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Three models of visual cue combination were simulated: a weak fu-

sion model, a modified weak model, and a strong model. Their relative
strengthsandweaknesseareevaluatedonthe basisof their performances
onthetasksof judging the depth and shapeof an ellipse.The modelsdif-

fer in the amountof interaction that they permit amongthe cuesof stereo,
motion, and vergenceangle.Resultssuggesthat the constrainednonlin-

ear interaction of the modified weak model allows better performance
than either the linear interaction of the weak model or the unconstrained
nonlinear interaction of the strong model. Further examination of the
modified weak model revealedthat its weighting of motion and stereo
cueswas dependenton the task, the viewing distance,and, to a lesser
degreethe noisemodel. Although the dependenciesvere sensiblefrom

a computational viewpoint, they were sometimesinconsistentwith psy-
chophysicalexperimentaldata. In asecondsetof experiments,the modi-

fied weak modelwasgiven contradictory motion and stereoinformation.

One cuewasinformative in the sensethat it indicated an ellipse, while

the other cueindicated a flat surface. The modified weak model rapidly

reweightedits useof stereoand motion cuesasa function of eachcue’s
informativeness.Overall, the simulation results suggestthat relative to

the weak and strong models,the modified weak fusion modelis agood
candidate model of the combination of motion, stereo,and vergencean-
gle cues,although the results also highlight areasin which this model
needsmodification or further elaboration.

1 Introduction

Recentyearshaveseema proliferation of newtheoeticalmodelsof visual
cuecombinationespeciallyin the domainof depthperception.This pro-
liferation is due partly to a poor understandingf existing modelsand
partly to alack of comparativestudiesrevealingtherelativestrengthsand
weaknessegaf competingmodels.This articlestudieshow multiple visual

NeuralComputation11, 1297-133F1999) © 1999Massachusetigistituteof Technology



1298 I. FineandRobertA. Jacobs

cuesnaybecombinedo provideinformationaboutthethree-dimensional
structure of theenvimnment.

Depthcueinteractiondhavebeerextensivelystudiedromapsychophys-
ical and computationalperspectivele.g., Rogers& Collett, 1989; Blake,
Blilthoff, & Sheinbeg, 1993; Nawrot & Blake, 1993; Tittle, Todd, Pentti,
& Norman,1995; Turner Braunstein& Anderson,1997).Variousmodels
havebeenproposedo characterizeéheseinteractionge.g.,Bruno & Cut-
ting, 1988;Biilthoff & Mallot, 1988;Clark & Yuille, 1990;Landy Maloney &
Young,1991).Landy Maloney Johnstonand Young (1995;seealsoClark
& VYuille, 1990)havedefinedthreeclasse®f modelsfor combiningvisual
cuedor depth . Strongfusionmodelsestimatealepthby combiningtheinfor-
mationfromdifferentcuesin anunrestrictednannerWeakfusionmodels
computea separatestimateof depthbasedn eachdepthcueconsideed
in isolation.Theseestimatesrethenlinearlyaveragedo yield acomposite
estimateof depth.Thelinearcoeficientsthatweightthedifferentcuesare
proportionalto the cues’reliability.

Landyetal. (1995)proposedhataspect®f theinteractivepropertiesof
strongmodelsandthemodulampropertieof weakmodelscanbecombined
in modifiedweakfusion models.Suchmodelsallow constrainechonlin-
earinteractionssuchascuepromotionandreweighting petweerdifferent
cuesMostcuesareincapablefprovidingabsolutelepthinformationwhen
consideedin isolation;for examplepcclusiorprovidesonly orderinforma-
tion, andmotionparallaxprovidesonly shapanformation.Howeveronce
anumberof missingparameterarespecifiedthesecueshecomeapableof
providingabsolutaedepthinformation.Cuepromotionis thedetermination
of thesemissingparametevaluesthroughtheuseof otherdepthcues For
examplemotion parallaxis an absolutedepthcueif the viewing distance
is known. There are a numberof waysthat this missingparametercould
be specified suchasby meanf the vergenceangleor throughtheinter
sectionof constraintausing steeo disparitiesaswell asmotion parallax.
Accordingto Landyetal. (1995) thisnonlinearstagejn whichinformation
from different cuesis combinedto promoteany cueuntil it is capableof
providing anabsolutedepthmap,is followed by alinearstagejn whicha
weightedaveragas takenof the depthestimate®f thedifferentcues.

Theresultof somepsychophysicaxperimentsupportelativelyweak
models,allowing little interactionbetweendifferent cuesfor depth.In-
creasesn the numberof depthcuesavailablein a stimulusdisplaylead
to increases$n theamountof depthperceivedandalsoto improvementn
the consistencyandaccuracyof depthjudgmentgBruno & Cutting, 1988;
Blilthoff & Mallot, 1988;DosherSperling & Wurst,1986;Landyetal.,1991).
BrunoandCutting(1988)for exampleyariedin afactorialdesigrntheavail-
ability of four depthcues(occlusionrelativesize,heightin thevisualfield,
andmotion perspective)Datafrom directandindirectscalingtaskswere
consistentvith observersusinga nearlylinearadditive procedue analo-
gousto aweakfusionmodel.
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It is clear howeverthatthevisualsystems capableof usingmore com-
plex rulesof cueintegrationthansimplelinearaveraging Cuevetoing,a
nonlinearcombinatiorrulewhemrebydepthestimatesrebasednthecuein
avisualscengankedhighestin ahieraxchicalordering,hasbeenobserved
with anumberof visualcueslIn the Amesroomillusion, for exampleper
spectiveandothercuesappeato veto“familiar size”(i.e.,theadultsin the
far cornersof the room are aboutequallytall). Turneretal. (1997)placed
motion parallaxand binoculardisparity in conflict with eachotherin a
surfacedetectiontask,with onecuesignalinga surfaceandthe othercue
signalingpointsscatteed randomlywithin a volume.Binoculardisparity
wasweightedfar more heavily appoachinga vetorule, thanmotionin-
formation,regadlessof which cuewasinformativeaboutthe surfaceand
despitethetwo cuesbeingequallyreliablewhenusedin isolation.

Theresultsof otherexperimentsupporistrongfusionmodelswith non-
linear combinationrules more powerful than simple cue vetoing.Rogers
andCollett (1989)found thatwhenbinoculardisparityandmotion paral-
lax are placedin conflictin ashapgudgmenttask,observergudgedshape
in accodancewith disparityinformation,asin the Turneretal. (1997)ex-
periment.However fairly strong interactionbetweenmotion and steeo
wasimplied by the perceptof nonrigidmotion.Nonrigid motionwasalso
reportedby observersn the Turneretal. experimentsn trials where dis-
parityandmotioninformationwerein conflict. Rathethansimply vetoing
themotioncue,thedisparityinformationappeaedto affectinterpretation
of themotioncue.A numberof studiesexaminingtheinteractionbetween
stereoscopidepthdisplaysandthekineticdeptheffect(KDE) alsoseento
pointtowamd arelatively strong modelof depthcuecombination(Nawrot
& Blake, 1989,1991,1993).Retinaldisparity canbe usedto disambiguate
depthrelationsin otherwiseambiguoudDE displaysandadaptatiorand
perceptualpriming havebeenshownto transferbetweersteeoscopiand
kineticdepthdisplays.

In summarythe currentstateof the literature suggestshatthe degee
of interactionbetweercuesmaydependnthecuestheexperimentaton-
ditions,andthetask.Oneformidablepossibility is thatthe visual system
usesa bagof tricks to calculatedepth,which would be difficult to model
formally. Howevermostdepthcueshearanorderly andlawful, albeitcom-
plicatedrelationshipgo three-dimensionapaceGiventhat,it is likely that
humancuecombinationin depthperceptionis more orderly thanimplied
by theexpressiorifbagof tricks” andshouldbeamenabléo beingmodeled
by someform of fully specifiednonlinearmodel.

Onedifficulty in evaluatinglifferentmodelsfor depthcuecombinatioris
thatstrongandmodifiedweakmodelsare nonlinearandtherefore difficult
to analyzequantitatively Computersimulationsare a particularly useful
way of examiningvisual cuecombinationrwhenusedasa complemento
experimentainvestigationsTheyallow competingnodelsto beevaluated
quickly undera variety of conditionsin a mannerthat permitsdetailed,
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quantitativecomparisonamongdifferentmodels.Thesecomparisongan
oftenrevealhiddenor underspecifiegropertiesof qualitativelydescribed
theoeticalmodels.

