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Abstract

In this paperwe present biologically inspiredneural
architecturefor visual perceptionbasedon anticipa-
tion. Themaingoalof thiswork is to demonstratehat
anticipationis a centralkey to improve the perception
performanceof technical systems. The presented
approachis able to increasethe robustnessof the
perceptionprocessagainstnoiseor sensorydropouts.
We demonstratethese perceptional improvements
throughourarchitectureatthelevel of local navigation
behavior of the miniaturerobot Khepera. We claim
that perceptionis not an end in itself. Insteadit is
a sensorimotoiprocessintegrating the generationof
behaior.
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1 Introduction

Visual perceptionin biological systemss a fast, ex-

tremelyrobustandvery powerful processwhichis not

yetcompletelyunderstoodTraditionalapproachefor

visualperceptiortry to solvetechnicalproblemsased
on the ‘information processingparadigm’[1], which

canbe characterizedby a chainof subsequensgignal-
processingnodulesproviding asetof featureghatde-

scribesthe currentsituationto the system.Basedonly

on this descriptionanothermodule generateshe ap-

propriatebehaior. This strict separatiorbetweersen-
sory perceptiorandgeneratiorof behaior andthere-

sultingproblemsarereviewedin detail[2, 3].

In recentyears,the appreciationof visual percep-
tion as a generatie sensorimotomprocessgainedin-
creasingacceptancé4, 5]. The generatie andactive
aspectof perceptionhasbeenemphasizedaspecially
by [6, 7, 8] who supposedhatanticipationof sensory
consequencesf actionsmay play an integral role in
perception.

If this holds true, then there must exist struc-
turesthatarecapableof predictingthe sensoryconse-
guence®f actions.Suchsensonypredictorsseento be

multi-functionalsystemssincethey canbe usedto a)
enhancehe incomingbottom-upsensoryinformation
by atop-dowvn expectatiorgenerategreviously[9]; b)
directselectve attentionto thoseervironmentalsubre-
gionswhich causedh mismatchof top-dowvn expecta-
tion and bottom-upsensoryinformationandc) inter-
nally simulatethe consequencesf action sequences
in orderto find and executethoseactions,that entail
positive outcomesfor the system[10]. In this paper
we focuson a) and presenta correspondinghetwork
architecture.

2 Experimental framework

For our experimentswe usetherobotplatformKHEP-
ERA, a miniaturerobot equippedwith an omnidirec-
tional color-camerato investigatehe proposednech-
anismsatthelevel of behaior. Figurel depictsatyp-
ical environmentwith the mobile robot inside. The

Figurel: View of theusedervironmentwith therobot
KHEPERA, equippedvith anomni-directionatamera.

input of our architecturds, asindicatedin sectionl,

exclusively visual. Thus,we useoptic flow asa small
fraction of the entirevisual input features becauset

is largely independenbf specificvisual detailsof the
objectsin thescenegntailsimplicit informationabout
the3D-structureof theervironmentobjectmotionand
the egomotionof the system.In the preprocessingf

the original omni-camera-imageve perform a polar
transformatiorio thedeslewedform depictedn figure
2. Thesetransformedmagesare usedto estimatethe
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optic flow fields, becausean action of the robot with
arotationalpartyields a rotationof the omni-camera-
imagebut only a shift in x-directionof the polartrans-
formedimage. This is very advantageoussincethe
appliedcorrelationbasedoptical flow estimation[11]
needsnot copewith rotatedcorrelationareas,which
would beverytime consuming.
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Figure2: Polartransformedmageof the omnidirec-
tional camereof the KHEPERA: middle=front,left and
right imageborders=baclof therobot.

The systems goal is a collision free local naviga-
tion basedonly on visualinformation. Thus,it hasto
extract robust optic flow vectorfields from the video
stream,even if the sensorydatastreamis temporasr
ily disturbed.We believe, thatthe behaior of an au-
tonomoussystemoperatingonly on its perceved in-
formationis a very goodindicatorof the performance
of the perceptuakystem.

3 Biological inspiration

Thevisual perceptiorprocessn biology is not purely
sequentialjnsteadit featuresmary recurrentconnec-
tions(seefigure 3).

PMC/SMA \
y > J
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Retina Cerebellum

Figure3: Model-relevantstructure®f thehumarbrain
with its connections.

Startingfrom the retina, a sequentiaprocessingf
simple image featuresby the early visual areasV1-
V2 is followed by the estimationof optic flow in area

MT/V5, which projectsalsoto the posteriorparietal
cortex (PPC).In additionto that sensorydatastream
also projectionsfrom the lateral cerebellumarrive,
which contribute a sensoryprediction of the conse-
guencesof real or hypotheticalactionsgeneratedy
the premotorareasSMA/PMC [10]. Thus,areaPPC
may be ableto fusethe sensorybottomup andthe ex-
pectedop-davn informationin orderto replacefaulty
information from ary sourceandto extract more ro-
bustvisualfeatures.

