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Abstract

The performanceof two well-knowntexture opefators
(basedon Gaborenegy and the cooccurencematrix) is
compaedwith the performanceof a new, biologically mo-
tivated texture operator, the grating cell operator, which
wasproposecelsavhere by the authois. Thecomparisoris
madeusinga new quantitativemethod pasedon the Fisher
criterion. Togetherwith someclassificatiorresultscompar
ison experimentghe comparisorshowsa clear superiority
of thenew opemtor in orientedtexture problems.

1. Introduction

Texture is an importantpart of the visual world of an-
imals and men and their visual systemssuccessfullyde-
tect, discriminateand segmenttexture. Relatively recently
progressvasmadeconcerningstructuresn thebrainwhich
arepresumablyresponsibldor texture processingVon der
Heydt etal. [19] reportedon thediscovery of a new type of
orientationselectveneuronin aread/1 andVv2 of thevisual
cortex of monkeys which they calledgrating cell. Grating
cellsrespondvigorouslyto gratingsof barsof appropriate
orientation positionandperiodicity. In contrasto otherori-
entationselectve cells, grating cells respondvery weakly
or notatall to singlebarswhich do not make partof a grat-
ing. This behaiour of gratingcellscannotbe explainedby
linearfiltering followedby half-wave rectificationasin the
caseof simplecells, neithercanit be explainedby three-
stagemodelsof thetype usedfor comple cells. Elsevhere
we proposeda modelof this type of cell anddemonstrated
theadvantagesf gratingcellswith respecto theseparation
of textureandform information[9, 16).

In this paperwe usethe outputof gratingcell operators
astexture featuresandcomparehemwith commonlyused
texture featuresas cooccurrencenatrix and Gaborenegy
features. For this comparisona nev methodis proposed

which enablesa quantitatve evaluationof the texture dis-
criminationpropertiesof featureextractionoperators.The
methoddiffersfrom thecommonlyusediexturefeatureper
formanceevaluationmethodwhichis basednthe compar
isonof classificatiorresults[1, 3, 13, 17, 20].

The problemwith the traditionalcomparisormethodis
thatit mixestogetherthe performanceof a classifierwith
the discriminationpropertiesof the featureoperator Fur-
thermore,it doesnot give an estimationof the reliability
of classification:for instance two differentoperatorscan
give rise to the samenumberof misclassifiecpixels when
appliedto two differenttexture images,but this doesnot
meanthatthey will performequallyin future classification
taskswith otherimagesof thesametextures.Consequently
a methodis neededn which the performanceof a classi-
fier canbe separatedrom the discriminationpropertiesof
thefeatureoperatorandin which the spreadn thediscrim-
inationpropertieccanbe quantifiedin orderto estimatethe
reliability of classification.

2. Grating cell model

Our model of gratingcells consistsof two stageq16].
In the first stage,the response®f so-calledgrating sub-
units arecomputedusingasinput the computedresponses
of centre-onand centre-of simple cells with symmetrical
receptve fields (for acomputationamodelof simplecells,
see[15]). The modelof a grating sulunit is concevedin
sucha way thatthe unit is actvatedby a setof threebars
with appropriateeriodicity, orientatiorandposition.In the
secondstage the responsesf grating sutunits of a given
preferredorientationand periodicity are summedtogether
within a certainareato computethe responsef a grating
cell. Thismodelis next explainedin moredetail:

A quantityge , o,x, calledtheactiity of a gratingsub-
unit with position (¢,n), preferredorientation®(® €
[0, 7)) andpreferredgrating periodicity A, is computedas
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wheresg: v o.x,4., istheoutputof asimplecell operatot of
preferredorientation® andperiodicity A atposition(¢’, n')
and
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ThequantitiesM; , 0,10, n = —3...2, arerelatedto the
actities of simple cells with symmetricreceptve fields
along a line sggmentof length 3\ passingthrough point
(&,7m) in orientation®. This segmentis divided in inter
vals of length % andthe maximumactiity of one sort of
simplecells, centre-on(y, = 0) or centre-of (¢, = ),
is determinedn eachintenal. M ,, ,x,—3, for instancejs
themaximumactiity of centre-orsimplecellsin thecorre-
spondingnterval of length3; Mg, 0,,—2 is themaximum
actiity of centre-of simple cellsin the adjacentinterval,
etc. Centre-orandcentre-of simplecell actvities arealter
natelyusedin consecutie intervals. Mg ,, o, is the maxi-
mumamongthe above interval maxima.

