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NONLINEAR OPERATOR FOR BLOB TEXTURE SEGMENTATION
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1. INTRODUCTION

Textureis animportantpart of the visualworld of
animalsandmenandtheir visual systemsuccess-
fully detectdiscriminateandsegmenttexture. Rel-
atively recentlyprogressvasmadeconcerningstruc-
turesin the brain which are presumablyresponsi-
ble for texture processing. Von der Heydt et al.
(von der Heydt et al. 1992) reportedon the dis-
covery of a texture processingieuronin areasvl
andV2 of thevisualcortex of monkeyswhich they
called grating cell. Grating cells respondvigor-
ouslyto gratingsof barsof appropriateorientation,
position and periodicity. In contrastto other ori-
entationselectve cells, grating cells respondvery
weakly or not at all to single barswhich do not
malke part of a grating. This behaiour of grat-
ing cellscannothe explainedby linearfiltering fol-
lowed by half-wave rectificationasin the caseof
simple cells, neithercanit be explainedby three-
stagemodelsof the type usedfor comple cells.
Elsevherewe proposedi modelof thistypeof cell
and demonstratedhe advantagesof grating cells
with respecto the separatiorof texture andform
information (Kruizinga& Petlov 1995, Petlov &
Kruizinga 1997). Tanakaet al. (1991) found an-
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model of blob-texture cells consistsof threecon-
secutve stages.Thefinal stage(blob-texturecells)
recevesits inputsfrom multiple unitsin thesecond
stage the so-calledblob-patterrsutunits,whichin
turn receve their input of the first stage(blob de-
tectors).

Furthermorethemodelis usedasanimagepro-
cessingoperatorand comparedwith existing tex-
ture operatordik e the Gaborenegy operatorand
the cooccurrencenatrix operator This evaluation
is doneby comparingthe resultsof a texture sey-
mentatiortask,in whichanimagecontaininganum-
ber of blob texturesis segmentedon the basisof
featuresobtainedwith the threetexture operators.
Themethodis similar to the evaluationof the grat-
ing cell operator with respecto the processingf
orientedtexture (Kruizinga& Petlov 1998).

2. COMPUTATIONAL MODEL OF BLOB
DETECTORS

Thoughmostof the cellsin the primaryvisual cor-
tex (V1) areorientationselectve, about10-20%of
the cells do not shav ary orientationpreference.
Most of these’non-orientedcells’ have a centre-
surroundreceptve field profile (impulseresponse),

othertypeof textureprocessingieuronthatrespondsyhich canbe modelledby meansof a Difference-

to dot-patterns.Thesetexture cells, which we call
blob-texture cellsin thefollowing, have similarchar
acteristicasgratingcells. They do notreactto sin-
gle dotshut only to a patternconsistingof a num-
ber of dots. Neurophysiologicakxperimentsre-
vealeda preferenceof the cells for a regular dot
patternin comparisorto more randompatternsof
dots. Gratingcells are not actvatedby theseran-
domdot patternsthoughregulardot patternscause
aslightgratingcell response.

In thispapewe proposea computationamodel
of blob-texture cells that is capableof explaining
theresultsof neurophysiologicaéxperiments.Our

of-Gaussian¢DoG) functionasfollows:
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wherex andy specifythepositionof alight impulse
in the visualfield and§,n,o andy are parameters
asfollows:

The centreof the receptve field within the vi-
sualfield is specifiedby the pair (§,n). The pa-
rameterso andy specify the standarddeviations



oc = Yo (y < 1.0) and os = o of the centreand
the surroundGaussiansrespectiely. In our ex-

perimentswe useda value of y = 0.5. The nor

malisationfactorz—nylzgz is usedto obtaina function

with azeroDC componentin our experimentsve

usedtwo typesof blob detectors:onewith an ex-

citatory, andthe otherwith aninhibitory centralre-

gion. Thelatterdetect-darkblobson a light back-
ground. Thesecells are modelledby a two-stage
modelconsistingof afirst, linearfiltering stageand
a second,non-linearstagewhich includesthresh-
olding andcontrasinormalisation.Thelinearstage
consistof computinganintegral:

