
ARTI FI CI AL PARI ETAL CORTEX NEURONS FOR 3D RECONSTRUCTI ON

JEREM I AH J. NEUBERT YU H. HU
MechanicalEngineering Electrical& ComputerEngineering
Universityof Wisconsin Universityof Wisconsin
Madison,Wisconsin Madison,Wisconsin

NI COL A J. FERRI ER�

MechanicalEngineering
Universityof Wisconsin
Madison,Wisconsin

ABSTRACT
A neuralnetwork is usedfor three-dimensional(3D) reconstructionof apoint
from apairof imagesobtainedwith anactivestereosystem.Ouractivestereo
systemdescribesthepositionof a point with eightparameters:two panan-
gles,two tilt angles,andtwo-dimensionalcoordinatesof theprojectedpoint
in eachimage. Three-dimensional(3D) reconstructionconsistsof learning
thefunctionwhich mapstheseeightparametersto the3D world coordinates
(xw , yw , andzw ). This paperoutlinestwo possiblenetworks for learning
themappingfunction. OnecontainssimpleGaussianneuronsin thehidden
layer. The other is composedof neuronsbasedon a modelof the neurons
in the parietalcortex of the humanbrain thoughtto be involved in 3D re-
constructionfrom visualdata.Thepapercomparestheperformanceof each
network. We evaluatethe sizeof training setrequiredandthe effect of the
selectionmethodusedto obtainthetrainingexamples.

I NTRODUCTI ON
Threedimensionalreconstructionwith active stereocamerasis a dif�cult problem.

The traditionalkinematicmodelbasedapproachescan involve more thanforty different
parameters.Findingtheseparametersrequiresacomplicatedcalibrationprocedureandthe
collectionof severaldifferentimages[Knight andReid,2000, Guse,1999]. Neubert,et al
[2001]suggestthataneuralnetwork (NN) mayprovideamoreaccurateandrobustmethod
for 3D reconstruction.Thispaperfurtherexplorestheability of arti�cial neuralnetworksto
estimatethreedimensionalcoordinatesfrom a dynamicstereohead.Two neuralnetwork
structureswereinvestigated. The networks werecomparedusingsumsquarederror and
optimumsizeof thetrainingset.

Feed-forwardneuralnetworksareoftenusedto approximatefunctionsandhave sev-
eraladvantagesover thestandardmodel-basedapproachto 3D reconstructionfrom stereo
images.They do not requirea pre-supposedcameraandkinematicmodel,andarerobust
to noisein the trainingdata. This makesthemwell suitedto the reconstructionproblem,
but regressionwith aneuralnetwork canrequirea ratherlargesetof trainingdatato create
aqualitymodelof thefunctionandavoid over�tting.

Oneof themostimportantfactorsin usinganeuralnetwork to approximateafunction
is theproperchoiceof thenetwork structureandneurons[PoggioandGirosi,1990]. Sim-
ple traditionalneuralnetworksarewell understood,but maynot becapableof providing a
goodapproximationof thedesiredfunction. This paperwill justify theaddedcomplexity
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of the biologically inspiredneuralnetwork by comparingit to the simple Gaussianra-
dial basisfunctionnetwork similar to thoseproposedby others[Moody andDarken,1989,
PoggioandGirosi,1990].

A descriptionof dataselectionmethodsis givennext. Followedby adescriptionof the
biologically inspirednetwork, theGaussiannetwork, andthemethodsusedto train them.
Thenthe�ndings will besummarizedanddiscussed.

DATA SEL ECTI ON M ETHODS
Eachnetwork was trainedwith 1000, 1776, 2000, 4000, and 8000 training exam-

ples.For eachsetdatawasselectedbothrandomlyandsystematicallyfrom approximately
16,000examplesgatheredusing the methoddescribedby Neubertet. al. [2001]. The
randomselectionmethodoccurredwithout replacementand eachsamplehad the same
probablityof beingselected.Thesystematicmethodattemptsto minimize themaximum
amountof spacebetweentrainingexamples.Becausewe know thepositionof thepoints
this is a trivial task.We conjecturedthatthatthis methodwould provide a betterrepresen-
tationof thevariablespacethanthatof therandomselection,especiallywith smallerdata
sets,but thiswasfoundnot to bethecaseaswill beshown.

