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Abstract

A new kind of multi-modalimagerepresentatiothatresultsin computemgeneratedmagess introduced.This
imagerepresentatiohasbeenmotivatedby humanvisual perception.We call the style of images Symbolic
Pointillism' sinceit resemblegertainimpressionistmagesdravn by the sub—groumf Pointillists. However,
insteadof points,symboliciconsrepresentondense@ndmeaningfullocal information.

1 Intr oduction

We introducea new kind of multi-modal image repre-
sentationthatresultsin computergeneratedmageswith

considerableesthetio/alue(see gure 1, 4 and5). This
imagerepresentatiors usedin the arti cial visual sys-
tem describedin (Kriiger et al., 2002a,b;Kruger and
Worgotter, 2002; Kruigeret al., 2003a;ModIP, 1998—)
andis a centralpillar of the ongoing Europeanproject
ECOVISION (ECOVISION:, 2002—2004). This image
representationasbeenmotivatedby humanvisual per

ception(Kriuigeretal.,2003b).We call thestyleof images
“SymbolicPointillism' aswill be motivatedbelow.

Pointillismis a style of artthatwaspartof theimpres-
sionistmovement.This movementaimedto paintimages
notin arealisticway but in a way "humansperceve the
world'. The sub—groupof impressionistsalled Pointil-
lists (mostnotably Seuratand Pissarro)decidedto base
their paintingson small coloureddots(or evensmall ori-
entedpatches). The obsener then constructshe image
by mixing thesedots. Percevedreality is, thus,a concept
constructedy theobsenrer.

It is by now known that the humanvisual systemop-
eratedon a similar level. First, condensedndmeaning-
ful imageinformation (lik e orientation,colour, distance,
form, shape)is generatedy localisedprocessorgneu-
rons)(HubelandWiesel,1979;Gazzanigal995). These
neuronsarehighly connectedaindcommunicatevith each
other (Gazzaniga1995; Watt and Phillips, 2000). The
needto reducethe cost of this communicationprocess
drivesthe condensatiomo meaningfulinformationin the
rst place.Astheconsequencét is almostasthosenene
cells would in the end communicatesymbols. It seems
to be this speci ¢ neuronalcommunicationprocessby
which our perceved reality' is generated.

Having theaim of building technicalystemswith sim-
ilar powerandsimilar structureghanthehumarvisualsys-
tem,we inventedanimagerepresentatiothat consistsof
suchabstractsymbolicicons. We include, for example,

informationaboutcolour, orientationandcontrasttransi-
tion (see gure 2). A communicationprocesss estab-
lishedby groupingrelatedinformation(asrepresentetly
linking lines). In this way our electronicallygenerated
paintingsvisualiseinternal principlesof imageprocess-
ing in thebrain.

In section2, we give a shortdescriptionof the compu-
tationof ourimagerepresentatioaswell asits relationto
humanperception.We thendiscussthis approachin the
contet of themodellingof “creatvity' in section3. As a
centralthesiswe suggesthattheunderstandingndmod-
elling of creatvity canbesupportedy theunderstanding
andmodellingof humanperception.

2 Computation of
Pointillist' Images

"Symbolic

In section2.1,we describegheprocessingf thebasicen-
tities of ourimageswhich aresymbol-like icons. These
iconscarrycondenseéhformationaboutmultiple aspects
of local image structuresand organisethemseles into
groups.In section2.2, we discusghe speci c role of the
iconsin visualprocessing.

2.1 Symbolic Icons and Early Visual Fea-
tur e Extraction

In our arti cial systemwe processanimagerepresenta-
tion thatcodeddifferentfeaturedomains.

Position and Orientation: In our icons (see gure 2a)
orientationis representeds a local line with appropri-
ate angle. Edgedetectionand orientationestimationis
basedntheisotropiclinear lter (calledmonogenicsig-
nal (FelsbegandSommer2001)). Themonogenigignal
performsa split of identity: it orthogonallydividesa sig-
nal into enegetic information (indicating the likelihood
of the presencef a structure) its geometricinformation



Figurel: SymbolicPointillism: A computergeneratedmageandanenlagedframe.
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Figure2: a,b: Iconsasbasicelementf "SymbolicPointillism'. ¢: Groupingis representetly linkedlines.

(orientation)andits contrasttransition. We look for en-
ergy maximain the position—orientatiorspace. We use
hexagonallyarrangedpatcheswith a diameterof approx-
imately 15 pixels. To avoid the occurrenceof very close
line—s@mentsproducedby the sameimagestructurewe
demandthat line segmentshave a certain minimal dis-
tance.

Contrast Transition: Thecontrastransitionis displayed
by a small arrov (see gure 2a). Using contrasttransi-
tion, we canfor exampledistinguishbetweenlines and
stepedges(see gure 2b). Contrasttransitionis coded
in the phaseat a local maximumin the feature
space(Kovesi, 1999). It refersto the kind of grey level

structureexistentatthe local imagepatch(asdark/bright
edge or brightline on darkbackground)The continuum
of contrasttransitioncanbe expressedy the continuum
of phasesThereforejt allowsfor acodingdifferentkinds

of edge-lile structuredy oneparameter

Colour: Colouris processedy integrating over image
patchesn coincidencewith their edgestructure.In case
of a line we have in additiona colour valuein a middle
strip that carriescolour information (see gure 2b). To
codethe modality color at intrinsically one—dimensional
imagestructuresve performa Gaussiarintegrationin the
RGB color spaceover the left andright part (' left' and

'right' de ned by theassociatedine segment)of theim-
agepatch(see gure 2). Sincethedistribution of phases
indicatesthe dominanceof edgegKriigerandWaorgotter,
2002), this kind of integration correspondgo the most
likely modelof intrinsically one—dimensionadtructures.
Energy and Orientation Variance: The homogeneous-
ness', “'edge—nessbr “junction—ness'of a local signal
patchcanbe computedrom the varianceof thelocal ori-
entationandthe enepy in this area. The varianceis dis-
playedasthe diameterof a square(see gure 2a)while
thelocal enegy is displayedasthe grey valueof the up-
perpartof thissquare.