Roughly speaking,the concernedgrating cell sukunit
will beactivatedif centre-orandcentre-of cellsof thesame
preferredorientation® and spatialfrequeny % arealter
natelyactivatedin intervalsof Iength% alongaline sggment
of length3\ centredon point (£, ) andpassingn direction
O. Thiswill, for instancebethe caseif threeparallelbars
with spacing\ andorientation® of the normalto themare
encounteredFig.1). In contrast,the conditionis not ful-
filled by the simplecell actvity patterncauseddy a single
baror two bars,only.

In the next, secondstageof the model, the response
we 0,1 Of agratingcell is computedby weightedsumma-
tion of the responsesf the gratingsutunits. At the same

Mﬁ,n,@,)\ = maX{ME,n,G,)\,n | n=-3...

1Halfwave rectifiedcorvolution of theimagewith a2D Gaborfunction
(se€[15, 16] for furtherdetails).
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Figure 1. Luminance distribution along a nor-
mal to a set of three square bars (a), and
the distribution of the computed responses
of centre-on (b) and centre-off (c) simple cells
along this line.

time themodelis madesymmetricafor oppositedirections
by taking the sumof grating sutunits with orientations®
ando® + .
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The weightedsummationis a provision madeto modelthe

spatialsummatiorpropertieof gratingcellswith respecto

thenumberof barsandtheir lengthaswell astheirunmod-
ulatedresponsesvith respecto the exact position (phase)
of a grating. The parametel3 determineghe size of the

areaover which effective summatiortakesplace. A value
of § = 5 resultsin a good approximationof the spatial
summationpropertiesof grating cells. For further details
we referto [16]. The gratingcell operatoris availableon

theinternet[10].

3. Texture features and the Fisher criterion

The quantitiescomputedwith the gratingcell operators
canbe usedastexture features.We next comparethe fol-
lowing setof features:

e Grating cell operator features: A setof gratingcell
operatorswith eight different preferredorientations
andthreepreferredspatial-frequencieis appliedto an
image,yielding a vectorof 24 featuresn eachpoint.

e Gabor-energy features: A popularsetof texturefea-
turesis basedon the use of Gabor filters [7]. In



T1 T2 T3 T4 T6 T7 T8 T9

T1 | - 4.36 9.61 9.23 4.77 8.33 9.91 13.47 | 13.99
T2 - 7.51 6.35 4.79 5.65 6.24 10.96 | 9.31
T3 - 14.62 | 9.60 6.24 3.84 6.72 20.40
T4 - 8.24 15.60 | 10.09 | 18.67 | 24.36
T5 7.72 9.38 13.06 | 11.20
T6 - 4.53 6.83 11.96
T7 - 6.14 15.33
T8 - 39.71
T9 -

Table 1. The Fisher criterion for pairs of texture
obtained with the grating cell operator.

this case,animageis filtered with a setof Gaborfil-
terswith differentorientationsspatialfrequenciesnd
phases. Using eight orientationsand three preferred
spatial-frequencieand combiningthe resultsof sym-
metric and anti-symmetricfilters, this multi-channel
filtering schemeyields a featurevectorof 24 Gabor
enegy quantities.Thesamepreferredorientationsand
spatial-frequencieare usedasthe onesof the grating
cell operators.

e Cooccurrence matrix features: A classicmethodfor
texture sggmentationis basedon the gray-level cooc-
currencematrices[6]. In eachpoint of a texture im-
age,a setof gray-level cooccurrencenatricesis cal-
culatedfor different orientationsand inter-pixel dis-
tances.From thesematrices,a numberof featuresis
extractedwhich characteris¢heneighbourhooaf the
concernedixel. In our experimentseight gray-level
cooccurrencematriceswere calculatedin eachpoint
using a neighbourhoof size 12 x 12. From each
of the matricesthreefeatureg(enegy, inertiaanden-
tropy) were extractedresultingin a vector of 24 fea-
turesin eachimagepoint.

The featurevectorscomputedat differentpoints of a tex-
ture using a given operatorare not identical. They rather
form a clusterin the multi-dimensionafeaturespace.The
larger the distancebetweentwo clusterswhich correspond
to two differenttypesof texture, the betterthe discrimina-
tion propertiesof the texture operatorwhich producedhe
featurevectors. The distancehas,of course,to berelated
to the size of the clusters. In orderto determinethe dis-
tancebetweertwo clustersof featurevectorsit is sufiicient
to look at the projectionof the p-dimensionafeaturespace
onto a one-dimensionaspace,underthe assumptiorthat
this projectionmaximiseghe separabilityof the clustersin
theone-dimensionatpace A lineartransformatiorthatre-
alizesthis projectionwasfirst introducedby Fisher[4] and

images calculated on the basis of feature vectors

is called Fishers linear discriminantfunction. It hasthe
following form: y = (7 — )T S~ '&, wheregi and b

arethe meansof thetwo clustersandS—! is the inverseof

the pooledcovariancematrix. Fishers linear discriminant
functionis invariantunderary nonsingulatdinear transfor

mation.