Snoy = [ 16N noyxyEd @)

wheref(x,y) is theintensitydistribution of thein-
putimage. In the secondstage,contrastnormali-
sationis performedoy dividing theresponse , .,
by theaveragegrey level in theimagewithin there-
ceptiefield of themodelledcell. Theaveragegray
level & , 5 is computedasfollows:

)2 (y—)2
o= [[1xpe = Cody @

In orderto implementcontrastnormalisation we
usethe hyperbolicratio function to calculatethe
outputof theunorientectell fromtheratiolg , 5, =

2"—‘” which is proportionalto the local contrast
N0
within thereceptie field of thecell:
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wherex(z) =0forz< 0,X(z) = zfor z> 0 (thresh-
olding) and R and C are the maximumresponse
level andthe semi-saturatiogonstantrespectrely.
Themodelledunorientectell will reactstrongly
to a blob which is locatedentirely in the centre,
excitatory, region of the receptve field, thoughthe
cell will alsoreactto otherfeaturedn its receptve
field suchaslinesor edgesThefunctionof anideal
blob detectoiis, however, to signalonly blobs.Our
computationamodelof blob detectords basedon
the hypothesighatthis separatiorof blob features
from otherimagefeaturesis inducedby a lateral
inhibition mechanism. A blob detectingsulunit
\/E,n,cr,v getsits input from the modelledunoriented
cell vg , 5, andanumberof similar modelledcells
with the samepreferredblob sizebut with the cen-
tre of theirreceptvefieldslocatedin thevicinity of

) otherwise

(§€,n). Theconcerneduhunit hasthe sameoutput
astheunorientectell with the samelocation(&,n)
if the othercellsshav no responseThis will only
be the caseif the unorientedcell signalsa blob in
its receptve field. Otherimagefeaturesmay also
invoke a reactionof the cell, but they will causea
reactionof nearbycells aswell. In that case,the
outputof theblob detectingsul:unit\/EJW’y is influ-
encedby the outputsof nearbyunorientedcells,in
suchaway thatif atleastoneof thesecellsreacts,
the sutunit responses inhibited,i.e. theresponse
is setto zero. In our modelthe lateralinhibition
schemeinvolves a fixed numberof nearbyunori-
entedcellslying in acircle aroundthe centreof the
receptvefield (§,n):

‘/E,rm,v =
Venay If Vi, i€{l.N},
Ven,oy(& +0&,N+4Ni) <PV oy
0 otherwise

(5)
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wherep is a fixed fraction (in our experimentswe

usedp = 0.8) of theresponse , ;, andR 5 isthe
distancebetweenthe centreof the considerectell

andthe nearbycells (R3¢ = 1.360). The number
of nearbycells that are involved in the inhibition

processs setto N = 15. Thisvalueis highenough
to guaranteehatthe blob-detectorslo not reactto

featuresotherthanblobs.

In our experimentswe useblob detectorswith
differentvaluesof o to enablethedetectiorof blobs
on differentscales. This introduceshowever a re-
dundang in the coding of blob localisationsince
blob-detector®n morethanonescale but with the
receptve field centredat the sameposition, may
reactto a blob in their receptve field. Not only
the blob detectomwith the appropriatesizewill re-
act, but all blob detectorswith larger valuesof o
(giventhefactthatno otherimagefeaturesappear
in theinhibitory region of thelargerreceptvefield)
will shav aresponseTheredundang canbeelim-
inated by suppressingll outputsof non-optimal
blob-detectorst the sameposition. This is imple-
mentedby awinnertakes-allmechanisnacrossll
blob detectorswith the samereceptve field centre



a) b) c) d)

Figurel: Thesingleimagein top-left positionis a syntheticinputimage.Theimagesn thefirst column
arethe resultsof corvolutionswith centre-surroundernelsof four differentsizes(a), the resultsare
normalisedor contrasi(b), themodelledcell responseareinhibitedby theresponsesf nearbymodelled
cells (c) andmodelledcellswith the samecentreof the receptve field but with differentsizescompete

with eachotherin awinnertakes-allschemed).

but with differentvaluesof the size parametero.

