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Abstract
In this paperwe presenta biologically inspiredneural
architecturefor visual perceptionbasedon anticipa-
tion. Themaingoalof thiswork is to demonstrate,that
anticipationis a centralkey to improvetheperception
performanceof technical systems. The presented
approachis able to increasethe robustnessof the
perceptionprocessagainstnoiseor sensorydropouts.
We demonstratethese perceptional improvements
throughourarchitectureatthelevel of localnavigation
behavior of the miniaturerobot Khepera. We claim
that perceptionis not an end in itself. Insteadit is
a sensorimotorprocessintegrating the generationof
behavior.
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1 Introduction

Visual perceptionin biological systemsis a fast, ex-
tremelyrobustandverypowerful process,whichis not
yetcompletelyunderstood.Traditionalapproachesfor
visualperceptiontry to solvetechnicalproblemsbased
on the ‘information processingparadigm’[1], which
canbe characterizedby a chainof subsequentsignal-
processingmodulesproviding asetof featuresthatde-
scribesthecurrentsituationto thesystem.Basedonly
on this descriptionanothermodulegeneratesthe ap-
propriatebehavior. Thisstrict separationbetweensen-
soryperceptionandgenerationof behavior andthere-
sultingproblemsarereviewedin detail[2, 3].

In recentyears,the appreciationof visual percep-
tion as a generative sensorimotorprocessgainedin-
creasingacceptance[4, 5]. The generative andactive
aspectof perceptionhasbeenemphasizedespecially
by [6, 7, 8] who supposedthatanticipationof sensory
consequencesof actionsmay play an integral role in
perception.

If this holds true, then there must exist struc-
turesthatarecapableof predictingthesensoryconse-
quencesof actions.Suchsensorypredictorsseemto be

multi-functionalsystems,sincethey canbeusedto a)
enhancethe incomingbottom-upsensoryinformation
by atop-downexpectationgeneratedpreviously[9]; b)
directselectiveattentionto thoseenvironmentalsubre-
gionswhich causeda mismatchof top-down expecta-
tion andbottom-upsensoryinformationandc) inter-
nally simulatethe consequencesof actionsequences
in order to find andexecutethoseactions,that entail
positive outcomesfor the system[10]. In this paper,
we focuson a) andpresenta correspondingnetwork
architecture.

2 Experimental framework

For ourexperiments,weusetherobotplatformKHEP-
ERA, a miniaturerobot equippedwith an omnidirec-
tional color-camerato investigatetheproposedmech-
anismsat thelevel of behavior. Figure1 depictsa typ-
ical environmentwith the mobile robot inside. The

Figure1: View of theusedenvironmentwith therobot
KHEPERA, equippedwith anomni-directionalcamera.

input of our architectureis, asindicatedin section1,
exclusively visual. Thus,we useoptic flow asa small
fraction of the entirevisual input features,becauseit
is largely independentof specificvisualdetailsof the
objectsin thescene,entailsimplicit informationabout
the3D-structureof theenvironment,objectmotionand
the egomotionof the system.In the preprocessingof
the original omni-camera-imagewe perform a polar
transformationto thedeskewedform depictedin figure
2. Thesetransformedimagesareusedto estimatethe
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optic flow fields, becausean actionof the robot with
a rotationalpartyieldsa rotationof theomni-camera-
imagebut only ashift in x-directionof thepolartrans-
formed image. This is very advantageous,sincethe
appliedcorrelationbasedoptical flow estimation[11]
needsnot copewith rotatedcorrelationareas,which
wouldbevery timeconsuming.

Figure2: Polar transformedimageof the omnidirec-
tionalcameraof theKHEPERA: middle=front,left and
right imageborders=backof therobot.

The system’s goal is a collision free local naviga-
tion basedonly on visual information. Thus,it hasto
extract robust optic flow vectorfields from the video
stream,even if the sensorydatastreamis temporar-
ily disturbed.We believe, that the behavior of an au-
tonomoussystemoperatingonly on its perceived in-
formationis a very goodindicatorof theperformance
of theperceptualsystem.

3 Biological inspiration
Thevisualperceptionprocessin biology is not purely
sequential,insteadit featuresmany recurrentconnec-
tions(seefigure3).

