof thesame
preferredorientation® and spatialfrequeny i arealter
natelyactivatedin intervalsof Iength% alongaline sggment
of length3 )\ centredon point(z, y) andpassingn direction
0O. Thiswill, for instancebethe caseif threeparallelbars
with spacing\ andorientation® of thenormalto themare
encountered.In contrast,the conditionis not fulfilled by
thesimplecell actvity patterncausedy asinglebaror two
bars,only.

In the next, secondstageof the model, the response
we,x(x,y) of a grating cell operatoris computed by
weightedsummatiorof the outputsof thegratingsuhunits.

w£7n7®’A =
_(E—E')2+(Tl2—n')2 i
/ e 2(p2) (ger 07 + er oy 047,2) d€'dn’,
Q
O €0,n) (12)

Theparametep determinesghesizeof theareaoverwhich
effective summatiortakesplace. A valueof 8 = 5 is used



in our experiments.For further detailson the operatorwe
referto [15].

In our experimentswe usea setof gratingcell opera-
torswith eightdifferentpreferredbrientationsandthreepre-
ferredspatial-frequenciegjeldingavectorof 24featuresn
eachpoint of theimage. This new non-linearfilter bankis
derived from the thresholdedsymmetricGaborfilter bank
andhasthesamecoverageof thespatial-frequengdomain.

4. Comparison of texture features

Thefeaturevectorscomputedn differentpointsof atex-
ture image using a given operatorare not identical; they
ratherform aclusterin the multi-dimensionafeaturespace.
The larger the distancebetweentwo clusterswhich corre-
spondto two differenttypesof texture, the betterthe dis-
criminationpropertief thetexture operatoithatproduced
the featurevectors. This distancehas,however, to be con-
sideredn relationto thesizeof theclusters.In orderto de-
terminethedistanceébetweertwo clusterof featurevectors,
it is sufficientto look attheir projectiononaline, underthe
assumptiorthat this projectionmaximisesthe separability
of theclustersn theone-dimensionadpaceA lineartrans-
formationthat realizesthis projectionwasfirst introduced
by Fisher[6] andis calledthe Fishers linear discriminant
function. It hasthefollowing form: y = (4 — i3) TS 1,
whereyi; andgi; arethe meanof thetwo clustersand S —!
is theinverseof the pooledcovariancematrix.

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

The projectionof thefeaturevectorsontothe projection

line maximisegshe so-calledFishercriterion (seee.g. [8])
f= J%L- whereg; ando, arethe standarddeviations
.

1 2

of the distributions of the projectedfeaturevectorsof the
respectie clustersandy, andn, arethe projectionsof the
meansyu; and gz, respectrely. The Fishercriterion thus
expresseshe distancéetweenwo clustergrelative to their
compactnesm onesinglequantity

We evaluatedthe performanceof the variousoperators
presentedn the previous sectionaccordingto the Fisher
criterion by looking at the separabilityof nine testtextures
(Fig.4). The separabilitywas measuredn the following
way: The pooledcovariancematrix wascalculatedor each
pair of imagesusing1000samplefeaturevectorsfrom each
image. Thenthe featurevectorswere projectedon a line
using Fishers linear discriminantfunction and the Fisher
criterionwasevaluatedn the projectionspace.

Essentiabtatistics suchasminimum, maximumandav-
erage of theFishercriterionvaluescomputedor thediffer-
enttypesof featuresaregivenin Tablel.

As canbe seenfrom the table, the valuesfor the sym-
metricandtheantisymmetrideaturesareapproximatelthe
same. The featuresdo not distinguishbetweenthe texture
pairsvery well: the projectedfeaturevector distributions
overlapextensvely, ascanbeconcludedrom thesmallval-
uesof the Fishercriterion (maximum0.20).

With a meanvalueof 1.22 and1.25 for the symmetric
andantisymmetrichresholded@aborfeaturesrespectiely,
the discriminationpropertiesof the nonlinearfeaturesare
betterthanthoseof the linear Gaborfeaturesthoughthe
projectedclustersstill overlap.

In caseof the Gaborenepy featuresthe valuesareall
muchhigherascomparedo thelinearandthethresholded
Gaborfeatures.The maximumvaluelistedis 12.89 mean-
ing thatthereis virtually no overlapbetweerthetwo corre-
spondingclusters.

As evidencedby the valuesin Table 1, the separabil-
ity which is achievzed by the complex momentfeaturesis
smallerthan the one achieved on the basisof the Gabor
enegy features.This canbe explainedby the factthatcal-
culationof thecomplex momentds alineartransformation
of the local power spectrum. The Fishercriterion values
will thereforebe equalto or smallerthanthe valueswhich
aredirectly basecbnthelocal powver spectrumitself.

For ary pair of textureimagestheinter-clusterdistance
computedisingthegratingcell operatorfeaturess consid-
erablygreatetthantheinter-clusterdistancecomputedvith
ary of theotheroperatorsTheminimumvalueof theFisher
criterionis 5.44 (achievedfor the pair of texturesT3 and
T7); two Gaussiaristributionsof equalstandardieviation
for whichaFishercriterionof 5.44 is computedoverlapfor
0.01%. This meanghatthe probability of misclassification
is nggligibly small.



| Featuretype | 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
Gaborenegy | 6.33 | 2.35| 12.89
Complecmoments| 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 quantitatve comparisorwas madeof a
numberof texture featureswhich are all basedon the use
of Gaborfilters with a differenttype and degreeof ‘post-
Gabor’processingThefollowing featuresverecompared:
linear Gaborfeatureqboth symmetricandantisymmetric),
thresholded>aborfeaturegagainbothsymmetricandanti-
symmetric),Gaborenegy featurescomplex momentdsea-
turesandgratingcell operatoffeatures.

To assesghe discriminationpropertiesof the various
featuresa quantitative methodwasusedwhichis basedn
the Fishercriterionandthe Fisherlineardiscriminant.This
methoddiffers from the often usedCRC methodin thatit
doesnotmix the discriminationpropertiesof theconcerned
featureswith the performanceof a subsequerfeaturevec-
tor classifierwhichis employedin the CRCmethod.

Thevaluesof the Fishercriterionshaw cleardifferences
betweerthevariousfeatureswith respecto thediscrimina-
tion properties.In generalthe discriminationeffectiveness
increasesvith theamountof post-Gaboprocessingascan
beseenn Tablel. Theonly exceptionfrom thisrulearethe
complex momentfeatures,which performworsethanthe
Gaborenepy features from which they arederived. The
bestperformances achiezedwith the gratingcell operator
featuresThisresultis in accordancevith theresultsprevi-
ously obtainedin a comparisorof the gratingcell operator
featureswith commonlyusedtexturefeaturessuchasthose
extractedfrom cooccurrencenatriceq11, 12].

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