The modelasit is presentechbove will detect

The outputof a blob detector , 5, is computed blobsof aspecificsizein thevisualfield, indepen-

asfollows:
Venoy =
Venoy If \/E,n,cr,_v = maXy (Ve or,y)
0 otherwise

(8)

Thewinnertakes-allmechanisnwill causethein-
formation concerningthe location of blobsin the
imageto be separatednto differentchannelsde-
pendingon the sizeof theblobs. The sensitvity of
the blob-texture cells to blobswith differentsizes
will thereforedependnthe samplingonthescale-
range. In our experimentswe usedfour different
scales.

dentof the contrastanddiscardingall otherimage
featuresaslinesandedges.Thevisualinformation
processindy the modelledblob-detectorss illus-
tratedin Fig. 1 togethemwith theresultsatinterme-
diatestages.Theinputimage(upperleft image)is
convolvedwith centre-surroun@®oG profileswith
four differentsizes. As canbe seenfrom the re-
sulting image (Fig. 1a), the modelledDoG cells
reactto blobs,but alsoto otherimagefeatures Fur
thermore the strengthof the responsalependon
the local contrastof the features. The resultsare
than normalisedin orderto get contrastindepen-
deng (Fig. 1b). To ensurethatonly blobsarede-
tected,the modelledcell responsas inhibited by



response®f neighbouringcells at the samescale
(Fig. 1c). Finally, to make surethattherewill bea
responset only onescaleat every positionin the
visualfield, a winnertakes-allmechanisminhibits
all sub-maximunresponsegFig. 1d).

3. COMPUTATIONAL MODEL OF
BLOB-TEXTURE CELLS

In the secondstageof our model, the outputsof
theblob detectorsarecombinedby so-calledblob-
patternsuhlunits using an AND-type nonlinearity
In thefinal stage the actualblob-texture cells sum
theresponsesf alargenumberof blob-patterrsub-
unitsin thevicinity of their receptve field centre.

Thismeanghatmodelledblob-texturecellswill
only reactif a numberof blobswith a specificsize
arepresenin thereceptvefield of thecell. There-
sponsés dependendn the numberof blobsupto a
given maximum. This modelof blob-texture cells
is next explainedin moredetail.

Theactvity of aso-calledblob-patterrsubunit,
te n,0,y,¢» With position(€, n) andwith preferrecblob
sizespecifiedby g, is calculatedasfollows:

tenoyg =

1 if Card{Ve ag n+an;,oy
i=1...n:

Ve+i,n+an;,0y > 0 > 3
0 otherwise

(9)

wherethe positionof the of therespectie blob de-
tectorcellsis takenatrandomwithin theneighbour
hoodof (&,n):

AE;
An;

(ol +r;) cosa;

(ol +r;)sina; ,i=1...n (10)
whereo( is a fixed radius (¢ specifiesthe spatial
spreadingof the blobsin the pattern)andr; are
randomnumberstaken from a normaldistribution
with zeromeanand standarddeviation 0.5 and q;
arerandomnumbergakenfrom auniformdistribu-
tion betweerD and2r. The numberof locationsn
within thereceptve field thatis takeninto account
with the determinatiorof blob-texture presenceén
thereceptvefield is largerthanthenumberof blobs
to bedetectedln our experimentsve setthe num-
ber of inspectedocationsto n = 30. Only if three
or moreblobsweredetectedn these30 locations,
theblob-patterrsuhunit is activated.

Finally, theresponseblob-texturecellbg , 5\ 7,
which is centredat position&, n in the visualfield
and haspreferredblob size specifiedby g, is cal-
culatedby weightedsummatiorof the blob-pattern
suhunits.

_1&—&’)%(941’)2 .
be n,ovg = / / e %o te n,0ycde dn
(11)

The parametef3 specifieghe sizeof theregionin
whichtheweightedsummatiortakesplace.Larger
valuesof (3 resultin a uniform responsén a blob-
texture areaeven with larger discontinuitiesn the
blob pattern.