Wepresentheresultsof simulationof threemodeldor thecombination
of steeo, motion, and vergenceangle cuesfor depth. The modelswere
instancesf a strong fusion model,a weakfusion model,anda modified
weakfusionmodel.Investigatoravho advocateeachof thesethreeclasses
of modelshaveomittedimportantdetailsthatare necessarif thesemodels
areto be specifiedully andimplementedForexamplejnvestigatordiave
failedto characterizéhenoisethatcorruptsthevariousvisualsignalsthat
are usedasinputsto the models.Consequentlywhenimplementingthe
modelswehavehadtosupplydetailshatwerenotsuppliedbythetheorists
who originally proposedthe models.In all caseswe haveattemptedo
makesensibleandstraightforwad choicesavoidingexotic,or atleastless
obvious,implementation®f thesemodels.

Thegoalof experimentl wasto compae the performancesf thethree
modelsso asto evaluatetheir relative plausibility asmodelsof cuecom-
binationfor both objectdepthand objectshapeperception.A variety of
noiseconditionssuchasflat noiseandWebemoiseweresimulatecbecause
the noisemodelwasexpectedo havea significanteffect on performance.
Thegoal of experimen wasto explote the modifiedweakfusion model
morecloselyIn thecaseof depthperceptionanimportantpartof goodcue
combinatioris theability to learnwhich cuesare informativeunderwhich
circumstanceandto weightthemaccodingly. Usinga pretrainedmodel,
we seteithermotion or steeoto alwaysindicatea flat surface while the
othercuecontinuedo indicateanellipse.Thecueindicatinganellipsewas
informativein the sensehatthe training feedbackvasalwayscorrelated
with this cue;thecueindicatingaflat surfacevasuninformative Themod-
ified weakmodelsuccessfullyearnedo reweightmotionandsteeocues
asafunctionof theirinformativenessOverall,the simulationsreportedn
thisarticlesuggesthatthemodifiedweakfusionmodelis agoodmodelof
thecombinatiorof motionandsteeosignalselativeto weakandstrongfu-
sionmodelsHowevertheresultsalsohighlightareasn whichthemodified
weakfusionmodelneedsnodificationor furtherelaboration.

2 Stimulus

Thesimulatedstimuluswasatwo-dimensionatllipsewhosewidth varied
alongthe frontoparallelplaneand whosedepthvaried alongthe line of
sight (seeFigure 1, panelA). Sixteendifferent ellipseswere presentedo
eachmodel;thewidth anddepthof eachellipsevariedindependenthand
took valuesbetweenl2 and 48 cm. The ellipse was positionedat one of
eightviewing distancedrom the simulatedobserverrangingbetween7z2
and408cm. (Detailsof the stimulusarein appendixA.)

We simulateda point travelingaround the perimeterof the ellipse at
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Figure1: (PanelA) lllustrationof thesimulatedstimulus.(PaneB) lllustration

of theobjectshapaaskandtheobjectdepthtask.

a constantvelocity, ratherlike atrain travelingarounda track, insteadof
modelingtheellipseitself rotating. Thiswasa differentstimulusfromthat
usedby JohnstonCumming,and Landy (1994)in their psychophysical
experimentsandis a lessrealistic stimulusthantheirs, althoughit does
produceareliableimpressiorof depthin humanobserversvhenextended
in height(Petti, Todd,Lappin,& Phillips, 1998;Jacobs Fine,1998).This



1302 I. FineandRobertA. Jacobs

Panel A Stereo Information

6i=Yi_YV depth6

/”M

‘Rv’_//

viewing distance (D)

Panel B Motion Information

depthm

o oV
U\)\l

—

viewing distance (D)

Figure2: (Paneld) lllustrationof thesimulatedsteeosignal.(PaneB) lllustra-
tion of thesimulatedmotionsignal.

stimulushasthe advantagehatit avoidsartifactualdepthcuesresulting
from changesn retinalanglesubtendedby the ellipseovertime. Foreach
of 20time slicesof the point travelingaroundthe perimeterof the ellipse,
threesourcesof informationwere givento the simulatedobserverssteeo
disparity retinalmotion,andvergenceangle.

Steeoinformationconsistedf the steeodisparityanglesubtendedby
the point on the ellipseat eachmomentin time (seeFigure 2, panelA). It
wasassumedhatthe simulatedobservemlwaysfixatedthe centerof the
ellipse.Letthevergenceangley, betheanglebetweerthelinesconnecting
thefixation pointandthecenterof theleft andright retinas Lettheangle
y; betheanglebetweerthelinesconnectinghelocationof thepointonthe
ellipseattime stepi andtheimagesfthispointontheleftandrightretinas.
Thesteeodisparityattime stepi, denoted;, isequalto y; — w.

Motion information consistedof the monocularretinal velocity of the
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point at eachmomentin time expressedn degeesof retinal angle(see
Figure 2, panelB). We assumed cyclopeaneye. The retinal velocity at
time stepi is the anglem;, betweenthe lines connectingthe apertue of
the eye and the locationsof the point on the ellipse at time stepsi — 1
andi. Thevelocity of the pointtravelingaroundtheellipsewasa function
of the perimeterof the ellipse;the point traveledmore slowly for ellipses
with smallperimetersandmore quickly for ellipseswith large perimeters.
By choosingthe point’s velocity to be dependenbn the perimeterof the
ellipse,we removedartifactualdepthandshapecuesbasedn the overall
magnitudeof theretinal velocities,andalsopreventedknowledgeof the
retinal velocitiesfrom being usedas a cuefrom which viewing distance
couldbeinferred.

Thevergenceangle(yy) of an observefixatedonthecenterof theellipse
wasthethird sourceof informationgivento the simulatedobserversThis
anglewasdirectlyrelatedio theviewingdistancgD) throughtheequation

|
=2tan!( — 2.1
w (55): @D

whetre |l is theinteroculardistance We choseto usethe vergenceangleas
oneof a numberof cuesthatobserverappearo useto estimateviewing
distanceTherarealargenumberof cuedor viewingdistanceandviewing
distancesstimatesppeato increaseandgrow more accurateasthenum-
berof cuesincreasesBradshawGlennersterandRogerg1996)foundthat
horizontaldisparitiesvere scaledy anestimateof theegocentrioziewing
distancehatwasappoximatelyanadditivefunctionof verticaldisparities
andvergenceangle.However depthconstancywasfar from completein
their study unlike thosedonewith more naturalisticviewing conditions
(GlennerstemRogers& Bradshaw1993;Durgin, Proffitt, Olsen,& Reinke,
1995),suggestinghat othercuesbesidessergenceangleandvertical dis-
paritiesalsoprovideviewing distancanformation.

Threenoiseconditionswere examineda Webernoisecondition, a flat
noisecondition,anda velocity-uncertaintynoisecondition.In the Weber
noise condition, motion, steeo, and the vergenceangle were corrupted
by additive gaussiamoisewhosedistributionhad a meanof zelo anda
standad deviationproportionalto the signalmagnitudd(i.e.,proportional
to thedisparityangle theretinalmotion,andthevergenceangle).

In the flat noisecondition, motion and steeo cueswere corruptedby
additivegaussiamoisewith meanzemo anda constantvariancewhile the
vergenceanglewascormuptedby Webemoiseasin the Webernoisecondi-
tion. Onceagainmotionuncertaintywasmodeledasuncertaintyaboutthe
retinalvelocities.

An alternativeway to modelmotion noiseis asuncertaintyaboutthe
velocity of the movingpoint on the ellipseratherthanuncertaintyaboutthe
retinal velocity. In the velocity-uncertaintycondition,noisein the motion
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cuewasmodeledasuncertaintyaboutthe velocity of the moving pointon
theellipse.ln thisvelocity-uncertaintgondition,steeoandvergenceangle
signalswere corruptedby noisewith thesamedistributionasin theWeber
condition,while the motion signalswere corruptedby addingzem-mean
gaussiamoiseto thevelocitiesof thepointtravelingaroundtheellipse.