Figure3: Model-relevantstructuresof thehumanbrain
with its connections.

Startingfrom the retina,a sequentialprocessingof
simple imagefeaturesby the early visual areasV1-
V2 is followedby theestimationof optic flow in area

MT/V5, which projectsalso to the posteriorparietal
cortex (PPC).In additionto that sensorydatastream
also projectionsfrom the lateral cerebellumarrive,
which contribute a sensoryprediction of the conse-
quencesof real or hypotheticalactionsgeneratedby
the premotorareasSMA/PMC [10]. Thus,areaPPC
maybeableto fusethesensorybottomup andtheex-
pectedtop-down informationin orderto replacefaulty
information from any sourceand to extract more ro-
bustvisualfeatures.

4 Architecture

Inspiredby thataspectof biological informationpro-
cessing,we developeda functionallysimilar architec-
ture, which predictsoptical flow fields asvisual con-
sequencesof realor hypotheticallyexecutedactionsof
ourmobilerobot(seefigure4).
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Figure 4: Hybrid architectureto fuse the sensory
bottom-updataandthetop-down expectation.

A centralaspectof our anticipative processingin
the bottom-up/top-down cycle is the usageof flow
vector specificconfidenceestimatesorganizedtopo-
graphically correspondingto the flow field. These
confidence-valuesof eachflow vector are basedon
correlation-basedopticalflow estimation[11] by eval-
uatingtheshapeof thecorrelationfunction.Sharpand
uniqueminimacausehigh confidencevalues,whereas
flat or ambiguouscorrelationfunctionsresult in low
ones.

4.1 Expectation generation
As indicatedin figure4, thesensorypredictionof the
consequencesof the mobile systemsown actionsis
an essentialpart of our architecture. Therefore,we
trainedan artificial neuralnetwork on really experi-
encedoptical flow dataof the mobile robot within a
staticenvironment. Thus,the appliedneuralnetwork
learnsuniversallyvalid sensorimotorrelationshipsbe-
tweensubsequentoptic flow fieldsunderinfluenceof
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thesystemsown motorcommands.Consequently, the
predictorrealizestheanticipativefunctionapproxima-
tion acbedgf�hjilkmdgf�honp qacbedgfsrutvh , where acbed	f�h is the
currentopticflow, kmdgf�h is thecurrentlyexecutedmotor
actionof therobotand qacbwdgfsrxtyh is thepredictedop-
tic flow field. More detailsabouttheappliednetworks
canbefoundin [12, 13].

4.2 Fusion
With regardto figure4, in this sectionwe presentthe
fusion betweenbottom-upandtop-down information
(seefigure5).

z|{v}~zv����z������������ ����|���|����������������� ���

Figure5: Eachvectorof theopticalflow field is repre-
sentedby a 2-dimensionalneuralfield, wherethepo-
sition of activationblobswithin theneuralfield codes
possibleflow-vectors.

Eachvectorof the whole field is representedby a
small 2-dimensionalneuralfield, where the position
within theneuralfield codesthex- andy-components
of theflow-vectorasablob,andtheheightof theblobs
in the neuralfield is a measurefor the corresponding
confidenceof this flow vector. Dueto this distributed
representation,it is possibleto hold many alternative
hypotheses(blobs)for eachflow vector. Consequently,
both the sensorybottom-upandthe top-down expec-
tation can add their hypothesesabout the real opti-
cal flow vector into the correspondingneural field,
wherebysimilar hypothesesresult in a superposition
of theblobsat thesameposition.