4 Architecture

Inspiredby thataspecif biologicalinformation pro-

cessingwe developeda functionally similar architec-
ture, which predictsoptical flow fields asvisual con-
sequencesf realor hypotheticallyexecutedactionsof

our mobilerobot(seefigure 4).
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Figure 4. Hybrid architectureto fuse the sensory
bottom-updataandthe top-dowvn expectation.

A centralaspectof our anticipative processingn
the bottom-up/top-dan cycle is the usageof flow
vector specific confidenceestimatesorganizedtopo-
graphically correspondingto the flow field. These
confidence-aluesof eachflow vector are basedon
correlation-basedpticalflow estimation11] by eval-
uatingthe shapeof thecorrelationfunction. Sharpand
unigueminimacausehigh confidencevalueswhereas
flat or ambiguouscorrelationfunctionsresultin low
ones.

4.1 Expectation generation

As indicatedin figure 4, the sensorypredictionof the
consequencesf the mobile systemsown actionsis
an essentialpart of our architecture. Therefore,we
trained an artificial neuralnetwork on really experi-
encedoptical flow dataof the mobile robot within a
staticernvironment. Thus,the appliedneuralnetwork
learnsuniversallyvalid sensorimotorelationshipde-
tweensubsequenbptic flow fields underinfluenceof
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the system=own motor commandsConsequentlythe
predictorrealizeghe anticipatve functionapproxima-
tion OF (t) x a(t) = OF(t + 1), whereOF (t) is the
currentopticflow, a(t) is thecurrentlyexecutedmotor

actionof therobotandOF (¢ + 1) is the predictedop-
tic flow field. More detailsaboutthe appliednetworks
canbefoundin [12, 13].

4.2 Fuson

With regardto figure 4, in this sectionwe presenthe
fusion betweenbottom-upand top-davn information
(seefigureb).

 expected OF fo,oE

//// B sensory OF fo’os

Figure5: Eachvectorof theopticalflow field is repre-
sentedby a 2-dimensionaheuralfield, wherethe po-
sition of activation blobswithin the neuralfield codes
possibleflow-vectors.

Eachvectorof the whole field is representedy a
small 2-dimensionalneuralfield, wherethe position
within the neuralfield codesthe x- andy-components
of theflow-vectorasablob, andthe heightof theblobs
in the neuralfield is a measurdor the corresponding
confidenceof this flow vector Dueto this distributed
representationit is possibleto hold mary alternatve
hypotheseéblobs)for eachflow vector Consequently
both the sensorybottom-upandthe top-dovn expec-
tation can add their hypothesesaboutthe real opti-
cal flow vector into the correspondingneural field,
wherebysimilar hypothesesesultin a superposition
of theblobsatthe sameposition.

For reason®f simulationresourcesye split the 2-
dimensionalneuralfield into 2 one-dimensionaheu-
ral vectors representingthe x- and y-direction of
the flow vector separately(equationsl, 2). Thus,
the time to fuse two flow fields containing18 x 5
vectors each could be reducedto 275ms (Pentium
200MHz). Equationl shaws, thatthe new statein the
fusion-mapzj, (t) is computedby the superposition
of the discountedprevious statez; (t — 1) with o €

(0...1), thesensonbottom-upvectory( qu (t)) and

the top-dowvn expectationd(f2, (t)) in form of one-
dimensionalgaussiarblobs (equation3) weightedby

their confidenceg(.). Theseone-dimensionablobsy
realizea topologicalcodingof the sharpx andy co-
ordinatesof the correspondindlow vectorsandallow
to represenimultimodal hypotheses.The fused out-
putiﬁq (t) resultsfrom the hypothesisvith the highest

confidencgequatiord).

25,(t) = azl (t— 1)+ 0(f5, (1) - oy (t)

HI(Fypq (D) - e (1) 2

e(u) = e (1;1;)2 (3)
argmaz(z;,(t))

ifq (t) « ( argmax(ggq (1) ) )

chp) = G manE, )

Hence,this algorithm selectsthoseof all hypotheses,
which supporteachother This is reasonablesince
similar informationin both streamsamplies, that this
informationis reliableandtrustworthy.

5 Resaults

To demonstratehe facilities of the presentedantici-
patory preprocessingwe placedthe robotin the un-
known ervironment depictedin figure 6, where it
drove along the arrowv straight forward towards the
wall. In thelastsectionof thatpathway, atemporal ar-

i - - ‘.