Webemoisewasaddedothevergenceanglesignalin all noiseconditions
becausex Webernoisemodelis a conservativeone,due to the vergence
angle’'sbeinginverselyrelatedto viewing distanceln addition,a fourth
conditionwasconsideed asa contol. In this no-noisecontmol condition,
noisewasnot addedto any of the cues.This conditionwasusedto check
thatit wasaddednoisethatlimited performancef themodelsin all noise
models,motion andsteeo noiselevelswere setat valueschoserto make
steeoaslightly morereliablecuefor judgingthedepthof anellipse.These
noisdevelsareconsistertvith psychophysicalata(e.g.Rogers& Graham,
1982).(Table 1 in appendixA containsthe equationsusedfor the noise
models.)

3 Tasks

Thedepthof anellipseis thedistancerom the pointon the ellipseclosest
totheobserveto thepointfarthestaway;its width is thedistancdromthe

left-mostpointto theright-mostpoint (seeFigure 1, panelB). Theshapeof

anellipseis definedastheratio of theellipse’sdepthto its width. Thisratio

is sometimesefered to asthe form ratio. Cuesfrom which shapecanbe

calculatedndependentlyf absolutedepth width, or viewing distanceare

known asscale-invariantues Cuesfrom which shapecannotoecomputed
independenof suchinformationare knownasscale-dependenties

Motion is a scale-invariantuebecausdothwidth anddepthscalelin-
earlywith viewing distance(seeFigure 3). Forexampleanobjectof 40cm
depthat a viewing distanceof 240 cm producesthe sameretinal motion
signalasan objectof 20 cm depthat half that viewing distance Because
width from motion alsoscaledinearly with viewing distance shapecan
bedirectly computedwithout explicit knowledgeof the viewing distance.
However motion aloneprovidesonly a shapecue;without information
abouttheviewing distancepr the sizeor velocity of the object,therisno
way of inferring objectdepth.

In contrastto motion, steeois not a scale-invariantue.Although the
width of anobjectindicatedby retinalsteeodisparitiesscaledinearly, the
depthof anobjectindicatedby agivenretinalsignalscalesvith thesquae
of the viewing distance(seeFigure 3). The samedisparity retinal signal
indicatesan objectof 20cm depthat a viewing distanceof appioximately
172cmor anobjectof 40cm depthat a viewing distanceof 240cm. Steeo
disparitiesaretherefore scaledependentherisnoway of inferringshape
informationindependenof theviewingdistanceAlthoughsteeodispari-
tiesareoccasionallyescribedsabsolutelepthcuesit isnecessario have
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Figure 3: Scalingof motion and steeo retinal signalswith distancefrom the
observer

an estimateof the vergenceangleor the viewing distanceto obtaineither
objectdepthor shapeinformationfrom steeo information. This needto
scaledisparitiesby the viewing distanceis referied to asthe stereoscaling
problem AswouldbeexpectedromthegeometrybothJohnstor{1991)and
Durgin etal. (1995)havefoundevidencehatdepthestimatesnediatedy
steeodisparitiesverescaledby theviewingdistancesstimateln addition,
Trotter, Celebrini,StricanneThorpe andimbert(1992oundthatresponses
of V1 cellswere modulatedoy changesn theviewing distance.
Differencesn thegeometricainformationprovidedbythescale-invariant
cueof motionandthe scale-dependesteeocuemotivatedusto examine
bothanobjectdepthtaskandanobjectshapeaask.

4 Models of Cue Combination

A serieof nonlinearartificialneuralnetworkgrainedusingthebackpopa-
gationoptimizatiomalgorithmwereusedo simulatehedifferentobservers.
Eachnetworkperformedaregressionpossiblynonlinearthatmappedn-
putsto outputs.In this study any reasonableegressionprocedue could
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be used.In contrastto reseacherswho useneuralnetworksfor the pur-
posef biologicalmodelingoursimulationsvereintendedasafunctional
studyof cuecombinationNeuralnetworkswere usedbecaus¢heyhavea
numberof convenientomputationapropertiesTheyshowcomparatively
fastlearningand good generalizatioron a wide variety of tasks(Chau-
vin & Rumelhart,1995).Their theoketical foundationsare alsobecoming
increasinglybetterunderstoode.g.,Chauvin& Rumelhart]1995;Smolen-
sky, Mozer, & Rumelhart,1996).In addition, they are efficient and easy
to implement.Their parametervaluescanbe estimatedusinga gradient-
descenprocedue in which the relevantderivativesare computedusing
animplementatiorof the chainrule knownasthebackpopagationalgorithm
(RumelhartHinton, & Williams, 1986).The recursivenatuee of this algo-
rithm makeseuralnetworksefficientto run on relativelylarge-scaléasks
andeasyto program.

Theinstance®f the strongfusion,weakfusion,andmodifiedweakfu-
sionmodelsusedin our simulationsare illustratedin Figure 4. Eachbox
in the panelsrepresentsan independennetwork, and the labeledlines
representhe flow of informationbetweerthe networks.With oneexcep-
tion, notedbelow the networkshavea genericform (aninput layerfully
connectedo a hiddenlayer, which is fully connectedo anoutputlayer;
the hiddenunits of the networksusethe logistic activationfunction,and
the outputunits usea linear activationfunction; the networksare trained
to minimizethesumof squaed-erpr objectivefunction). Theinputsto the
networkswerelinearlyscaledofall in theintervalbetween-1andl(steeo
disparitiesandretinal velocities)or betweerD and1 (vergenceangle);the
desied outputswere scaledto fall in the interval between0 and 1. Each
networkof eachmodelwastrainedindependentlyor 3000epochsandthe
networksweretrainedin theirlogicalorder(e.qg.,if theoutputof networkA
is aninputto networkB, thennetworkA wastrainedbefore B). At theend
of training, networkperformancesadreachedasymptoteln generalthe
simulationsshowedvirtually nooverfitting,possiblydueto thefactthatthe
noisyinput signalspreventedhe networksfrom memorizingthetraining
data.Thenumberof hiddenunitsandthelearning-ratgparametefor each
networkwere optimizedundertheWebermoiseconditionin thesensehat
networkswith feweror more hiddenunitsor with adifferentlearningrate
showedequalor worsegeneralizatiomperformance(Furtherdetailsof the
simulationsare providedin appendixA.)

Figure 4 (panelA) illustratesthe strong fusion model. The modelcon-
sistedof two networks.Thefirst network(labeled‘viewing distance”)re-
ceivedanestimateof thevergenceangle(yy) asinputandcalculatedanesti-
mateof viewingdistanc€d,). Thesecondetwork(labeled‘unconstrained
interaction”)receivedasinputasetof 20steeodisparitieqs;, i = 1, ..., 20),
asetof 20retinalvelocities(m;, i = 1, ..., 20),andtheviewing distancees-
timateproducedby the precedingnetwork.Theoutputwasan estimateof
eitherthedepthor theshapeof theellipse.Becausé¢his networkcontained
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Figure4: Instancesfthestrongfusion,weakfusion,andmodifiedweakfusion
modelsusedin thesimulations.

hiddenunitsandwasfully connectedthe strongmodelwasrelativelyun-
constrainedand could form high-oder nonlinearcombinationof steeo,
motion,andvergenceangleinformation.
Theweakfusionmodel,shownin panelB, consistedf four underlying
networks.Thefirst network,like thefirst networkin the strongmodel,re-
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ceivedasinput the vergenceangle(y,) and computedan estimateof the
viewing distanceg(d,). The steeocomputatiometworkusedthe viewing-

distanceestimatecomputedoy theinitial network(d,) andthesetof steeo
disparitiegs;) toestimatesitherthedepthortheshapeftheellipse Themo-
tioncomputatiometworkusedheviewing-distancestimateeomputedy

theinitial network(d,) in conjunctiorwith thesetof 20retinalvelocities(m)

to provideanindependengstimatef ellipsedepthor shapeTheweighting
networkwasgiventhe estimateof viewing distanceestimatgd,) asinput
andthencomputedhelinearcoeficients(ws andwy,) usedto averagehe
outputsof the steeo (depth)) and motion (depth,) computatiomnetworks
soasto producethe bestfinal estimateof depth.Forthe objectdepthtask,
for exampletheweightingnetworkcomputedheweightsws andw,, asa
functionof the estimated/iewing distancgd,) usingtheequation

depth= (w; x depth) + (wn x depth,), 4.1)

wheredepthis theweakfusionmodel'sfinal estimateof objectdepth depth
istheoutputestimateof theunderlyingsteeocomputatiometwork depth,
is the outputestimateof theunderlyingmotioncomputatiometwork,and
ws andw, are, respectivelythe weightsusedto averagethe outputesti-
matesof the steeoand motion networks.Whereasthe othernetworksof
thecuecombinatiormodelshaveageneridorm, theweightingnetworkis
nonstandat in thesensehatits outputunitis asigma-piunit (Rumelhart,
Hinton, & McClelland,1986).Specificallythe weightingnetworkhasfour
layersof units:aninputlayer, ahiddenlayer, alayerconsistingdf two units
(the activationsof theseunits are the valuesw; andwy,), and an output
unit. Theweightsontheconnectiongromthetwo unitsin thethird layerto
the outputunit are setequalto the depthor shapeestimateproducedby
thesteeocomputatiometworkandmotioncomputatiometwork,respec-
tively. Becausehe two unitsin the third layer usethe logistic activation
function, the weightsws andw, are constrainedo lie betweernzemo and
one;theyare notconstrainedo sumto one.

