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ABSTRACT

A neuralnetwork is usedfor three-dimensiondBD) reconstructiorf apoint
from apairof imagesobtainedwith anactive sterecsystem.Ouractive stereo
systemdescribeghe positionof a point with eight parameterstwo panan-
gles,two tilt anglesandtwo-dimensionatoordinate®f the projectedpoint
in eachimage. Three-dimensional3D) reconstructiorconsistsof learning
thefunctionwhich mapstheseeightparameterso the 3D world coordinates
(Xw, Yw, andzy). This paperoutlinestwo possiblenetworks for learning
the mappingfunction. One containssimple Gaussiameuronsn the hidden
layer The otheris composedf neuronshasedon a modelof the neurons
in the parietalcortex of the humanbrain thoughtto be involved in 3D re-
constructiorfrom visual data. The papercompareghe performancef each
network. We evaluatethe size of training setrequiredandthe effect of the
selectiormethodusedto obtainthetrainingexamples.

INTRODUCTION

Threedimensionalreconstructiorwith active stereocamerass a dif cult problem.
The traditional kinematicmodel basedapproacheganinvolve morethanforty different
parametersFindingtheseparametersequiresa complicateccalibrationprocedureandthe
collectionof severaldifferentimagegKnight andReid,200Q Guse,1999. Neubertetal
[2001] suggesthataneuralnetwork (NN) mayprovide amoreaccuratendrobustmethod
for 3D reconstructionThis paperfurtherexplorestheability of arti cial neuralnetworksto
estimatethreedimensionakoordinatesrom a dynamicstereohead. Two neuralnetwork
structureswvere investicated. The networks were comparedusing sumsquarecerror and
optimumsizeof thetrainingset.

Feed-forvard neuralnetworks are often usedto approximateunctionsandhave sev-
eraladvantageover the standardnodel-basedpproactto 3D reconstructiorfrom stereo
images.They do notrequirea pre-supposedameraandkinematicmodel,andarerobust
to noisein the training data. This makesthemwell suitedto the reconstructiorproblem,
but regressiorwith a neuralnetwork canrequirea ratherlarge setof trainingdatato create
aquality modelof thefunctionandavoid over tting.

Oneof themostimportantfactorsin usinga neuralnetwork to approximatea function
is the properchoiceof the network structureandneurongPoggioandGirosi, 1997. Sim-
ple traditionalneuralnetworks arewell understoodbut may not be capableof providing a
goodapproximatiorof the desiredfunction. This paperwill justify the addedcompleity
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of the biologically inspired neuralnetwork by comparingit to the simple Gaussiarra-
dial basisfunctionnetwork similar to thoseproposedy othersiMoody andDarken, 1989
PoggioandGirosi, 1990].

A descriptiorof dataselectiormethodss givennext. Followedby adescriptiorof the
biologically inspirednetwork, the Gaussiametwork, andthe methodsusedto train them.
Thenthe ndings will besummarizecinddiscussed.

DATA SELECTION METHODS

Eachnetwork was trainedwith 1000, 1776, 2000, 4000, and 8000 training exam-
ples.For eachsetdatawasselectebothrandomlyandsystematicallyfrom approximately
16,000examplesgatheredusing the methoddescribedby Neubertet. al. [2001]. The
randomselectionmethodoccurredwithout replacementnd eachsamplehad the same
probablity of beingselected.The systematianethodattemptsto minimize the maximum
amountof spacebetweertraining examples.Becauseve know the positionof the points
thisis atrivial task. We conjectureahatthatthis methodwould provide a betterrepresen-
tation of the variablespacethanthatof the randomselection especiallywith smallerdata
sets but thiswasfoundnotto bethe caseaswill beshavn.

