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1. INTRODUCTION

Texture is an importantpartof thevisualworld of
animalsandmenandtheir visualsystemssuccess-
fully detect,discriminateandsegmenttexture.Rel-
atively recentlyprogresswasmadeconcerningstruc-
turesin the brain which arepresumablyresponsi-
ble for texture processing. Von der Heydt et al.
(von der Heydt et al. 1992) reportedon the dis-
covery of a texture processingneuronin areasV1
andV2 of thevisualcortex of monkeyswhich they
called grating cell. Grating cells respondvigor-
ouslyto gratingsof barsof appropriateorientation,
position and periodicity. In contrastto other ori-
entationselective cells, gratingcells respondvery
weakly or not at all to single barswhich do not
make part of a grating. This behaviour of grat-
ing cellscannotbeexplainedby linearfiltering fol-
lowed by half-wave rectificationas in the caseof
simplecells, neithercan it be explainedby three-
stagemodelsof the type usedfor complex cells.
Elsewhereweproposedamodelof this typeof cell
and demonstratedthe advantagesof grating cells
with respectto the separationof texture andform
information(Kruizinga & Petkov 1995,Petkov &
Kruizinga 1997). Tanakaet al. (1991) found an-
othertypeof textureprocessingneuron,thatresponds
to dot-patterns.Thesetexturecells,which we call
blob-texture cells in thefollowing,havesimilarchar-
acteristicsasgratingcells.They donotreactto sin-
gle dotsbut only to a patternconsistingof a num-
ber of dots. Neurophysiologicalexperimentsre-
vealeda preferenceof the cells for a regular dot
patternin comparisonto morerandompatternsof
dots. Gratingcells arenot activatedby theseran-
domdotpatterns,thoughregulardotpatternscause
a slightgratingcell response.

In thispaperweproposeacomputationalmodel
of blob-texture cells that is capableof explaining
theresultsof neurophysiologicalexperiments.Our

modelof blob-texture cells consistsof threecon-
secutive stages.Thefinal stage(blob-texturecells)
receivesits inputsfrom multipleunitsin thesecond
stage,theso-calledblob-patternsubunits,which in
turn receive their input of the first stage(blob de-
tectors).

Furthermore,themodelis usedasanimagepro-
cessingoperatorand comparedwith existing tex-
ture operatorslike the Gabor-energy operatorand
the cooccurrencematrix operator. This evaluation
is doneby comparingthe resultsof a texture seg-
mentationtask,in whichanimagecontaininganum-
ber of blob texturesis segmentedon the basisof
featuresobtainedwith the threetexture operators.
Themethodis similar to theevaluationof thegrat-
ing cell operator, with respectto theprocessingof
orientedtexture(Kruizinga& Petkov 1998).

2. COMPUTATIONAL MODEL OF BLOB
DETECTORS

Thoughmostof thecellsin theprimaryvisualcor-
tex (V1) areorientationselective,about10-20%of
the cells do not show any orientationpreference.
Most of these’non-orientedcells’ have a centre-
surroundreceptivefield profile (impulseresponse),
which canbemodelledby meansof a Difference-
of-Gaussians(DoG) functionasfollows:

uξ � η � σ � γ � x � y ���
1

2πγ2σ2 e � � � x � ξ � 2 	 � y � η � 2 �
2γ2σ2 
 e � � � x � ξ � 2 	 � y � η � 2 �

2σ2

(1)

wherex andy specifythepositionof alight impulse
in the visual field andξ � η � σ andγ areparameters
asfollows:

The centreof the receptive field within the vi-
sual field is specifiedby the pair

�
ξ � η � . The pa-

rametersσ and γ specify the standarddeviations



σc � γσ
�
γ � 1 � 0� and σs � σ of the centreand

the surroundGaussians,respectively. In our ex-
perimentswe useda value of γ � 0 � 5. The nor-
malisationfactor 1