Fourof thefive underlyingnetworksof themodifiedweakfusionmodel
(panelC of Figure 4) were nearlyidenticalto theweakfusionmodel.It dif-
fered from theweakmodelin including oneadditionalnetworkthatwas
usedomodelaninstancef cuepromotion.Johnstoretal. (1994)oundthat
the combinationof steeoandmotioncueshelpedhumanobserversolve
the steeoscalingproblemwhentheywere askedtio choosewhich of a set
of cylindersappeagedcircular We modeledhis combinatiorof motionand
steeobyincludinganetworkthatmappedetsof steeodisparitiegs;) and
retinalvelocities(my) to provide anadditionalestimateof the viewing dis-
tance(ds). Retinalvelocitiesscalenverselywith viewingdistancewhereas
steeodisparitiesscaleinverselywith the squae of the viewing distance.
Consequentlyhere is only oneobjectdepthat oneviewing distancethat
is consistenwvith both motionandsteeoretinal signals(seeFigure 3). By
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combiningmotionandsterodisparityinformation,throughthisintersec-
tion of constraintshothobjectdepthandviewingdistanceeanbecomputed
withouttheneedfor additionalinformation,suchasthevergenceangle.In
the modifiedweak model, limited nonlinearinteractionbetweenmotion
and steeowasallowedfor the purposeof computingthis additionales-
timate of the viewing distance(dsm). This viewing-distanceestimatewas
generallymore accuratethan the vergence-anglestimate(d,) underthe
noiseconditionsstudied.Underthe Webernoisecondition,for example,
thecorrelationcoeficientbetweerthe estimateof viewing distanced, and
therealviewing distancewas0.7821,while the correlationcoeficient for
dsm andtherealviewingdistancevas0.9166correspondindo arootmean
squae (RMS) error nearlytwice aslarge for d, than dsn,. This improved
steeo-motionviewing-distancesstimatewasusedasan additionalinput
to themotion,steeo,andweightingnetworksof themodifiedweakfusion
model.

5 Experiment 1

The first experimenttompaed the performance®f the different models
(strong,weak,and modifiedweakmodels)on the two tasks(objectshape
and objectdepthtasks)undervariousnoiseconditions(Webernoise,flat
noise,velocity-uncertaintynoise,andno noise).Figures5 and 6 showthe
resultson the objectshapetask and objectdepthtask, respectivelyThe
two graphsin eachfigure showthe models’ performancesn the Weber
noiseconditionandin theno-noisecondition.Performancem theflatand
velocity-uncertaintyioiseconditionsvereverysimilartothosean theWeber
noiseconditionand,thus,arenotshown.Thehorizontalaxisof eachgraph
givesthe model;the vertical axis givesthe generalizatiorperformanceat
theendof training. Themetricusedtio quantifygeneralizatioperformance
isthecorrelationbetweertheactualoutputof amodelandthetargetoutput
(therealshapeordepthof anellipse)usingasetof testpatternghatdiffered
from the patternsusedduring training. The error barsin the graphsgive
thestandad error of themeanfor 10runsof eachmodel.

None of the modelswe simulatedhad any difficulty in solving either
the depthtaskor the shapetaskin the absencef noise,asshownby the
comparativelygood performanceof eachof the modelsin the no-noise
contol condition.Ratherthanlack of computationapower it wasadded
noisethat was the mostsignificantfactor limiting performancdor each
model.Goodgeneralizatioperformancevasthereforebasedntheability
of eachmodelto resolveambiguitydueto noise.This resulthighlightsthe
seriousnesef the problemmentionedabove:thattheoristsproposingcue
combinatiormodelshavefailedto specifynoiseconditionghatarerealistic
and canbe usedto distinguishthe relative strengthsand weaknessesf
competingcuecombinatiormodelsintheabsencef noise widely different
modelsall showgoodperformance.
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Figure5: Generalizatioperformancesfthestrong(S),weak(W),andmodified
weak(MW) modelsontheobjectshapeaskin the (top) Webernoisecondition
and (bottom) no-noisecondition. Generalizatiorperformancevas quantified
asthecorrelationbetweera model’sactualoutputandthetargetoutputusing
thesetof testpatternsStandad error barsfor 10runsare shown.

Theshapeaaskwaseasiethanthe objectdepthtask.As canbeseerby
comparingFigures5 and6, the generalizatiorperformancesn the shape
taskwereconsistentlhpetterthanthoseontheobjectde pthtask.Becaus¢he
shapdaskwassignificantlyeasieffor all threemodelsthisresultis unlikely
to be dueto a specificarchitecturalproperty of a particularmodel. The
resultsare alsoindependentf the particularnoiseconditionused.Shape
is ascale-invarianpropertyof objectswhermrasobjectdepthis susceptible
to uncertaintyin theviewing-distancesstimatelt is the scaleinvarianceof
theshapeaaskthatmakest easielto solve.
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Figure6: Generalizatioperformancesfthestrong(S),weak(W),andmodified
weak(MW) modelsontheobjectdepthtaskin the (top) Webernoisecondition
and (bottom) no-noisecondition. Generalizatiorperformancewvas quantified
asthecorrelationbetweera model’sactualoutputandthetargetoutputusing
thesetof testpatternsStandad error barsfor 10runsare shown.

Theliterature on visual perceptionoften containsan implicit assump-
tion thatpeopleuseasinglerepresentatiorof three-dimensionakpaceor
all tasks(e.g.,Gogel,1990). Recentevidencesuggestshowevey that dif-
ferenttasksmay involve the useof different spatialrepresentationge.g.,
Graziano& Gross,1994).In particularthere are reasongo believethatob-
serverdhaveseparateepresentationkrtheshapenddepthof objectsThe
shapeof objectsis a usefulcuefor objectrecognitionthatis independent
of distance-scalingffects,which providesa motivefor representingshape
independenthof depth(Brenney van Damme,& Smeets1997;Mishkin,
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Ungerleider& Macko,1983).0urresultsshowthattheshapdaskis easier
thanthe objectdepthtask.Becaus®bjectdepthrepresentationare neces-
sarily susceptiblgéo uncertaintyin the viewing-distancesstimate making
shapgudgmentsiependendnobjectde pthestimatesvouldunnecessarily
corrupt shapeestimatesSeparateepresentationsouldrestrictthe effects
of uncertaintyin viewingdistancesothatrepresentationsf scaleinvariant
propertiesare notneedlesslyormupted.

Figures5and6 alsoillustratethatthemodifiedweakmodelshowedhe
bestperformancen the objectdepthtaskandcomparablgerformanceo
the strong modelin the shapetask. This wasalsothe casein the flat and
velocity-uncertaintyhoiseconditions(notshown).Thisresultis surprising
becausein theory the strong modelshouldalwaysbe ableto performat
leastas well asthe modified weak model due to the fact thatit is less
constrainedHoweverthestrongmodeldid notperformbest;it seemshat
the complexity of the objectdepthtaskmeantthatthe absencef built-in
structure in the strong modelallowedit to fall into relatively poor local
minima of the error surfacein the presenceof noiseduringtraining. The
additionof extrahiddenunitsto the networksof the strongmodeldid not
remedythis problem.