BIOLOGICALLY INSPIRED NEURAL NETWORK

TheBiologically InspiredNeuralNetwork (BioNet)wasutilized becausé is basedn
amodelof a systemthathasbeenhonedby tensof thousand®f yearsof evolution. This
paperdemonstrateghat the active stereosystemsharesenoughsimilarities with human
eyesthatthis modelof the neuronsgn the parietalcortex performswell on this dataset.
BioNet Structur e: The network wascomposedf threelayersof neurons.The rst layer
wasthe input layer, which consistedof the eight randomvariables: panandtilt of each
camera,and position of the blob centroidin eachimage. A subsetof the input layer
was connectedo eachof the neuronsin the hiddenlayer The structureof hiddenneu-
ronswasbasedon Pougets modelof thosecontainedn the parietalcortex of the human
brain[Pouget,1994. Theseneuronsveremodeledasa productof a sigmoidanda Gaus-
sian. This product,referredto asa basisfunction, hadthefollowing form:
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The hiddenneuronh; hadtwo inputsx and . Inputx wasoneof the coordinatesof a
target centroidin theimage,and is oneof the PTU angles. The imagepositioninputs
areeachpairedup with oneof the PTU's angleinputs. This leadsto four setsof neurons
(Uier t; tef t), (Vief t; tef t), (Uright; right ), @nd(Vrignt ; right ). Thesegroupingsof
hiddenneuronswill bereferredto asa quadrants Eachof the quadrantsarelaid outin a
grid basedntheircentersx; and ; (SeeFigurel).

Thehiddenneuronswerefully connectedo the outputneuronsXworid » Ywor id » and

Zworid - Theoutputneuronsweresimplelinear neurons.Their valuewasa weightedsum
of theoutputsfrom the hiddenneurons.
BioNet Training: Four parametersveretunedby thetrainingalgorithm: Gaussiamadius,
sigmoidradius,numberof neurons.andthe weightsfrom the hiddenlayer to the output
layer. This training methodis a modi cation of the work done by Fritzke [1994] and
Blanzieriet. al.[1995].

Thetrainingdatawasdividedinto two sets tuningandtraining (trainind refersto the
portionof thetrainingsetnotallocatedo tuning). Thetuningset,10%of thetotal training
data,wasusedto predictthe performancef the network on examplesthatwerenotin the
trainind set,thusallowing trainingto be stoppedbeforethe network beginsto generalize
poorly.

The neuroncenterswereinitialized by choosingthe desirednumberof centervalues
to positionalongeachcomponenin theinputvector Thecentervalueswereevenly spaced



Figurel: The grid on the left represents the initial network and the one on the right
represents a trained network. Several new neurons added through training can be
seen on the right. The neurons are the large dots and their position is determined
by their center, x; and ;. The lines connecting the neurons represent neighbor
relationships.

over a the rangeof the trainind’ data. All the possiblecombinationsof the valuescorre-
spondingto a quadranbecameheinitial centersof the neurondn thatquadrantFigurel
shavs a quadrantwith threeinitial centervaluesalongeachcomponenbf theinput vector
thatcorrespondso thatquadrant.

The neighborsof eachneuronwere found by locating the neuronswith the closest
centerin eachof thefour directions(SeeFigurel). Theseneighborsverelaterusedin the
placementf nev neurons.

Theradii of the sigmoidandGaussiarweredetermined.Theradiusof eachfunction
was de ned as the averagedistanceto neighborsin the direction of the function. For
examplethe radius of the Gaussianof neuronB in left side of Figure 1 would be the
averageadistanceof E andC from B, while theradiusof the sigmoidis theaveragedistance
to A andD from B. If the neurondidn't have ary neighborsn oneof the directionsthen
thatradiuswassetto the averageradii valueof the neighborghatit had.

Therearetwo widely usedmethodsto determinethe properweight vectorfor each
outputneuronmatrixinversion(leastsquarecerror)or backpropagtion. Matrix inversion
in generals aO(n®) operatiorandlargeamountsf trainingdatacanrequireaundesirable
amountof CPUcycles.Matrix inversionalsoproducedveightsontheorderof 10° causing
poorgeneralizationn theinitial testing. Thuswe usedabackpropagtionapproachwhich
useggradientdecento minimizetheerrorfunction:
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wherey; wasoneof theoutputsof thenetwork andd; wasits correspondinglesirecoutput.
After eachtraining examplepresentedluring backpropagtionthevaluesof A; , the
actiity of the hiddenneuronj, E;;, the sumof the error valuesfrom outputneuroni
associateevith hiddenneuronj , andEf‘ibs , thesumof themagnitudeof theerrorattributed
to hiddenneuronj , areupdated.The changen A, Ej;, and Ef‘ibs for thej = s, where
neurons wasde ned asa neuronwith the closestcenterto the input in a quadrantwas
As, Esi,and E2s respectiely.