4. TEXTURE OPERATOR EVALUATION

The quantitiescomputedwith the blob-texture cell
operatorcanbe usedastexture features.We next
comparehefollowing setof features:

e Blab-texturecell operator features:
A setof blob-texturecell operatorawith four
differentpreferredblob sizes threevaluesof
the spatial spreadingand selectve for both
blackandwhiteblobs,is appliedto animage,
yieldingavectorof 24 featuresn eachpoint.

e Gabor-energy features:

A popularsetof texture featuress basedon
the use of Gaborfilters (Jain & Farrokhnia
1991). In this case animageis filtered with
a setof Gaborfilters with differentorienta-
tions, spatialfrequenciesand phases.Using
eightorientationsandthreepreferredspatial-
frequenciesandcombiningtheresultsof sym-
metric and antisymmetricfilters, this multi-
channefiltering schemeyieldsafeaturevec-
tor of 24 Gaborenegy quantities. The val-
uesof the preferredorientationsandspatial-
frequenciesretakento ensureagoodcover
ageof the spatial-frequengcdomain.

e Cooccurrence matrix features:
A classicmethodfor texture segmentations
basedon the gray-lesel cooccurrencenatri-
ces(Haralick et al. 1973). In eachpoint of
atextureimage,a setof gray-level cooccur
rencematricess calculatedor differentori-
entationandinter-pixel distancesFromthese
matrices,a numberof featuresis extracted
which characteris¢he neighbourhooaf the
concernedpixel. In our experimentseight



Figure2: Resultsof a sgmentatiorexperimentusingthe K-meansclusteringalgorithm. The left-most
image(a) shavstheinputimagecontainingnineblobtextures,of whichtheperfectsggmentatior{ground
truth) is givenin image(b). In the next threeimagesthe sggmentatiorresultsare shovn basedon the
useof blob-texturecell operatofeatureqc), Gaborenegy operatoffeaturegd) andcooccurrencenatrix
featurege).

gray-levelcooccurrencenatricesverecalcu- ‘95", Lecture Notes in Computer Science,
latedin eachpointusinga neighbourhooaf vol.930,SpringerVerlag,pp. 90-99.
sizel2 x 12. Fromeachof thematriceghree
features(enegy, inertia and entrogy) were
extractedresultingin a vectorof 24 features
in eachimagepoint.

Kruizinga,P. & Petlov, N. (1998),Gratingcell op-
eratorfeturesfor orientedtexture,in A. Jain,
S. Venkatesk& B. Lovell, eds,‘Proc. of the
Int. Conf. on PatternRecognition’,Brisbane

In orderto evaluatethe quality of the featuresob- Australia,pp.1010-1014.

tainedwith thesethreetexture operatorswith re-

spectto texture segmentation,an image contain- P €tlov: N. & Kruizinga, P. (1997),"Computational

ing nine blob texturesis sggmentedby meansof modelsof visual neuronsspecialisedn the
the generapurposeK-meansclusteringalgorithm. detectionof periodic and aperiodicoriented
First, a given texture operatoris appliedto thein- visualstimuli: barandgratingcells’, Biologi-
put imageyielding a field of 24-dimensionafea- cal Cybernetics 76(2), 83-96.

ture vectors. The clusteringalgorithm then allo- Tanaka, K., Saito, H., Fukada, Y. & Moriya,
catesthe featurevectorsto one of the k clusters. M. (1991), ‘Coding visual images of ob-
Figure 2 shows the resultof this sgmentationex- jects in the inferotemporal cortex of the
perimentusingthe threetexture operators.As can macaquemonkey’, Journal of Neurophysiol-
beseerfrom thisimage thesegmentatiorbasedn ogy 66(1), 170-189.

theblob-texturecell operatorfeatureds betterthan

thesggmentationdasednthefeatureof theother von der Heydt, R., PeterhansE. & Dirsteler
two operatorsOnly atthetexturebordergixelsare M. (1992), ‘Periodic-pattern-seleate cells
misclassified. in monkey visual cortex’, Journal of Neuro-

science 12, 1416-1434.
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