In order to understandetterthe performance®f the modified weak
modelrelativeto thoseof thestrongmodel,we alsosimulatedwo variants
of the strong modeland onevariantof the modifiedweakmodel.Recall
thatthe stongmodelcontainsa networkthatmapsthe steeoandmotion
signalsandthe estimateof viewing distancebasedon the vergenceangle
(dy) to estimatef objectshapeor objectdepth.In thefirst variantof the
strongmodel,thisnetworkwasalsogivenasaninputtheestimateof view-
ing distancebasedon steeoandmotion signals(dsm). The generalization
performancesf this variantwere nearlyidenticalto thoseof the original
strong model (the averagecorrelation coeficients for the varianton the
shapeanddepthtaskswere 0.899and0.778;the correspondingraluesfor
theoriginal stongmodelwere 0.913and0.774).

In a secondvariant of the strong model, this network was given the
viewing-distancesstimatebasedn steeoandmotionsignalsbut notthe
estimatebasedon the vergenceangle(the first variantwasgiven both of
theseestimates)This variantalsodid not performbetterthanthe original
strong model(its averagecorrelationcoeficientson the shapeanddepth
taskswere 0.895and 0.710).For the sakeof completenessye alsosimu-
latedavariantof themodifiedweakmodel.In thisvariant,the networksof
the modelusedtheviewing-distancesstimatebasedn steeoandmotion
signalsputnottheestimatebasednthevemgenceangle.Thisvariantper
formedsimilartotheoriginalmodifiedweakmodelontheobjectshapeaask
andworsethanthe original modelon the depthtask(the averagecorrela-
tion coeficientsfor thevariantontheshapeanddepthtasksvere 0.899and
0.700ithecorrespondingaluesfor theoriginalmodifiedweakmodelwere
0.910and0.803).This outcomeis surprisingbecause¢he viewing-distance
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estimatebasednthesteeoandmotionsignals dsm, ismoreaccuratehan
the estimatebasedon the vergenceangle,d,. Oneprobableexplanations
thatd,, but notds,, isindependenof noisein the steeoandmotioncues,
andthis maybeimportantfor accuratelyestimatingdepth.

It shouldbe emphasizedhatno strong conclusioncanbedrawncon-
cerningthe superiorityof the modifiedweakmodeloverthe strongmodel
(oranyofthevariant=fit thatwesimulated)Wesuggesthoweverthatthe
superiorperformancesf the modifiedweakmodelprovide evidencehat
the constraintamposedon it are at leastnot overly restrictive.Although
nontrivial constraintsare imposedon the modifiedweak model,they do
notseemto impair its ability significantlyto find a satisfactorysolutionto
boththeshapeanddepthtasks.

Themodifiedweakmodelperformedsignificantlybetterthantheweak
model.Thisis becauseonstraintsmposedon the weakmodelprevented
any interactionbetweemmotion and stero cues.In the caseof the modi-
fiedweakmodel constrainedhteractiorbetweemmotionandstereosignals
providedarelativelyaccurateestimateof the viewing distanceThis accu-
rate source of informationaboutthe viewing distancegavethe modified
weakmodelasignificantadvantag®vertheweakmodel.

Therelativelygoodperformancef the modifiedweakmodelsuggests
thatthemodularityconstraintsmposedonit (themodelcontainsseparate
steeoandmotiondepthcomputatiometworksyonotpreventt fromfind-
ing agoodsolution.Thearchitectue of themodifiedweakmodelprovides
an adequateompiomisebetweemrmodularityandthe powerto combine
cues thereby showingboth good performanceand parsimoniousiesign.
Steeoandmotioninformationcould interactin a constrainednannerto
provideanadditionalestimateof viewingdistancewhile theoverallarchi-
tectueremainedessentiallymodular

Althoughthe comparativesimulationresultssuggesthatthe modified
weakfusion modelis a goodcandidateanodelof the combinationof mo-
tion andstereocuesfurthersimulationresultswith thismodelindicatebe-
haviorsthatare sensibldrom a computationalviewpointbutinconsistent
with existingpsychophysicalataln thissensethesimulationresultsshow
shortcomingsfthemodifiedweakmodel Wehighlighttheseshortcomings
in orderto provideafair evaluatiorof thestrengthsandweaknessesf this
modelandto encourageadvocate®f the modelto considemodifications
thatmay makethe model’'sbehaviomore consistenwith psychophysical
results.

Figure7givestheweightingof motionandstereoasafunctionof viewing
distancefor the differenttasksfor the modifiedweakmodelin the Weber
noisecondition. The horizontalaxis representghe viewing distanceand
theverticalaxisrepresentgsheweightsassignedo motionandsteeo (Wm
andw; in equatiord.1). Theweightingsof motionandsteeocuesn flatand
velocity-uncertaintynoiseconditionswere similar to theweightingsin the
Webemoiseconditionsandthereforeare notshown As mightbeexpected,
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Figure 7: Weightsassignedo motionandsteeoinformationby the modified
weakmodelasa function of viewing distancefor the objectshapeand object
depthtasks.Standad error barsfor 10runsare shown.

theweightsaddedappioximatelyto oneoverall distancedor bothdepth
andshapéasksn all noiseconditions althoughtheywere notconstrained
todoso.

In the caseof the shapetask(panelA of Figure 7), motioninformation
wasweightedfar more heavilythansteeoinformationfor all threenoise
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conditions.Thisis consistentith thefactthatretinalvelocitiesprovidea
scale-invariantueto shapeBecaus¢hemotioncueto shapés notsuscep-
tible to noisein the viewing-distancesstimatejt remainsconsistentlythe
mostreliablecueunderall conditionstested Theweightassignedo steeo
increasedvith viewingdistancan all threenoiseconditions.

In the objectdepthtask(panelB of Figure 7), the oppositeresultswere
found: steeowasweightedmore heavily thanmotion for all threenoise
conditions.Again, the weight assignedo steeo increasedwith viewing
distancdor all threenoiseconditions.

That the weight assignedo steeo increasedwith distanceis an un-
expectedinding becausat is inconsistentwith psychophysicatlata.The
resultsdiffer fromthe psychophysicaiindingsof Johnstoretal. (1994),as
well asthoseof severalotherinvestigatorsvho found increasedeliance
on motion asthe viewing distanceincreasedseeTittle et al., 1995,for a
discussion)Johnstoret al. (1994)explainedhis by arguingthatmotionis
amorereliablecueatfartherdistancesThedifferencebetweerthe perfor
manceof the simulatednodifiedweakmodelandthatof the observersn
Johnstoretal.’s studyis not easyto explainby assumingslightly different
noiseconditionsfor motionandsteeothanthethreewe used lt is alsonot
easyto explainby consideringlifferencesbetweerthe KDE displaysused
by Johnstoret al. and the displaysthat we used.(Appendix B provides
a lengthy discussiornof theseissues.)in short, analysisof the equations
relating either motion or steeo informationto estimatesof objectdepth
showsthatfor apointtravelingaroundafixedellipseataconstantvelocity
the depthestimatedbasedon steeobecomeanore accurateasthe viewing
distancencreaseselativeto the depthestimatedbasedon motion. There-
fore, it is not the casethat motionis providing more reliableinformation
atgreaterviewing distancesOnepossibleexplanatiorof thedifferencebe-
tweenthe simulationresultsreportedhere andthe psychophysicaflatais
that humanobserversavedifferent biasesin their estimatesf viewing
distancethanthoseincludedin the modified weak model. The distance
judgmentf humanobserversendto bebiasedowamd viewingdistances
of appioximately 1 meter;viewing distancedessthanthis valuetendto
be overstimatedwherasviewing distancegreaterthanthis valuetend
to be undeestimatedThis phenomenorns known asthe specificdistance
tendencyThe study of Johnstoret al., which reportedthat subjectselied
more strongly on motionatfartherviewingdistancesyseddistance®f 0.5
andl.2meterslt is likely thatobserversestimate®f viewing distanceare
more accurateat 1.2 metersthantheyare at 0.5meter andthis may affect
their relativeuseof motionandstereo.Our model,andthe modifiedweak
fusionmodelasoutlinedby Landyetal. (1995),doesnotincludebiasesn
viewing-distancesstimatesOur simulationresultssuggesthatadvocates
of thismodelmaywantto includesucha mechanisnin future versions.