2πγ2σ2 is usedto obtainafunction
with a zeroDC component.In our experimentswe
usedtwo typesof blob detectors:onewith an ex-
citatory, andtheotherwith aninhibitory centralre-
gion. Thelatterdetectsdarkblobson a light back-
ground. Thesecells aremodelledby a two-stage
modelconsistingof afirst, linearfiltering stageand
a second,non-linearstagewhich includesthresh-
olding andcontrastnormalisation.Thelinearstage
consistsof computinganintegral:

sξ � η � σ � γ � 
�
 f
�
x � y � uξ � η � σ � γ � x � y � dxdy (2)

where f
�
x � y � is theintensitydistribution of the in-

put image. In the secondstage,contrastnormali-
sationis performedby dividing theresponsesξ � η � σ � γ
by theaveragegrey level in theimagewithin there-
ceptivefield of themodelledcell. Theaveragegray
level aξ � η � σ is computedasfollows:

aξ � η � σ � 
�
 f
�
x � y � e � � x � ξ � 2 	 � y � η � 2

2σ2 dxdy (3)

In order to implementcontrastnormalisation,we
use the hyperbolic ratio function to calculatethe
outputof theunorientedcell fromtheratiolξ � η � σ � γ �
sξ � η � σ � γ
aξ � η � σ which is proportionalto the local contrast

within thereceptivefield of thecell:

vξ � η � σ � γ ��� 0 if aξ � η � σ � 0

χ � lξ � η � σ � γ � R
lξ � η � σ � γ � C � otherwise

(4)

whereχ
�
z ��� 0 for z � 0, χ

�
z ��� z for z � 0 (thresh-

olding) and R and C are the maximumresponse
level andthesemi-saturationconstant,respectively.

Themodelledunorientedcellwill reactstrongly
to a blob which is locatedentirely in the centre,
excitatory, region of thereceptive field, thoughthe
cell will alsoreactto otherfeaturesin its receptive
field suchaslinesor edges.Thefunctionof anideal
blobdetectoris, however, to signalonly blobs.Our
computationalmodelof blob detectorsis basedon
thehypothesisthat this separationof blob features
from other imagefeaturesis inducedby a lateral
inhibition mechanism. A blob detectingsubunit
v �ξ � η � σ � γ getsits input from themodelledunoriented
cell vξ � η � σ � γ anda numberof similar modelledcells
with thesamepreferredblob sizebut with thecen-
treof their receptivefieldslocatedin thevicinity of

�
ξ � η � . Theconcernedsubunit hasthesameoutput

astheunorientedcell with thesamelocation
�
ξ � η �

if theothercellsshow no response.This will only
be the caseif the unorientedcell signalsa blob in
its receptive field. Other imagefeaturesmay also
invoke a reactionof the cell, but they will causea
reactionof nearbycells aswell. In that case,the
outputof theblobdetectingsubunit v �ξ � η � σ � γ is influ-
encedby theoutputsof nearbyunorientedcells,in
sucha way that if at leastoneof thesecellsreacts,
thesubunit responseis inhibited, i.e. the response
is set to zero. In our model the lateral inhibition
schemeinvolvesa fixed numberof nearbyunori-
entedcellslying in acirclearoundthecentreof the
receptivefield

�
ξ � η � :

v �ξ � η � σ � γ ��� � vξ � η � σ � γ if � i � i � � 1 �!�N "#�
vξ � η � σ � γ � ξ $ ∆ξi � η $ ∆ηi �%� ρvξ � η � σ � γ

0 otherwise

(5)

∆ξi � Rlatcos & 2πi
N ' (6)

∆ηi � Rlatsin & 2πi
N ' (7)

whereρ is a fixed fraction (in our experimentswe
usedρ � 0 � 8) of theresponsevξ � η � σ � γ andRlat is the
distancebetweenthe centreof the consideredcell
andthe nearbycells (Rlat � 1 � 36σ). The number
of nearbycells that are involved in the inhibition
processis setto N � 15. Thisvalueis highenough
to guaranteethat theblob-detectorsdo not reactto
featuresotherthanblobs.