For reasonsof simulationresources,we split the2-
dimensionalneuralfield into 2 one-dimensionalneu-
ral vectors representingthe x- and y-direction of
the flow vector separately(equations1, 2). Thus,
the time to fuse two flow fields containing t���i¡ 
vectorseach could be reducedto ¢¤£¥ �¦¨§ (Pentium
200MHz). Equation1 shows, that thenew statein the
fusion-map © ª«�¬ dgf�h is computedby the superposition
of the discountedpreviousstate © ª«�¬ d	fo­®tvh with ¯±°d	²´³~³~³~tvh , thesensorybottom-upvector µ d�¶¸·ª «�¬ dgf�h�h and
the top-down expectationµ d�¶m¹ª «�¬ d	f�h�h in form of one-
dimensionalgaussianblobs(equation3) weightedby

their confidencesº�d�³ h . Theseone-dimensionalblobs µ
realizea topologicalcodingof the sharpx andy co-
ordinatesof thecorrespondingflow vectorsandallow
to representmultimodal hypotheses.The fusedout-
put ¶ »«�¬ d	f�h resultsfrom thehypothesiswith thehighest
confidence(equation4).© ª«�¬ dgf�h½¼¾¯¿© ª«�¬ dgfÀ­ÁtvhÂr�µ d�¶ ·ª «�¬ dgf�h�hÀÃ~º ·«�¬ dgf�hrÄµ d�¶ ¹ª «~¬ dgf�h�hÀÃ~º ¹«�¬ d	f�h (1)© Å«�¬ dgf�h½¼¾¯¿© Å«�¬ dgfÀ­ÁtvhÂr�µ d�¶ ·Å «�¬ dgf�h�h�Ã~º ·«�¬ d	f�hrÄµ d�¶ ¹Å «�¬ d	f�h�hÀÃ�º ¹«�¬ dgf�h (2)µÂÆ�dgÇ¸h½¼¾È¥É´Ê�ËvÌ¤Í�Î ÏÏ�Ð Ï (3)¶ »«�¬ dgf�h¨Ñ Ò k�ÓvÔ�¦Õk�Ö¿d�© ª«�¬ d	f�h�hk�ÓvÔ�¦Õk�Ö¿d�© Å«�¬ d	f�h�hØ× (4)

º »«�¬ dgf�h½¼ ¦lk�Ö¿d�© ª«�¬ dgf�h�h¿rÙ¦Õk�Ö¿d	© Å«�¬ d	f�h�h¢ (5)

Hence,this algorithmselectsthoseof all hypotheses,
which supporteachother. This is reasonable,since
similar information in both streamsimplies, that this
informationis reliableandtrustworthy.

5 Results
To demonstratethe facilities of the presentedantici-
patorypreprocessing,we placedthe robot in the un-
known environment depicted in figure 6, where it
drove along the arrow straight forward towards the
wall. In thelastsectionof thatpathway, atemporal,ar-

Figure6: Pathof themobilerobot for investigationof
expectation-drivenperception.

tificial disturbancewasintroducedby coveringanarea
of about Ú¥²�Û of theomnidirectionalcameraimageby
a white paper(seewhite circulararcsin figure6). In
consequence,the sensorydataentail almostno infor-
mationabouttheoncomingobstacleon the left of the
robot.

Figure 7 depictsthe observed cameraimagesand
flow fields during that locomotionin detail. As can
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Figure7: Resultsof expectation-drivenperceptionduring locomotionof the mobile robot depictedin figure6. left:
cameraimageswith disturbanceobservedby the robot. 2. column: OF sequencewithout disturbance.3. column:
OF sequencewith disturbance.4. column: predicted/expectedOF. 5. column: anticipatoryfusedOF. 6. column:
model-freefusedOF.

be seenin the non-disturbedsequence,the oncoming
obstacleon theleft causesgrowing flow vectorsespe-
cially in the left-middle (sensorynon-disturbedOF).
In contrast,theapplieddisturbancepreventsa correct
estimationof opticalflow vectorsin thecorresponding
partof thecameraimage.Nevertheless,throughactive
generationof anexpectationaboutthe externalworld
andthefusionwith thenoisysensoryinformation,our
anticipativesystemwasableto maintainavalid repre-
sentationof theoncomingobstacle(anticipatoryfused
OF).

At this point, we have to ask the question:would
a pure feedbackwithout any sensoryprediction(see
figure 4) result in the samebehavior? In this case,
the fusion of the noisy andvery unreliableestimated
opticalflow with themorereliablepreviousfusionre-
sult would probablyjust returnthe last fusionoutput.
Thus,suchanarchitectureis nothingbut alow-passfil-
ter over time. As canbeseenin therightmostcolumn
in figure7, thesystemwithoutanticipativepreprocess-
ing is not able to predict the enlarging flow vectors
representingthe closeobstacle. The repeatedlygen-

eratedlast reliablesensorysituationdeprecatesmore
andmoreover time anddoesthereforenot represent
theexternalreality.