As afinal conclusiorbasedn theresultsof experimentl, we returnto
theissueof singleversuanultiple representationsf visualspaceBoththe
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modifiedweakmodelandthestrongmodelperformedbetterontheshape
taskthanthedepthtaskfor all the noiseconditions.Therelativeweighting
of motionandsteeowassignificantlydifferentfor shapeanddepthtasks
for all noiseconditionsandoverawide rangeof viewing distancesThese
differencedetweertheshapeandthedepthtaskprovideasourceof moti-

vationfor havingseparatee presentationsf objectde pthandobjectshape.
Landyetal. (1995)proposedheexistencef adepthmapto whichall cues
were promoted.Our resultsmotivatethe additionalexistenceof a shape
map.Separateepresentationgor the depthandshapeof an objectwould

permitindependentueweightingfunctions allowingeachjudgmento be

separatelyomputedsoasto minimizethe effectsof noise.

6 Experiment 2

Experiment2 examinedthe ability of the modified weak modelto com-
pensatdor changesn therelativeusefulnessf differentcuesLandyetal.
(1995)suggestethatchangesn theweightsassignedo differentcuesfor
visualdepthmightserveto compensateearlyinstantlyfor change their
relativereliability. Young,Landy andMaloney(1993)foundthathumanob-
serversalteredtheweightsthattheyassignedo depthestimatedasedn
texture andmotioncuesasafunctionof the cues’reliabilities. Turneretal.
(1997)exposedbserverso displayswhereithermotionparallaxor steeo
disparity specifieda three-dimensionasinusoidalcorrugationin depth,
while theothercueindicatedrandompointsscatteedrandomlywithin the
volume.Theyfoundthatperformancesnadepthjudgmentaskimproved
whentheobserversveretold whethemotionor steeowastheinformative
cue.lt isthoughtthatthisimprovemenin performances dueto achange
in therelativedegeeto which observerseliedon motionandsteeocues.
Performancevasbetterwhenthesamecuewasrelevantfor anentireblock
of trials thanwhentherelevantcuechangedn a trial-by-trial basis.This
resultsuggestthatasignificanamounf cuereweightingnightnotoccur
instantaneously

We beganwith apreviouslytrainedsystemhatsimulatedhe modified
weakmodel.Eitherthestereoorthemotioncueindicatedanellipsevarying
in width anddepth;the othercuewassetto indicatea flat surfaceon the
fixationplane.Thecuethatindicatedaflat surfacevasthereforeuninforma-
tive asfar asjudgingthedepthor theshapeoftheellipsewasconcernedWe
examinedhedepthandshapesstimatesfthemodifiedweakmodelwhen
providedwith this contradictoryinformationfrom motionandsteeo.We
were interestedn how thedepthandshapeestimatesndtheweightsas-
signedto thedifferentcueschangedvertimewith additionaltraining.We
predictedthatthe weightassignedo the informative cuewould increase
at the expenseof the weight assignedo the uninformativecue.\We also
predictedthatthedepthandshapeestimate®f the modelwould improve
astheweightassignedo theinformativecueincreasedln thesimulations
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reportedin this section,the weightsassignedo steeoand motionwere

constrainedo benonnegativeandto sumto one.In addition,we consider
only theWebernoisecondition(theresultswith the othernoiseconditions
were qualitativelysimilar).

Theweightassignedo theinformativecuewasexaminedvertime for
the objectdepthtask. Whenmotion wasthe informative cue,the weight
assignedo motion(averageaverall testpatternsjncreasediramatically
overabout300patternpresentationsThe oppositeoccured whensteeo
wasthe informative cue,thoughthe effect waslessstrong dueto ceiling
effectsbecaus¢hemodelhadinitially reliedheavilyon steeoinformation.
Analogougesultsverefoundfor theshapaask Whensteeowastheinfor-
mativecue theweightassignedo steeosignificantlyincreasedvertime.
The weight assignedo motion significantlyincreasedvhen motionwas
theinformativecue,althoughthe modelinitially reliedheavilyon maotion,
andagain therefore,there were ceiling effects.

Figure8showsghedepthestimatesfthemodifiedweakmodelasafunc-
tion of realdepth.Thehorizontalaxisgivestherealdepthof anellipse;the
verticalaxisgivesthedepthestimateroducedoy themodel.Thefine solid
line alongthe diagonalof eachgraphrepresentperfectdepthconstancy
Thesolid circlesin the graphsrepresentthe depthestimateof the model
whenbothsteeoandmotionwereinformativecuesprovidinginformation
aboutthedepthof theellipse.Whenbothcueswereinformative, ,therewas
asmall,consistentendencyto overestimatahedepthof “shallow” ellipses
andundeestimatahedepthof “deep” ellipsesWe believethatthisis due
to theuseof asetof trainingpatternsn which,onaverageapatternrepre-
sentedanellipseof moderatelepth. Themodellearnedo biasits estimates
towamd this averageralue.

Thebottomgraphshowsthedepthestimatesf themodelwhenthemo-
tion cueindicateda flat surface Datashownare averageaverall thetest
patternsand,thus,are averagedverthefull rangeof viewing distances.
We predictedthatinitially (befole the modelreceivedadditionaltraining
allowingit to compensatéor thefactthatonecuewasuninformative)the
ellipsewould appearsshallowerwhenonecueindicatedaflat surface The
solid trianglesrepresentthe initial depthestimatesf the model. As pre-
dicted, the slopeof the function relating the depth estimatedo the real
depthsof theellipsesis comparativelyflat; the modelstrikingly undeesti-
matedthedepthsof theellipses . Thisresultis consistentvith thecommon
finding of undeestimationof depthby humanobserversn reducedcue
conditions(e.g.,Bulthoff & Mallot, 1988;Landy et al., 1991).The shaded
squaesreptesentthe depthestimate®of the modelafteradditionaltrain-
ing. Themodellearnedo rely almostentirely onthesteeocue.Thiscurve
appoacheshedepth-estimatéunctionof themodelwhenbothcueswere
informative(solid circles),althoughthere is a slightly greatertendencyto
undeestimatehedepthof deepellipsesandoverstimatehedepthof shal-
low ellipsesThegraydiamondgsepresenthedepthestimateof themodel
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Figure 8: Depthestimate®f the modifiedweakfusionmodelasa functionof
therealdepthof anellipse.(Top) The casewhenmotionwasthe informative
cueandthe steeocueindicateda flat surface (Bottom) The casewhenstereo
wastheinformativecueandmotionindicatedaflat surface Standad error bars
for 10runsare smallerthanthesymbols.
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halfwaythroughtheadditionaltrainingperiod.As mightbeexpectedthe
curvefalls halfway betweenthe initial depthestimatesf the modeland
theestimatesttheendof additionaltraining. Thisimprovemenin perfor

manceovertimeisduetothefactthatthemodellearnedo reweightmotion
andsteeo cuesso asto rely more heavily on the informative cue.Quali-

tatively similar resultswere foundwhenthe steeocuewasuninformative
(seethetop graphof Figure 8).

Figure 9 showsthe shapeestimateof the modifiedweakmodelasa
functionof realshapeThehorizontalaxisgivestherealdepth-to-widthra-
tio of anellipse(normalizedy themaximumdepth-to-widtthratio),andthe
verticalaxisgivesthedepth-to-widthratio estimateof themodel(alsosuit-
ably normalized) Thefine solid line alongthe diagonalrepresentperfect
shapeconstancyWhensteeoindicateda flat surfaceand motionwasthe
informativecue(top graph),there wasa small,consistentendencyto un-
derestimatehedepthof deepellipsesThesalataresemblgsychophysical
performancen severalstudieson motion parallaxthatrevealeda similar
tendencyby humanobserverso undeestimatehedepthof objectsvhose
depthwasgreaterthantheir width (Braunstein& Tittle, 1988;Caudek&
Proffitt, 1993,0n0& Steinbach]1990).CaudekandProffitt (1993)speculated
thatobserversvere usingacompactnesassumption—aassumptiorthat
objectsare aboutasdeepastheyare wide. Our simulationdata,howevey
revealthat anotherpossiblecauseis the reducedcue conditionsusedin
the psychophysicaéxperimentslt may bethat subjectauseda “flatness”
assumptionobserversnterpret the absencef a visual cueto depththat
normallyappearsn anenvimnmentasindicativeof alack of depth.In our
simulationspundeestimationof thedepthof deepellipsesincreasedvhen
eithercueindicateda flat object(ther is alsoanincreasen the undees-
timation of the depthof shallowellipses,thoughit is lesseasily noticed
for theseobjectsbecausef theirsmalldepths) Similarly, humanobservers
mayhaveinterpretedtheabsencef expecteduessuchasstereoortexture
information,asindicativeof alackof depth ,causinghemto undeestimate
thedepthof deepeellipses.