BI OL OGI CAL LY I NSPI RED NEURAL NETWORK
TheBiologically InspiredNeuralNetwork (BioNet)wasutilizedbecauseit is basedon

a modelof a systemthathasbeenhonedby tensof thousandsof yearsof evolution. This
paperdemonstratesthat the active stereosystemsharesenoughsimilarities with human
eyesthatthismodelof theneuronsin theparietalcortex performswell on thisdataset.
BioNet Structur e: Thenetwork wascomposedof threelayersof neurons.The�rst layer
wasthe input layer, which consistedof the eight randomvariables:panandtilt of each
camera,and position of the blob centroid in eachimage. A subsetof the input layer
wasconnectedto eachof the neuronsin the hiddenlayer. The structureof hiddenneu-
ronswasbasedon Pouget's modelof thosecontainedin theparietalcortex of thehuman
brain[Pouget,1994]. Theseneuronsweremodeledasa productof a sigmoidanda Gaus-
sian.Thisproduct,referredto asabasisfunction,hadthefollowing form:

hi (x; � ) =
e�

( x � x i ) 2

2 � 2

1 + e�
� � � i

T

: (1)

The hiddenneuronh i hadtwo inputsx and� . Input x wasoneof the coordinatesof a
target centroidin the image,and� is oneof the PTU angles.The imagepositioninputs
areeachpairedup with oneof thePTU's angleinputs. This leadsto four setsof neurons
(ulef t ; � lef t ), (vlef t ; � lef t ), (ur ig ht ; � r ig ht ), and (vr ig ht ; � r ig ht ). Thesegroupingsof
hiddenneuronswill be referredto asa quadrants.Eachof thequadrantsarelaid out in a
grid basedon their centers,x i and� i (SeeFigure1).

Thehiddenneuronswerefully connectedto theoutputneurons,xw or ld , yw or ld , and
zw or ld . Theoutputneuronsweresimplelinearneurons.Their valuewasa weightedsum
of theoutputsfrom thehiddenneurons.
BioNet Training: Fourparametersweretunedby thetrainingalgorithm:Gaussianradius,
sigmoidradius,numberof neurons,andthe weightsfrom the hiddenlayer to the output
layer. This training methodis a modi�cation of the work doneby Fritzke [1994] and
Blanzieriet. al.[1995].

Thetrainingdatawasdividedinto two sets,tuningandtraining0 (training0 refersto the
portionof thetrainingsetnotallocatedto tuning).Thetuningset,10%of thetotal training
data,wasusedto predicttheperformanceof thenetwork on examplesthatwerenot in the
training0 set,thusallowing trainingto bestoppedbeforethenetwork begins to generalize
poorly.

Theneuroncenterswereinitialized by choosingthedesirednumberof centervalues
to positionalongeachcomponentin theinputvector. Thecentervalueswereevenlyspaced
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Figure1: 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 i and � i . The lines connecting the neurons represent neighbor
relationships.

over a the rangeof the training0 data. All the possiblecombinationsof the valuescorre-
spondingto a quadrantbecametheinitial centersof theneuronsin thatquadrant.Figure1
shows a quadrantwith threeinitial centervaluesalongeachcomponentof theinput vector
thatcorrespondsto thatquadrant.

The neighborsof eachneuronwere found by locating the neuronswith the closest
centerin eachof thefour directions(SeeFigure1). Theseneighborswerelaterusedin the
placementof new neurons.

Theradii of thesigmoidandGaussianweredetermined.Theradiusof eachfunction
was de�ned as the averagedistanceto neighborsin the direction of the function. For
example the radiusof the Gaussianof neuronB in left side of Figure 1 would be the
averagedistanceof E andC from B, while theradiusof thesigmoidis theaveragedistance
to A andD from B. If theneurondidn't have any neighborsin oneof thedirectionsthen
thatradiuswassetto theaverageradii valueof theneighborsthatit had.

Therearetwo widely usedmethodsto determinethe properweight vector for each
outputneuron,matrix inversion(leastsquarederror)or backpropagation.Matrix inversion
in generalis aO(n3) operationandlargeamountsof trainingdatacanrequireaundesirable
amountof CPUcycles.Matrix inversionalsoproducedweightsontheorderof 109 causing
poorgeneralizationin theinitial testing.Thusweusedabackpropagationapproach,which
usesgradientdecentto minimizetheerrorfunction:

� =
1
2

X

i 2 output

(di � yi )
2 (2)

whereyi wasoneof theoutputsof thenetwork anddi wasits correspondingdesiredoutput.
After eachtrainingexamplepresentedduringbackpropagationthevaluesof A j , the

activity of the hiddenneuronj , E j i , the sum of the error valuesfrom output neuroni
associatedwith hiddenneuronj , andE abs

j i , thesumof themagnitudeof theerrorattributed
to hiddenneuronj , areupdated.Thechangein A j , E j i , andE abs

j i for the j = s, where
neurons wasde�ned asa neuronwith the closestcenterto the input in a quadrant,was
� A s , � Esi , and� E abs

si respectively.

� A s = as (3)

whereas wastheoutputof hiddenneuronsand

� Esi = (di � yi ) (4)
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� E abs
si = jdi � yi j: (5)

The changein the A j , E ij andE abs
ij for j 2 hidden neur ons andj 6= s is de�ned as

follows:
� A j = � � A j (6)

� E j i = � � E ij (7)

� E abs
j i = � � E abs

ij (8)

where� wastherateof decayof thepastvalues,and� 2 [0; 1]. Thegreaterthemagnitude
of alphatheshorterthememoryof pastvalues.

After G exampleseachquadrantwascheckedto seeif any neuronshaveanactivation,
A j , greaterthan the userde�ned threshold. If one or more neuronswere found, then
their accumulatederror, � E j , wascalculatedandusedto determinewherethenew neuron
shouldbeinsertedin eachquadrant.