Figure8 depictsthedevelopmentof a vectorat the
middle-leftposition(row 5, column7) of theflow field
over time. The optic flow vectorgeneratedby fusion
of thepredictedandthenoisysensoryestimateis con-
stantlygrowing overtimeandthusreflectstheoncom-
ing obstacle. In contrast,both the puresensoryesti-
mation and the model-freefusedvectorsare signifi-
cantlyaffectedby thedisturbance.A navigationbased
on thesenoisydatawouldprobablybeimpossible.

Figure9 depictsthe resultingsteeringanglesfrom
theopticflow vectorfieldsdepictedin figure7 follow-
ing thebalancingapproach[14].

Basedon the non-disturbedflow fields a steering
commandto the right would be generatedin orderto
avoid thecollision. In contrast,utilizing thedisturbed
signal,verysmallandlateron,steeringanglestowards
thewall would beexecuted.Likewise,themodel-free
approachis alsounableto prevent the oncomingcol-
lision, becauseof its obsoleterepresentation.Obvi-
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Figure 8: Developmentin time and spaceof vector
at position d� �ÜÝ£�h within the flow field. The markers
on the lines correspondto the end-pointsof the flow-
vectorsover time, whereall vectorsoriginateat the
point of origin. Thesensoryflow vectorsat time-stepsfc¼Þ² and fß¼àt¥t of the partially disturbedsequence
areadditionallyplotted.

ously, only the architectureutilizing the expectation-
drivenfusioncanmaintaina valid internalrepresenta-
tion of theoncomingwall, andgeneratessteeringan-
glesto theright.

To demonstratethe facilities of the presentedan-
ticipatory preprocessingat the behavioral level, we
placedthe robot in an unknown environmentto nav-
igatethrougha narrow passagewithout collision. For
this benchmark,we usedthebalancingapproach[14],
which tries to equalizethe optical flow in bothhemi-
spheresof the robot, which resultsin a collision-free
locomotionin the middle of suchan hallway. Figure
10(left column)showsatopview of thisscenariowith
collision-freetracesof our robot. If a perturbationis
appliedin this experimentalsituation,the navigation
basedonly on estimatedoptical flow fields fails, be-
causethe very noisy sensoryinput entailsalmostno
informationaboutcloseobstacles(top right). In con-
trast,ouranticipatorypreprocessingallows thesystem
to bridge the time gap of sensorydropoutswith the
generatedexpectationandis thereforeableto extract
relevant information in order to avoid the arisingob-
stacles(bottomright).

6 Conclusion & Outlook

In thispaper, wepresentedahybridneuralarchitecture
to modelthebiologically inspiredprincipleof expecta-
tion drivenvisualperceptionat a functionallevel. We
usedneuralnetworks to learn universally valid rela-
tionshipsbetweenthemotoractionsof ourmobilesys-
temandthecorrespondingvisualconsequences.That
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Figure9: Developmentof hypotheticalsteeringangles
over time basedon differentoptic flow fieldsdepicted
in figure7.

normal with perturbations

Figure10: Navigation basedon the estimatedoptical
flow applyingthewell known balancingapproach[14]
startingat theupperright cornerandmoving to theop-
positeone.As canbeseen,boththenavigationon the
pureestimatedopticalflow (topleft) andontheexpec-
tation driven preprocessedoptical flow (bottom left)
allow a collision-freelocomotionof the robot KHEP-
ERA throughtheenvironment.In contrast,asignificant
disturbanceof theopticalflow estimateby fluctuating
ambientlight in the areasmarked by the hatchedar-
eascausesa collision at the endof the plotted trace,
if no anticipative preprocessingis applied(top right).
The anticipative preprocessingovercomesthe prob-
lems and allows a collision-freelocomotion(bottom
right).

Proceedings of the 2001 IEEE Systems, Man, and Cybernetics Conference
Copyright c

�
2001



sensorypredictor generatesafterwards the required
top-down expectation,which is fusedwith thesensory
bottom-updatastreamby aneuralfield dynamics.