Thesolid circlesin Figure 9 representthe initial shapeestimateof the
modelwhen both steeo and motion were informative cues;the shaded
squaesrepresenthemodel’sshapeestimatesfteradditionalrainingdur-
ingwhichonecuewasmadeuninformative Overall,performancevasbet-
terwhenbothcuesvereinformative aswouldbeexpecteddowevershape
estimategor thevery deepestllipseswere more accurateafterrecoveryin
the casewhenmotionwasthe only informativecuethanwhenboth cues
were informative (top graph).Performancdor thesedeepestllipsesim-
provedwhenthe modelwasencouragedo usemotioninformationalone
ratherthanboth motion and steeoinformation. Again, this is consistent
with thefactthatmotionis a scale-invariantueto objectshapeandsteeo
is not.

Althoughtherehavebeerrelativelyfew studiesof howhumarnobservers
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Figure 9. Shapeestimate®f the modifiedweakfusion modelasa function of
therealshapeof the ellipse.(Top) The casewhenmotionwasthe informative
cueandthe steeocueindicateda flat surface (Bottom) The casewhenstereo
wastheinformativecueandmotionindicatedaflat surface Standad error bars
for 10runsare smallerthanthesymbols.



ModelingMotion, Steeo,andVergenceAngle Cuesto VisualDepth 1321

compensatéor reducedcueconditions examinatiorof thebehaviorof the
modifiedweakfusionmodelrevealsbehaviorthatis qualitativelysimilar
to psychophysicallatain certainrespectsi-orexample;Turneretal. (1997)
foundthatwhenhumanobserversliscriminatedasurfacdrompointsscat-
teredrandomlywithin a volume,theywere capableof goodperformance
with motion or steeoinformationalone.However whenmotionwasthe
reliable cue,the presenceof steeo asan unreliable cueimpaired perfor
mancesignificantly When the samecue was reliable through an entire
block of trials, performancemproved, suggestinghat observerdearned
to reweighttheir relative relianceon motion and steeo overtime. These
experimentatesultsare similar to the simulationresultsfound usingthe
modifiedweakmodel.Thepresencefacuefor “flatness”initially leadshe
modelto undeestimatebothshapeanddepthin amannerthatresembles
psychophysicatlatacollectedunderreducedcue conditions.The modi-
fied weakfusion modelis capableof learningto reweightcuesin orderto
usereliablecueinformationmore extensivelysimilarto humanobservers.
Becausdhe modifiedweak modelis broadly consistenwvith the limited
amountof psychophysicadlataavailable we tentativelyconcludethatthe
modified weak fusion modelmay provide a good modelof how human
observersearnto compensatéor changesn cueinformativeness.

7 Summary

Recentyearshave seena proliferation of new theoetical modelsof cue
combination especiallyin the domainof depthperception.This prolifer-
ationis partly dueto a poorunderstandin@f existingmodelsandpartly
dueto a lack of comparativestudiesrevealingthe relative strengthand
weaknessesf competingnodels.Threemodelsof visualcuecombination
weresimulatedaweakfusionmodel,amodifiedweakmodel,andastrong
model. Experimentl compaed the performance®f the threemodelson
a shapgudgmenttaskandan objectdepthtask. The resultssuggesthat
the constrainedhonlinearinteractionof the modifiedweakmodelallows
betterperformancehaneitherthelinearinteractionof theweakmodelor
theunconstrainedonlineaiinteractiorof thestrongmodel.lt seemsthere-
fore, thatthe modifiedweakfusion modelrepresentsa goodcompiomise
betweerthe needfor modularityandthe needfor cueinteraction.Further
examinatiorofthemodifiedweakmodelrevealedhatitsrelativeweighting
of motionandsteeocuesnvasdependendnthetask,theviewingdistance,
and,to alesserdegee,the noisemodel.Althoughthe dependenciewere
sensibldromacomputationaViewpoint,theyweresometimeiconsistent
with psychophysicaéxperimentatiata.Thefactthatdifferentweightings
wereusedfor differenttaskssuggestthatit is sensibldor humarnobservers
to usemultiple representationsf visualspace.

Experimen examinedhe ability of the modifiedweakmodelto com-
pensatdor changedn therelativeusefulnessf differentcueslt wasfound
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thatthemodelis capableflearningto reweightcuesn orderto usereliable
cueinformationmore extensivelysimilarto humanobserversOverall,the
simulationresultssuggesthat,relativeto theweakandstrongmodelsthe
modifiedweakfusionmodelis agoodcandidatanodelof thecombination
of motion,steeo,andvergenceanglecuesalthoughtheresultsalsohigh-
light areas,suchasthe specificatiorof noisemodels,in which this model
needsamodificationor furtherelaboration.

Appendix A

This appendixprovidesdetailsof the simulationsthatwere not included
in the main body of the text. The setof training patternswas basedon
ellipsesvarying betweenl0 and 50 cm in width anddepthand viewing
distancesbetween69 and 411 cm. The test datawere basedon ellipses
varyingbetweenl2and48cmin width anddepthandviewing distances
varyingbetweery2and408cm.Trainingpatternsverepresentedandomly
andthenetworkweightswereupdatedftereactpatterrmpresentatiomsing
the backpopagatioralgorithm.Ten independentunswere simulatedfor
eachtaskfor eachmodel.

Three noise conditionswere consideed: Webernoise, flat noise,and
velocity-uncertaintynoise. The noisedistributionswere alwaysgaussian
with ameanof zeio; thethreeconditionsdifferedin termsof thevariances
ofthenoisedistributionsandthesignalghatwerecorruptedby noiseln the
Weberandflat noiseconditionsthesteeosignals(s;,i = 1, ..., 20),motion
signalgm;,i = 1,..., 20),andvergenceanglesignal(y,) were corruptedby
noise;the varianceof the noisedifferedin the differentconditions.In the
velocity-uncertaintycondition,the steeoandvergenceanglesignalswere
corruptedby noisewith the samedistributionasin the Webercondition;
themotionsignalshoweveywerecormuptedby addingzeio-meargaussian
noiseto the velocities(vi,i = 1,..., 20) of the point travelingaroundthe
ellipse. The equationscharacterizinghe variancesof eachof thesenoise
conditionsare providedin Tablel.

The numberof hiddenunits andthe learning-rateparametefor each
network were optimized underthe Weber noise condition in the sense
thatnetworkswith feweror more hiddenunitsor with adifferentlearning
rateshowedequalor worsegeneralizatiorperformanceThenetworkthat
mappedhevergenceangleto anestimateof viewing distancehadlinput
unit, 25hiddenunits,and 1 outputunit. Thenetworkin the stongmodel
that mappedhe estimateof viewing distancethe motion signal,andthe
steeo signalto an estimateof shapeor objectdepthhad 41 input units,
40 hiddenunits,and 1 outputunit. In the weakmodel,the networksthat
mappedihe estimateof viewing distanceand eitherthe motion or steeo
signalsto anestimateof shaperdepthhad2linputunits,15hiddenunits,
andloutputunit. Thecorrespondingnetworksn themodifiedweakfusion
modelwere identicalexceptthatthey had 22 input units (the extrainput
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Tablel: EquationsCharacterizingheVariance®f theWebemMoise,FlatNoise,
andVelocity-UncertaintyNoiseConditions.

Weber Flat Velocity Uncertainty
o = (kd)? od = (3k) 0 = (ksdi)?
o = (k) o = (Gkn)? of = (knv)?
O'yz\, = (kyv)’v)z 0),2\/ = (ky\,}’v)z Uyzv = (ky\,Vv)Z

Note:§; denoteghe steeosignals,m; denoteghe motion
signalsy denoteshevelocityof thepointtravelingaround
theellipse,andyy, denoteshevergenceangle Thevariance
of thenoiseaddedo theith steeosignalis denotedZ; the
varianceof the noiseaddedto theith motionsignalis de-
noteds2;; thevarianceofthenoiseaddedo theith velocity
signalis denotedr2; andthe varianceof the noiseadded
to thevergenceangleis denotedyyzv. Theconstantsks, km,

andk,, wereusedto scalethevariancesThecoeficientof

a half in the flat conditionwasusedto equalizeappiox-

imately the varianceof the noisein flat and \Webernoise
conditions.

is the estimateof viewing distancebasedon motion and steeo signals).
Thenetworkin the modifiedweakmodelthatmappedmnotionandsteeo

signalsto an estimateof viewing distancehad 40 input units, 16 hidden
units,andloutputunit. Thenetworkin theweakmodelthatcomputedhe

weightsusedto averagehe depthor shapeestimatedasedon steeo or

motionsignals(ws andwyy, in equation2.1) had 1 input unit, alayerof 17

hiddenunitsfollowed by alayerof 2 hiddenunits (theactivationsof these
unitswere theweightsws andwy,), and1 outputunit. The corresponding
networkin themodifiedweakmodelwasidenticalexcepthatit had2input

units.