Figure 2. The nine test images of oriented tex-
tures, enumerated T1 through T9 left to right
and top to bottom.

The projectionof thefeaturevectorsontothe projection
line maximisegheso-calledrishercriterion[5] f = 222
whereo; ando, arethe standardieviationsof thedistribu-
tionsof the projectedfeaturevectorsof therespectie clus-
tersandrn; andr, arethe projectionsof the meansu; and
uz. Sincethematrix S~1 is positive definite,the difference
m —12 isalwayspositive. TheFishercriterionexpressethe
distancebetweerntwo clustersrelative to their compactness



T1 T2 T3 T4 T5 T6 T7 T8 T9

T1 | - 4.17 4.90 5.66 3.39 4.99 4.95 4.15 6.29
T2 - 2.86 4.45 2.65 3.02 3.04 3.05 5.70
T3 - 6.38 3.64 1.80 3.19 3.25 5.96
T4 - 5.24 7.06 4.96 7.09 9.24
T5 3.35 3.18 3.45 5.15
T6 - 2.90 2.61 6.54
T7 - 3.31 6.46
T8 - 5.53
T9 -

Table 2. The Fisher criterion for pairs of texture images calculated on the basis of feature vectors

obtained with the Gabor-energy operator.

in onesinglequantity
4. Performance evaluation and comparison

The performanceof the grating cell operatoris evalu-
atedaccordingto the Fishercriterionby the separabilityof
nine testimages,eachcontaininga single orientedtexture
(Fig.2). The separabilityis measuredn thefollowing way:
asetof 24 differentgratingcell operatorss appliedto each
image. In this way eachimagepoint is assigned feature
vectorof 24 gratingcell operatorcoeficients. The pooled
covariancematrix is calculatedfor eachpair of imagesus-
ing 1000samplefeaturevectorsfrom eachimage. Thenthe
featurevectorsare projectedon a line usingFishers linear
discriminantfunction andthe Fishercriterion is evaluated
in the projectionspace.

Table 1 shows thevaluesof the Fishercriterionfor each
pair of the testimages. The minimum valuelisted is 3.8,
which meanghatfor all imagepairs,the projectedfeature
vectordistributionswill at mostoverlapfor about0.01%.
Thereforeall clustersof featurevectorscan be separated
linearly. Note that the featurevectorsof eachclusterare
takenfrom animagethatcontainsmerelyonetexture. This
meanghatit is a priori known to which clusterthefeature
vectorsampledelongto, resultingin agoodestimateof the
covariancematrix.

The values obtainedwith the Gaborenegy features
(listedin Table2) areall smallerthantheonesobtainedwith
thegratingcell features On averagethe Fishercriterionfor
the Gaborenegy featuresis morethantwo timessmaller
thanfor the grating cell features. Anyhow, the Fishercri-
terionis still large enoughto distinguishthe clusters.The
Gaborenepy featuresarethereforesuitablefor the classi-
ficationof atextureimagesasawhole,i.e. classificatiorof
anentiretextureimagebasedon the distribution of a large
numberof projectedfeaturevectors. For the sggmentation
of atextureimageinto regionscontainingthe sametexture,

i.e. for the classificatiorof theindividual pixels,theinter
clusterdistancds not sufficiently largeascanbe seenfrom
Figure3. The quality of the cooccurrencenatrix features
is evenworsein comparisorto the Gaborenengy features.
Thoughtheinter-clusterdistances largeenoughfor classi-
ficationof textureimagesasawhole (Table3), thefeatures
areinappropriatdor classificatiorof singlepixels.

Figure 3 shows the resultsof pixel classificationusing
K-meansclusteringof the generatedeaturevectors.It fur-
ther demonstrateshe superiority of grating cell operator
featuregto Gaborenegy andcooccurrencenatrix features.

In a future work, the authorswill comparethe grating
cell operatorwith the operatorsand methodsproposedoy
Unser[18], Laws [11] and Mitchell [12], the fractal di-
mensionapproacH14], a methodbasedon GOP (General
OperationProcessorpperationg8], graylevel differences,
centre-symmetricovariancefeaturesjocal binary patterns
[17] andMarkov randomfields[2].
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