As = as (3)
whereas wasthe outputof hiddenneurons and

Esi = (di Vi) 4)



ES® = jd vt (5)
Thechangein the A, Ej andEﬁlbs forj 2 hidden neurons andj 6 sis de nedas
follows:

A= A (6)
Eji = Eij (7)
Ejaibs - Ei:j:lbs (8)

where wastherateof decayof thepastvaluesand 2 [0; 1]. Thegreatethemagnitude
of alphathe shorterthe memoryof pastvalues.
After G examplessachquadrantvaschecledto seeif ary neuronshave anactiation,
A;, greaterthanthe userde ned threshold. If one or more neuronswere found, then
theiraccumulateerror, E;, wascalculatecandusedto determinevherethe new neuron
shouldbeinsertedn eachquadrant.
S —x
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Equation(9) is a slight variationon that developedby Blanzieriet. al. [1995]. Blanzieri
describeshe equationE; j Ej‘*bS , whichis intendedfor a singleoutputnetwork. Equa-
tion (9) istheL > normof all the E;; associateavith hiddenneuronj . Theaccumulated
erroris anindirectcalculationof the variationin the error. If the weightswerethe source
of theerror E; wassmallbecausall the errorhadthe samesign; thusthe magnitudeof
the absolutevalue of the error hadthe samemagnitudeasthe sumof the error If anev
neuronwasneededo reduceerrorthesignof the error shouldbe changingoringingabout
asumof errornearzeroandproducingalarge E;.

Oncetheneuronwith thelargest E wasfoundin eachquadrantaneuronwasadded
betweenthat neuronandits neighborwith the greatest E. The addition of the neuron
resultsin adecreasef Aj, Eji, andEj’"ibs by afactorf for theparentneuronsTheparent
neuronsvereno longerneighborsput they wereeacha neighborof the nev neuron.The
weightson the outputof the newly insertedneuronwasinitialized to the averageweights
of its parentsThentheneighbordn thedirectionorthogonalo its parents arelocated.

This processvasrepeatedintil a userspeci ed numberof epochshasoccurred.The
algorithmthenreturnsthe network thatperformedhebeston thetuningset.

GAUSSIAN RADIAL BASISNETWORK

TheGaussiamadialbasisnetwork consistedf threelayers,input, hidden,andoutput.
This wasthe samebasisnetwork that was usedby Fritzke [1994]. His paperstatesthat
a Gaussiametwork with this structure,in principle, shouldbe able to approximatearny
smoothfunction.
GaussianNetwork Structur e: Theinput layerwasareplicaof thatdescribedabove, but
unlike thebiologically inspiredNN theinputlayerwasfully connectedo thehiddenlayer.
Thehiddenlayerwasmadeup of neuronawith Gaussiaractivationfunctions:

2
hi(x) = M (10)
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Thex is ainputvectorcontainingall theinputneuronoutputs X, referredto asthecenter
is avectorwith the samedimensionalityastheinput. Theterm, ;, determineghe spread
of the Gaussiarandis referredto astheradiusof thefunction.
GaussianNetwork Training: Four parametersveretunedby the training algorithm: the
centersof the hiddenneurons their radius,numberof hiddenneurons,and the weights
from the hiddenlayerto the outputlayer This trainingmethodwastakenBlanzieriet. al.
[1995] with only minor modi cations.



Usingthe methoddescribedabove the training datasetwasdividedinto two subsets.
Thesesetswereusedto implementearly stoppingandpreventover tting.

Our training involved the following steps. First centerswereinitialized by usinga
k-meansclusteringalgorithm describedby Alsabti et al. [1998]. The meansfound via
the k-meansalgorithmwere usedastheinitial centersn the hiddenneurons.Secondthe
neighbordor eachhiddenneuronwerefound. The neurons neighborsverede ned asthe
four closestneurons.The distancebetweemeuronsvasdescribedy the L , normof the
differencen their centers Theaveragedistanceof theneurons neighborsvereusedasthe
radius, , of the Gaussian.Next the weightsappliedto the inputsof the hiddenneurons
weretrainedby usingthe sameback propagtion that was usedto train the biologically
inspiredneuralnetwork. During backpropagtionthe valuesof Aj, E;i, and Ejaibs were
updatedn themannerdescribedn thebiologicallyinspiredNN, but becaus¢herewereno
qguadrantsn the Gaussiametwork only oneneuronhadits activationanderrorparameters
updatedvia equationg3), (4), and(5). Thentheneuronclosesto theinput of theexample
andit's neighborswere moved toward the input. The centersin the biologically inspired
neuralnetwork were not given this degree of freedom. The changein the centerof the
nearesheurons,is Xs = p(X Xs), while thecenterof its neighboramoved x; =