Appendix B

Somereseachershaveclaimedthat motionis a more reliable cueto ob-
jectdepththansteeoat greaterviewing distancegseeDurgin etal., 1995;
Johnstoretal., 1994).This appendixanalyzeshe equationselatingeither
motionor steeoinformationto objectdepthin orderto showthatfor apoint
travelingarounda fixed ellipseat a constantelocity, the depthestimates
basednstereobecomanoreaccuratastheviewingdistancencreasesel-
ativetothedepthestimateb®asednmotion.Therefore,itisnotthecasehat
motionis providingrelativelymorereliableinformationatgreateniewing
distances.

For the sakeof brevity, we consideronly the flat noisecondition(simi-
lar resultsare found usingthe Webernoisecondition). The appendixfirst
considerghevarianceof the objectdepthestimatesvhennoiseis addedo
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thesteeoandmotionsignalsbut not to the vergenceanglesignal. Thenit

considerghecasewhenall signalsare corruptedby noise.
Considemwobjectdepthestimatedasedn steeoinformationfirst. Using

thesmallangleappoximation,it is thecasethat

I I
depth ~ ; — % B.1)

whete depthy is the objectdepthestimateand| is theinteroculardistance
(usingcm asthe unit of measuement),andys andy, are the anglessub-
tendedby thepointsontheellipsefarthesfromandneaestto theobserver
(seeFigure 2). Theonly variabledn thisequatiorthatchangewith viewing

distanceaare y; andy,. Thedependenciesf thesequantitiesontheviewing

distanceaare givenby (againusingthe smallangleappoximation)

|
"~ ——g ®2)
D+4

and

! (B'3)
d
D-¢

Yn ~

whermreD is theviewing distancgin cm)andd is thedepthof theellipse(in
cm).

Now considepbjectde pthestimatebasednmotioninformation(using
thesmallangleappioximation):

/ V/

V
depth ~ — — — B.4
pth, m (B4)

wherredepth, istheobjectdepthestimatey’ isthecomponenof themoving
point’svelocity (in cmperframe)thatis parallelto thefrontoparalleplane,
andmy andmy, aretheretinalvelocitiegexpressedn degeesofretinalangle
perframe)whenthepointisatthelocationsontheellipsefarthestfromand
neaestto theobserverTheonly variablesn thisequatiorthatchangewith

viewingdistanceare m; andmy,; thedependencieare givenby

mf=—-y (8.5

and

(B.6)
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Comparisonsfequation8.1andB.4,B.2andB.5,andB.3andB.6indi-
catethat objectdepthestimategrom steeoinformationandfrom motion
informationscalesimilarly with viewing distancelndeed theyscaleiden-
tically excepffor a scalingfactor.

Whennoiseis addedto the steeoandmotion cues,it oughtto bethe
casdhatthevariance®f thedepthestimatebasednstereosignalsandon
motionsignalsscalesimilarly with viewingdistanceConsidetheflatnoise
conditionin whichthe noiseaddedto the steeoandmotionsignalshasa
fixed distribution(for themomenttheris no noiseaddedo thevergence
angle).Usingthe fact thatthe disparity§; is equalto y; — y, andthe fact
thatin theflat noiseconditionzel-meangaussiamoisewith variances?
is addedo thedisparitys;, equatiorB.1 canberewrittenas:

| |
w + (8¢ £ 03) w + (6p £ 05)
N | |
Yitos ynEos

depth ~ B.7)

(B.8)

Forthemotioncue,zelo-meargaussiamoisewith variancernzq isaddedo
theretinalanglem,. EquationB.4canberewrittenas:

/ v/

depth, ~ (B.9)

)
M £ om  Myh—om

Inspectionof equationdB.8 and B.9 showsthatthe varianceof the depth
estimateshasedon steeo information and on motion information scale
identically with viewing distancewhenthe cuesare corruptedby noise,
excepftfor ascalingfactor

Theinfluencesof noiseon objectdepthestimatesare not easyto ascer
tain by visual inspectionof the relevantequationswvhen noiseis added
to the vergenceanglesignal,aswell asthe steeoandmotion signals.\We
havetherforeconductechumericabnalysedy pluggingnumbersntothe
equationandplottingtheresults Theequationsisedn theseanalysesire
thosen thisappendixthoughwithoutthesmallangleappioximation)and
equation2.1in the main body of the text. We useda fixed ellipsewith a
pointtravelingaroundtheellipseat a constantelocity The magnitudeof
thenoiseaddedo (or subtractedrom)themotionsignalswassetequalto
omi (@sdefinedin the flat noisecondition;seeappendixA); similarly, the
magnitudeof the noiseusedto corrupt the steeosignalswassetequalto
osi,andthemagnitudeof thenoiseusedo corruptthevergenceanglesignal
wassetequalto o, . Nineviewingdistancesvere consideed,spanninghe
rangeusedin thesimulations.

Theresultsare shownin Figure 10. The horizonalaxisof panelA gives
theviewingdistancen centimeterstheverticalaxisgivestheobject-depth
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estimatdthetrueobjectdepthis 10cm).Letd®*andd?’" denotehelargest
andsmallestdepthestimatest a givenviewing distanceproducedusing
combination®f noisymotionandvergenceanglesignaldor afixedamount
of noise(for examplejt maybethatthelargestdepthestimatds produced
whennoiseis addedothemotionsignalsandsubtractedromthevergence
anglesignal,wherasthe smallesestimatds producedvhennoiseis sub-
tractedfrom the motion signalsand addedto the vergenceanglesignal).
Similarly, let d"®* anddg“i” bethelargestandsmallestdepthestimatepro-
ducedusingcombination®f noisysteeoandvergenceanglesignals Asis
shownin panelA, with veryshortviewingdistancegaround80cm),depth
estimatedasedon noisy motion and vergenceanglesignalsare slightly
moreaccuratehandepthestimatedasednnoisysteeoandvergencean-
glesignalsHoweverfor all otherviewingdistancesjepthestimatebased
on steeosignalsare more accuratehanthosebasedn motionsignals.

Definethemotionandsteeoermorsatagivenviewingdistancedenoted
em ande;, asfollows:

1 )
en=3 (|dmaX— df + [dmin — d|) (B.10)
1 .
& = 3 (1™~ d+d"™ ~d). (B.11)

whetre d is the true objectdepth.Definethe accuracie®f the depthesti-
matesbasedon motion signalsandon steeo signalsasthe recipiocalsof
the squaed correspondingerrors (e,2 andegz). Finally, definethe motion
andsteeoweights:

€
€m” + €5

65_2
€m” + €5

In the caseof thesimulationswhere theamountof noiseis arandomvari-
able(ratherthanasinglefixed valueasin thisappendix)we would expect
the weightsof the motion and steeo cuesto beinverselyrelatedto their
relative variances.The weightsin equationsB.12 and B.13, basedon the
relativeaccuracie®f the depthestimatedrom motion and steeo signals
for afixedamountof noise,are shownin panelB. Thehorizontalaxisgives
the viewing distancethe vertical axis givesthe weights.Consistentvith
the neuralnetworksimulationresults(seeFigure 7), the weightassigned
to steeoincreasesith viewing distancewhereasthe weightassignedo
motiondeceases.
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Figure 10: (PanelA) Theupperandlowercurvesof shadedlotsgivetheobject
depthestimates"® and d'" producedwhen noisecoruptsthe motionand
vergenceanglesignalstheupperandlower curvesof soliddotsgivethedepth
estimatesf"> andd"" producedwvhennoisecoruptsthe steeoandvergence
anglesignals(PanelB) Theweightsassignedo motionandsteeo.
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