Figure6: Path of the mobilerobotfor investigationof
expectation-diwenperception.

tificial disturbancevasintroducedby coveringanarea
of about90° of the omnidirectionalcameraimageby
a white paper(seewhite circulararcsin figure 6). In
consequencdhe sensorydataentail almostno infor-
mationaboutthe oncomingobstacleon the left of the
robot.

Figure 7 depictsthe obsened cameraimagesand
flow fields during that locomotionin detail. As can
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Figure7: Resultsof expectation-dwven perceptionduringlocomotionof the mobile robot depictedin figure 6. left:
cameraimageswith disturbanceobsenedby therobot. 2. column: OF sequencevithout disturbance.3. column:
OF sequencavith disturbance.4. column: predicted/gpectedOF 5. column: anticipatoryfusedOF 6. column:

model-freefusedOF.

be seenin the non-disturbedsequencethe oncoming
obstacleon theleft causegyrowing flow vectorsespe-
cially in the left-middle (sensorynon-disturbedOF).
In contrastthe applieddisturbancepreventsa correct
estimatiorof opticalflow vectorsin thecorresponding
partof thecamerdamage.Neverthelessthroughactive
generatiorof an expectationaboutthe externalworld
andthe fusionwith the noisy sensoryinformation,our
anticipative systemwasableto maintainavalid repre-
sentatiorof the oncomingobstaclganticipatoryfused
OF).

At this point, we have to askthe question: would
a pure feedbackwithout ary sensoryprediction (see
figure 4) resultin the samebehaior? In this case,
the fusion of the noisy andvery unreliableestimated
optical flow with the morereliablepreviousfusionre-
sult would probablyjust returnthe last fusion output.
Thus,suchanarchitecturas nothingbut alow-pasdil-
ter overtime. As canbeseenin the rightmostcolumn
in figure7, thesystemwithoutanticipatve preprocess-
ing is not able to predictthe enlaging flow vectors
representinghe close obstacle. The repeatedlygen-

eratedlast reliable sensorysituationdeprecatesnore
and more over time and doesthereforenot represent
theexternalreality.

Figure 8 depictsthe developmentof a vectorat the
middle-leftposition(row 5, column7) of theflow field
overtime. The optic flow vectorgeneratedy fusion
of the predictedandthe noisy sensoryestimateds con-
stantlygrowing overtime andthusreflectstheoncom-
ing obstacle. In contrast,both the pure sensoryesti-
mation and the model-freefused vectorsare signifi-
cantlyaffectedby thedisturbanceA navigationbased
onthesenoisydatawould probablybeimpossible.

Figure 9 depictsthe resultingsteeringanglesfrom
theoptic flow vectorfieldsdepictedn figure 7 follow-
ing the balancingapproach14].

Basedon the non-disturbedflow fields a steering
commandto the right would be generatedn orderto
avoid the collision. In contrastutilizing the disturbed
signal,very smallandlateron, steeringanglegowards
thewall would be executed.Lik ewise,the model-free
approachs alsounableto preventthe oncomingcol-
lision, becauseof its obsoleterepresentation.Obvi-
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Figure 8: Developmentin time and spaceof vector
at position (5, 7) within the flow field. The markers
on thelines correspondo the end-pointsof the flow-
vectorsover time, whereall vectorsoriginate at the
point of origin. The sensoryflow vectorsat time-steps
t = 0 andt = 11 of the partially disturbedsequence
areadditionallyplotted.

ously, only the architectureutilizing the expectation-
drivenfusion canmaintainavalid internalrepresenta-
tion of the oncomingwall, andgeneratesteeringan-
glesto theright.

To demonstratehe facilities of the presentedan-
ticipatory preprocessingt the behaioral level, we
placedthe robotin an unknonvn ervironmentto nav-
igatethrougha narrav passagevithout collision. For
this benchmarkwe usedthe balancingapproach14],
which tries to equalizethe optical flow in both hemi-
sphereof the robot, which resultsin a collision-free
locomotionin the middle of suchan hallway. Figure
10 (left column)shavs atop view of this scenariavith
collision-freetracesof our robot. If a perturbationis
appliedin this experimentalsituation, the navigation
basedonly on estimatedoptical flow fields fails, be-
causethe very noisy sensoryinput entailsalmostno
informationaboutcloseobstaclegtop right). In con-
trast,our anticipatorypreprocessingllows thesystem
to bridge the time gap of sensorydropoutswith the
generatedxpectationandis thereforeableto extract
relevantinformationin orderto avoid the arisingob-
staclegbottomright).