n (X Xi). Where , is asmall positive numberandthevalueof n With > 0.
The nal stepin thetrainingwasto adda new neuronafterevery G examplesf therewas
aneuronwith A; greaterthanthe userspeci ed threshold. The neuronwasaddedusing
the samemethoddescribedor the BioNet. Oncethe neuronwasaddedto the network the
neurons neighborswverere-calculatedThis processvasrepeatedintil thedesirechumber
of epochsor minimum error wasreachedandthe network that performedthe beston the
tuning datawasoutput.

EXPERIMENTAL RESULTS

The rst questionaddressedavasthe quantity of dataneededo train the neuralnet-
works andwhat methodof dataselectionwasoptimum. This wasdeterminedy training
eachof the networkswith differingamountf data.ln additionthe networksweretrained

rst with datachoserrandomly thendataselectedsystematically The performancef the
networkson thetestingsetcanbeseenn Figure2.

Figure2 shavs thein uence of bothdataselectionandtrainingdatasizeon the aver-
agesumsquarecerrorof thenetwork onthetestingset. Theaveragesumsquarecderrorwas
usedbecausét is proportionalto the distancethe network's estimatevasfrom the“ true”
coordinate®f thepoint.

The plot revealedthatasthe amountof datadecreasethe amountof errorincreased
asexpected.Theincreasen theerrorwasrelatively smalluntil about.125(2000samples)
wasreachedAt this pointthe errorincreasedigni cantly.

The comparisorof the dataselectionmethodshadsomeinterestingresults. The data
shavedthatthe systematicselectionof the dataprovedto be statisticallyinsigni cant with
the biologically inspiredneuralnetwork. It alsoindicatedthatthe systematianethodwas
detrimentalo the performancef the Gaussiametwork.

Theseobsenationswere usedto determinethe optimal datasetsize (.125) andthe
dataselectiormethod(random)for trainingtwo networkssoa comparisorcouldbe made.
This wasaccomplishedy rst creatingl0 differenttraining andtestingsetswith .125 of
thetotal datasetselectedcat random.Theneachof the networks wastrainedandtested.lt
wasfound that the biological neuralnetwork vastly out performedthe Gaussiametwork
(SeeTable 1).

DISCUSSION

In this paperwe establishedhat the both typesof neuralnetworks requireat least
2000examplegto obtainthe optimalperformancelt wasshavn thattheerrorin theneural
networks may increaseby as muchas60% when 1000 examplesratherthanthe optimal
2000were usedto train the networks. This seemso indicatethat a training setsof less



then2000examplesdid not containenoughinformationto producea goodapproximation
of themappingfunction.

Therandomdataselectionmethodwasshowvn to be aseffective if not betterthanthe
systematiadataselectionmethod. This is likely dueto improperhandlingof interactions
betweervariables. The solutionto this may be to usea designof experiments(DOEpp-
proachto selectdata. This approachis commonlyusedby the engineeringcommunityto
varythecontrolvariablesand nd thebestsolutionwith theleastamountof data. Thiswill
be exploredin futurework

This paperalso demonstratedhat the more complicatedbiologically basedneural
network is capableof a far betterapproximationof the threedimensionaimappingfunc-
tion. The Gaussiametwork describecheredid not have the expressie power to properly
approximatehe mappingfunction.

Gaussian BioNet  Diff.
26.69 15.92 10.76
26.91 14.94 11.96
27.39 14.98 12.41
27.46 15.42 12.03
27.89 14.76 13.13
27.17 15.25 11.92
27.38 14.69 12.69
26.93 16.05 10.88
27.05 15.39 11.66
27.38 16.02 11.36

Average 11.88
Std 0.238
Table 1: The average sum squared er-

ror, in cm 2, over the test set with op-

timal training size and randoml y data

Figure 2: Results of tests to determine the amount of selection. Std is the standar d devia-

data needed to train the neural networks. tion of the diff erences.
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