Thereis a hugeamountof evidencethat the abose—
mentionednodalitiesare processedh early stageof vi-
sual processingn so called "hypercolumns'(see,e.g.,
(HubelandWiesel,1979; Jonesand Palmer,1987; Gaz-
zaniga,1995)).However, it is notonly alocalimagepro-
cessingthat is going on in early visual processing. As
mentionedabove, thereoccursan extensve communica-
tion within visualbrainareasaswell asacrosgheseareas.
The communicatiorprocesdeadsto a bindingto groups
(v.d.Malshurg, 1981; Watt and Phillips, 2000) of local
entities. In (Kriigerand Worgotter, 2002), we have de-
scribeda processn which sucha binding develop based
on statisticalmeasurement® naturalscenes.Thesesta-
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Figure 3: Different stagesof image processing:First basicfeaturesin different domains(orientation,color, contrast
transition)arebeingprocesseavhich arethengrouped.Featurgrocessingn the differentdomainsaswell asgroupingis

closelyintertwined.

tistical measurementstart a self~-emegenceprocessin
which groupsorganisethemseles. In our images,icons
of the very samegroup are representedby links of very
samecolour (see gure 2c). The completeimage pro-
cessings schematicallydisplayedn gure 3.

2.2 SymbolsasCarrier of condensednfor-
mation

All the low level featuresdescribedin section2.1 face
the problem of an extremely high degree of vagueness
anduncertainty(Aloimonosand Shulman,1989). How-
ever, the humanvisual systemsacquiresvisual represen-
tationswhich allow actionswith high precisionand cer
tainty within the 3D world underratheruncontrolledcon-
ditions. Thehumanvisual systemcanachieve the needed
certaintyandcompletenesBy integratingvisualinforma-
tion (see,e.g.,(Hoffman,1980))that occursfor example
in thedisplayedgroupingprocesses.

However, integrationof informationmakesit necessary
thatlocal featureextractionis subjectto modi cation by
contectual in uencesandthis communicatiorhasneces-
sarily to be paid for with a certaincost. This costcan
be reducedby limiting the amountof informationtrans-
ferredfrom one placeto the other, i.e. by reducingthe
bandwidth.Thereforeoursymboliciconsrepresenacon-
densedlescriptionof alocalimagepatch,which however
containsthe relevantinformation: Although a usualim-
agepatchhasa dimensionof, e.g., pixel
values,the outputof our symboliciconshaslessthan10
values.

3 Creativity and Human Perception

As describedin section2, our computerprogrampro-

ducesimagesthat display a certainamountof aesthetic
value. Peopletendto nd the imagesappealing,espe-
cially whenthey aredisplayedin a large format. Three
imageshave beendisplayed(with a sizeof 1m each)in

“The Lighthouse',a well known museumfor modernart

anddesignin Glasgav. A largerexhibition is on theway.

Someimageshave beensold to a public institution. So

they carry also nancial value. But possessesur com-
puterprogramcreatvity?

Thereis at leastone aspectthat may lead to a nega-
tive judgemenplausible:Our computeiprogram paints'
naturalobjectsand doesnot create paintings' using its
‘imagination'. However, it hassomeunderstandingf vi-
sual structuresn generaland this understandings dis-
playedin theimagesby the designof theiconsandtheir
grouping. Therefore,the generated painting' is not a
reproductionof naturebut a signi cant restructuringof
the percevedimage. In this way, our computerprogram
shawvsits ownstyle

We seethe ability to be confronted,to processandto
a certainamountunderstandisualinput asanimportant
propertywhich is linked to creatvity: It wasthis con-
frontationwith the naturalworld thathasbeendominated
the work of mostartistsandevenin mostabstracipaint-
ings generalrules aboutaestheticare appliedthat (with
high likelihood) have their origin in certainstatisticalor
geometricregularitiesin natural scenes(Mumford and
Gidas,2001;Krliger,1998).

AARON, developedby Harold Cohen,was the rst



Figure4: SymbolicPointillism: Ape.

exampleof an “arti cial artist' thatis ableto paintim-
ageswith considerableaestheticvalue. Harold Cohen
nevver claimed AARON to be creative. In contrastto
our system,AARON was not equippedwith the ability
to perceve theworld. It maywell bethatfuturearti cial
artistsmake experiencein naturalervironmentsand de-
veloptheirwork in aprocesf similarconfrontatiorwith
naturethanmary artistsdo. It mayevenbethattherules
on which exploratory—creatiity and transformational—
creatvity (Boden,1990)is basedupon,needo belearned
fromrulesvalid in naturalervironments Andit istheuse,
modi cation anddeliberateviolation of suchwell estab-
lishedrulesthat makessuccessfuartists.In this way, we
seeour imagerepresentatioaswell asthe producedm-
agesnot only asan accidental by—product'of computer
vision researchut asa steptowardsarti cial artiststhat
arecreatvve,andin this sensecango beyond AARON.
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Figure5: SymbolicPointillism: Bird.
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