6 Conclusion & Outlook

In thispaperwe presente@ hybrid neuralarchitecture
to modelthebiologicallyinspiredprinciple of expecta-
tion drivenvisual perceptiorat a functionallevel. We
usedneural networks to learn universally valid rela-
tionshipsbetweerthemotoractionsof our mobilesys-
temandthe correspondingisual consequencesl hat
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Figure9: Developmenof hypotheticakteeringangles
overtime basedon differentoptic flow fields depicted
in figure7.

normal with perturbations

¥

Figure10: Navigation basedon the estimatecoptical
flow applyingthewell known balancingapproach14]

startingattheupperright cornerandmoving to theop-
positeone. As canbe seenboththe navigationon the
pureestimatedpticalflow (topleft) andontheexpec-
tation driven preprocessedptical flow (bottom left)

allow a collision-freelocomotionof the robot KHEP-

ERA throughtheenvironment.In contrastasignificant
disturbanceof the optical flow estimateby fluctuating
ambientlight in the areasmarked by the hatchedar

eascausesa collision at the end of the plottedtrace,
if no anticipative preprocessings applied(top right).

The anticipative preprocessingvercomesthe prob-
lems and allows a collision-freelocomotion (bottom
right).
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sensorypredictor generatesafterwards the required
top-donvn expectationwhichis fusedwith thesensory
bottom-updatastreamby a neuralfield dynamics.

The facilities and usefulnessof the expectation-
drivenpreprocessingould bedemonstratetty means
of a local navigation behavior of the real robot plat-
form KHEPERA. Thepresentednticipatoryneuralar-
chitecturewasableto stabilizethe perceptionprocess
againstnoiseor temporarysensorydropoutsin order
to maintaina valid representatioof the changingand
only partially obsenableernvironment.

The presentedsensorypredictioncanbe very use-
ful for variousfurthertasks suchasthedynamiccon-
trol of visual attentionto regions, wherea mismatch
of expectationand sensatioroccurred,or theinternal
simulationand evaluationof longeractionsequences
in orderto find an optimal actionsequenceaccording
to the currentsystemstate[10].

Futurework will addresshe improvementof the
fusion processwithin the neuralfield in combination
with an extensionof the currently unimodal sensory
predictionto a multimodalversion. That meansthat
for all hypothesegepresentedy a non-zeroactiv-
ity within the neuralfield, a correspondingpredic-
tion hasto be generated.A systemwith that ability
could evolve mary hypothesesn parallel and there-
fore would be moreflexible andpowerful.

References

[1] D. Marr. Vision. SanFranciscolFreeman]1982.

[2] R. Pfeiferand C. Scheier From perceptionto
action: The right direction? In Proc. PerAc’' 94,
pagesl-11.IEEE ComputerSocietyPress1994.

[3] R. Moller. Wahrnehmung durch Vorher-
sage. Eine Konzeption der handlungsorientierten
Wahrnehmung. PhD thesis, TechnischdJniver-
sitt lmenau, Fakultt fr Informatik und Automa-
tisierung,98684limenau,PF100565,1996.

[4] D.T. Cliff. Computational Neurothology: A Pro-
visional Manifesto. Universityof Sussg, School
of Cognitive andComputingSciences1990.

[5] M.A. Arbib, P. Erdi, andJ. SzentagothaiNeural
Organization: Sructure, Function and Dynam-
ics. MIT Press1998.

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

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

asimmaculateperception. In M.S. Gazzangia,
editor, The Cognitive Neuroscience, pagesl035—
1042.MIT Press1995.

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

[9] T.Stephany.WinklerandH.-M. Gross.Fastand
robust predictionof optical flow field sequences
for visuomotoranticipation. In Proceedings of
IJCNN'’ 2000, Como, Italy, July 24-27, 2000. Vol.
V, pages436—-4412000.

[10] H.-M. Gross, A. Heinze, T. Seiler and
V. Stephan.Generatie characterof perception:
A neuralarchitecturefor sensorimotoanticipa-
tion. Neural Networks, 12:1101-11291999.

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

[12] V. StepharandT. Winkler. Improvementof op-
tical flow estimatedy visuomotoranticipation.
In BoehmeGross,Debes editor, Proceedings of
SOAVE' 2000, Ilmenau, Germany, October 5-7,
2000., pagesl4-21.VDI-Verlag,2000.

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

[14] A.P. Duchon,W.H. Warren,and L.P. Kaelbing.
Ecologicalrobotics: Controlling behaior with
optical flow. Proceedings of the 17th Annual
Cognitive Science Conference. J.D. Moore and
JF. Lehman (eds.) Lawrence Erlbaum Asso-
ciates., pagesl64-169,1995.

Proceedings of the 2001 | EEE Systems, Man, and Cybernetics Conference
Copyright (© 2001