In our experimentswe useblob detectorswith
differentvaluesof σ toenablethedetectionof blobs
on differentscales.This introduceshowever a re-
dundancy in the codingof blob localisationsince
blob-detectorsonmorethanonescale,but with the
receptive field centredat the sameposition, may
react to a blob in their receptive field. Not only
theblob detectorwith theappropriatesizewill re-
act, but all blob detectorswith larger valuesof σ
(giventhe fact thatno otherimagefeaturesappear
in theinhibitory regionof thelargerreceptivefield)
will show aresponse.Theredundancy canbeelim-
inated by suppressingall outputsof non-optimal
blob-detectorsat thesameposition. This is imple-
mentedby a winner-takes-allmechanismacrossall
blob detectorswith thesamereceptive field centre



a) b) c) d)

Figure1: Thesingleimagein top-leftpositionis a syntheticinput image.Theimagesin thefirst column
are the resultsof convolutionswith centre-surroundkernelsof four differentsizes(a), the resultsare
normalisedfor contrast(b), themodelledcell responsesareinhibitedby theresponsesof nearbymodelled
cells (c) andmodelledcellswith thesamecentreof the receptive field but with differentsizescompete
with eachotherin a winner-takes-allscheme(d).

but with differentvaluesof the size parameterσ.
The outputof a blob detectorṽξ � η � σ � γ is computed
asfollows:

ṽξ � η � σ � γ �(
v �ξ � η � σ � γ if v �ξ � η � σ � γ � maxσ ) � v �ξ � η � σ ) � γ �

0 otherwise (8)

Thewinner-takes-allmechanismwill causethe in-
formationconcerningthe locationof blobs in the
imageto be separatedinto differentchannels,de-
pendingon thesizeof theblobs.Thesensitivity of
the blob-texture cells to blobswith differentsizes
will thereforedependonthesamplingon thescale-
range. In our experimentswe usedfour different
scales.

The modelasit is presentedabove will detect
blobsof a specificsizein thevisualfield, indepen-
dentof thecontrastanddiscardingall otherimage
featuresaslinesandedges.Thevisualinformation
processingby themodelledblob-detectorsis illus-
tratedin Fig. 1 togetherwith theresultsat interme-
diatestages.Theinput image(upper-left image)is
convolvedwith centre-surroundDoG profileswith
four differentsizes. As can be seenfrom the re-
sulting image(Fig. 1a), the modelledDoG cells
reactto blobs,but alsoto otherimagefeatures.Fur-
thermore,the strengthof the responsedependson
the local contrastof the features. The resultsare
than normalisedin order to get contrastindepen-
dency (Fig. 1b). To ensurethatonly blobsarede-
tected,the modelledcell responseis inhibited by



responsesof neighbouringcells at the samescale
(Fig. 1c). Finally, to make surethattherewill bea
responseat only onescaleat every positionin the
visual field, a winner-takes-allmechanisminhibits
all sub-maximumresponses(Fig. 1d).

3. COMPUTATIONAL MODEL OF
BLOB-TEXTURE CELLS

In the secondstageof our model, the outputsof
theblob detectorsarecombinedby so-calledblob-
patternsubunits using an AND-type nonlinearity.
In thefinal stage,theactualblob-texturecellssum
theresponsesof alargenumberof blob-patternsub-
unitsin thevicinity of their receptivefield centre.

Thismeansthatmodelledblob-texturecellswill
only reactif a numberof blobswith a specificsize
arepresentin thereceptivefield of thecell. There-
sponseis dependenton thenumberof blobsup to a
givenmaximum. This modelof blob-texturecells
is next explainedin moredetail.

Theactivity of aso-calledblob-patternsubunit,
tξ � η � σ � γ � ζ, with position

�
ξ � η � andwith preferredblob

sizespecifiedby σ, is calculatedasfollows:

tξ � η � σ � γ � ζ ��**� **� 1 if Card� ṽξ � ∆ξi � η � ∆ηi � σ � γ :
i � 1 �+�,� n :
ṽξ � ∆ξi � η � ∆ηi � σ � γ - 0 " - 3

0 otherwise

(9)

wherethepositionof theof therespectiveblobde-
tectorcellsis takenatrandomwithin theneighbour-
hoodof

�
ξ � η � :

∆ξi � �
σζ $ ri � cosαi

∆ηi � �
σζ $ ri � sinαi � i � 1 �,�,� n (10)

whereσζ is a fixed radius(ζ specifiesthe spatial
spreadingof the blobs in the pattern)and ri are
randomnumberstaken from a normaldistribution
with zeromeanandstandarddeviation 0 � 5 andαi

arerandomnumberstakenfrom auniformdistribu-
tion between0 and2π. Thenumberof locationsn
within thereceptive field that is takeninto account
with thedeterminationof blob-texturepresencein
thereceptivefield is largerthanthenumberof blobs
to bedetected.In ourexperimentswesetthenum-
berof inspectedlocationsto n � 30. Only if three
or moreblobsweredetectedin these30 locations,
theblob-patternsubunit is activated.