The facilities and usefulnessof the expectation-
drivenpreprocessingcouldbedemonstratedby means
of a local navigation behavior of the real robot plat-
form KHEPERA. Thepresentedanticipatoryneuralar-
chitecturewasableto stabilizetheperceptionprocess
againstnoiseor temporarysensorydropoutsin order
to maintaina valid representationof thechangingand
only partially observableenvironment.

The presentedsensorypredictioncanbe very use-
ful for variousfurthertasks,suchasthedynamiccon-
trol of visual attentionto regions,wherea mismatch
of expectationandsensationoccurred,or the internal
simulationandevaluationof longeractionsequences
in orderto find an optimalactionsequenceaccording
to thecurrentsystemstate[10].

Futurework will addressthe improvementof the
fusion processwithin the neuralfield in combination
with an extensionof the currently unimodalsensory
predictionto a multimodalversion. That means,that
for all hypothesesrepresentedby a non-zeroactiv-
ity within the neural field, a correspondingpredic-
tion hasto be generated.A systemwith that ability
could evolve many hypothesesin parallel and there-
forewould bemoreflexible andpowerful.
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[3] R. Möller. Wahrnehmung durch Vorher-
sage. Eine Konzeption der handlungsorientierten
Wahrnehmung. PhD thesis,TechnischeUniver-
sitt Ilmenau,Fakultt fr Informatik und Automa-
tisierung,98684Ilmenau,PF100565,1996.

[4] D.T. Cliff. Computational Neurothology: A Pro-
visional Manifesto. Universityof Sussex, School
of CognitiveandComputingSciences,1990.

[5] M.A. Arbib, P. Erdi, andJ.Szentagothai.Neural
Organization: Structure, Function and Dynam-
ics. MIT Press,1998.

[6] S.M. Kosslyn, N.M. Alpert, and W.L Thomp-
son.Visualmentalimageryactivatestopographi-
cally organizedvisualcortex: Petinvestigations.
Journal of Cognitive Neuroscience, 5(3):263–87,
1993.

[7] S.M. KosslynandA.L. Sussman.Rolesof im-
ageryin perception:Or, thereis no suchthing

as immaculateperception. In M.S. Gazzangia,
editor, The Cognitive Neuroscience, pages1035–
1042.MIT Press,1995.

[8] S.M. Kosslyn.Image and Brain: The Resolution
of the Imagery Debate. MIT Press,1996.

[9] T. Stephan,V. Winkler andH.-M. Gross.Fastand
robustpredictionof optical flow field sequences
for visuomotoranticipation. In Proceedings of
IJCNN’2000, Como, Italy, July 24-27, 2000. Vol.
V, pages436–441,2000.

[10] H.-M. Gross, A. Heinze, T. Seiler, and
V. Stephan.Generative characterof perception:
A neuralarchitecturefor sensorimotoranticipa-
tion. Neural Networks, 12:1101–1129,1999.

[11] J.L. Barron, D.J. Fleet, and S.S. Beauchemin.
Performanceof opticalflow techniques.Interna-
tional Journal of Computer Vision, 12:1, pages
43–77,1994.

[12] V. StephanandT. Winkler. Improvementof op-
tical flow estimatesby visuomotoranticipation.
In BoehmeGross,Debes,editor, Proceedings of
SOAVE’2000, Ilmenau, Germany, October 5-7,
2000., pages14–21.VDI-Verlag,2000.

[13] V. Stephanand H.-M. Gross. A neuralarchi-
tecturefor expectationdrivendetectionof mov-
ing objectsduringegomotion.In Proceedings of
IJCNN 2001, 2001.

[14] A.P. Duchon,W.H. Warren,andL.P. Kaelbing.
Ecological robotics: Controlling behavior with
optical flow. Proceedings of the 17th Annual
Cognitive Science Conference. J.D. Moore and
J.F. Lehman (eds.) Lawrence Erlbaum Asso-
ciates., pages164–169,1995.

Proceedings of the 2001 IEEE Systems, Man, and Cybernetics Conference
Copyright c

�
2001