Finally, theresponseablob-texturecellbξ � η � σ � γ � ζ,
which is centredat positionξ � η in thevisual field
andhaspreferredblob sizespecifiedby σ, is cal-
culatedby weightedsummationof theblob-pattern
subunits.

bξ � η � σ � γ � ζ � 
�
 e � � ξ � ξ ) � 2 	 � η � η ) � 2
2βσ2 tξ � η � σ � γ � ζdξ � dη �

(11)

Theparameterβ specifiesthesizeof theregion in
which theweightedsummationtakesplace.Larger
valuesof β resultin a uniform responsein a blob-
textureareaevenwith largerdiscontinuitiesin the
blobpattern.

4. TEXTURE OPERATOR EVALUATION

Thequantitiescomputedwith theblob-texturecell
operatorscanbeusedastexture features.We next
comparethefollowing setof features:. Blob-texture cell operator features:

A setof blob-texturecell operatorswith four
differentpreferredblobsizes,threevaluesof
the spatialspreadingand selective for both
blackandwhiteblobs,is appliedto animage,
yieldingavectorof 24featuresin eachpoint.. Gabor-energy features:
A popularsetof texturefeaturesis basedon
the useof Gaborfilters (Jain & Farrokhnia
1991). In this case,an imageis filteredwith
a setof Gaborfilters with differentorienta-
tions,spatialfrequenciesandphases.Using
eightorientationsandthreepreferredspatial-
frequenciesandcombiningtheresultsof sym-
metric andantisymmetricfilters, this multi-
channelfiltering schemeyieldsafeaturevec-
tor of 24 Gabor-energy quantities.The val-
uesof thepreferredorientationsandspatial-
frequenciesaretakento ensureagoodcover-
ageof thespatial-frequency domain.. Cooccurrence matrix features:
A classicmethodfor texturesegmentationis
basedon the gray-level cooccurrencematri-
ces(Haralick et al. 1973). In eachpoint of
a texture image,a setof gray-level cooccur-
rencematricesis calculatedfor differentori-
entationsandinter-pixeldistances.Fromthese
matrices,a numberof featuresis extracted
which characterisetheneighbourhoodof the
concernedpixel. In our experimentseight



a) b) c) d) e)

Figure2: Resultsof a segmentationexperimentusingtheK-meansclusteringalgorithm. The left-most
image(a) showstheinputimagecontainingnineblobtextures,of whichtheperfectsegmentation(ground
truth) is given in image(b). In thenext threeimages,thesegmentationresultsareshown basedon the
useof blob-texturecell operatorfeatures(c), Gabor-energyoperatorfeatures(d) andcooccurrencematrix
features(e).

gray-levelcooccurrencematriceswerecalcu-
latedin eachpointusinga neighbourhoodof
size12 / 12.Fromeachof thematricesthree
features(energy, inertia and entropy) were
extractedresultingin a vectorof 24 features
in eachimagepoint.

In orderto evaluatethe quality of the featuresob-
tainedwith thesethreetexture operators,with re-
spectto texture segmentation,an imagecontain-
ing nine blob textures is segmentedby meansof
thegeneralpurposeK-meansclusteringalgorithm.
First, a given texture operatoris appliedto the in-
put imageyielding a field of 24-dimensionalfea-
ture vectors. The clusteringalgorithm then allo-
catesthe featurevectorsto one of the k clusters.
Figure2 shows the resultof this segmentationex-
perimentusingthe threetextureoperators.As can
beseenfrom this image,thesegmentationbasedon
theblob-texturecell operatorfeaturesis betterthan
thesegmentationsbasedonthefeaturesof theother
two operators.Onlyatthetextureborderspixelsare
misclassified.
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