� E j =

s X

i 2 output

(jE j i j � E abs
j i )2 (9)

Equation(9) is a slight variationon thatdevelopedby Blanzieri et. al. [1995]. Blanzieri
describestheequationjE j j � E abs

j , which is intendedfor a singleoutputnetwork. Equa-
tion (9) is theL 2 normof all the� E j i associatedwith hiddenneuronj . Theaccumulated
error is an indirectcalculationof thevariationin theerror. If theweightswerethesource
of theerror � E j wassmallbecauseall theerrorhadthesamesign; thusthemagnitudeof
the absolutevalueof the error hadthe samemagnitudeasthe sumof the error. If a new
neuronwasneededto reduceerrorthesignof theerrorshouldbechangingbringingabout
asumof errornearzeroandproducinga large� E j .

Oncetheneuronwith thelargest� E wasfoundin eachquadrant,aneuronwasadded
betweenthat neuronand its neighborwith the greatest� E . The additionof the neuron
resultsin adecreaseof A j , E j i , andE abs

j i by a factorf for theparentneurons.Theparent
neuronswereno longerneighbors,but they wereeacha neighborof thenew neuron.The
weightson theoutputof thenewly insertedneuronwasinitialized to theaverageweights
of its parents.Thentheneighborsin thedirectionorthogonalto its parent'sarelocated.

This processwasrepeateduntil a userspeci�ednumberof epochshasoccurred.The
algorithmthenreturnsthenetwork thatperformedthebeston thetuningset.

GAUSSI AN RADI AL BASI S NETWORK
TheGaussianradialbasisnetwork consistedof threelayers,input,hidden,andoutput.

This wasthe samebasisnetwork that wasusedby Fritzke [1994]. His paperstatesthat
a Gaussiannetwork with this structure,in principle, shouldbe able to approximateany
smoothfunction.
GaussianNetwork Structur e: Theinput layerwasa replicaof thatdescribedabove, but
unlike thebiologically inspiredNN theinput layerwasfully connectedto thehiddenlayer.
Thehiddenlayerwasmadeupof neuronswith Gaussianactivationfunctions:

hi (x ) =
kx � x i k2

� 2
i

(10)

Thex is a inputvectorcontainingall theinputneuronoutputs.x i , referredto asthecenter,
is a vectorwith thesamedimensionalityastheinput. Theterm,� i , determinesthespread
of theGaussianandis referredto astheradiusof thefunction.
GaussianNetwork Training: Four parametersweretunedby thetrainingalgorithm: the
centersof the hiddenneurons,their radius,numberof hiddenneurons,and the weights
from thehiddenlayerto theoutputlayer. This trainingmethodwastakenBlanzieriet. al.
[1995]with only minormodi�cations.
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Usingthemethoddescribedabove thetrainingdatasetwasdividedinto two subsets.
Thesesetswereusedto implementearlystoppingandpreventover �tting.

Our training involved the following steps. First centerswere initialized by usinga
k-meansclusteringalgorithmdescribedby Alsabti et al. [1998]. The meansfound via
thek-meansalgorithmwereusedasthe initial centersin thehiddenneurons.Second,the
neighborsfor eachhiddenneuronwerefound.Theneuron'sneighborswerede�ned asthe
four closestneurons.Thedistancebetweenneuronswasdescribedby theL 2 normof the
differencein theircenters.Theaveragedistanceof theneuron'sneighborswereusedasthe
radius,� , of the Gaussian.Next the weightsappliedto the inputsof the hiddenneurons
were trainedby using the samebackpropagation that wasusedto train the biologically
inspiredneuralnetwork. During backpropagation thevaluesof A j , E j i , andE abs

j i were
updatedin themannerdescribedin thebiologically inspiredNN, but becausetherewereno
quadrantsin theGaussiannetwork only oneneuronhadits activationanderrorparameters
updatedvia equations(3), (4), and(5). Thentheneuronclosestto theinputof theexample
andit' s neighborsweremoved toward the input. The centersin the biologically inspired
neuralnetwork werenot given this degreeof freedom. The changein the centerof the
nearestneuron,s, is � x s = � b(x � x s), while thecenterof its neighborsmoved� x i =
� n (x � x i ). Where� b is a smallpositive numberandthevalueof � b � � n with � n > 0.
The�nal stepin thetrainingwasto adda new neuronafterevery G examplesif therewas
a neuronwith A j greaterthanthe userspeci�ed threshold.The neuronwasaddedusing
thesamemethoddescribedfor theBioNet. Oncetheneuronwasaddedto thenetwork the
neuron'sneighborswerere-calculated.Thisprocesswasrepeateduntil thedesirednumber
of epochsor minimumerrorwasreachedandthenetwork thatperformedthebeston the
tuningdatawasoutput.

EXPERI M ENTAL RESULTS
The �rst questionaddressedwasthe quantityof dataneededto train the neuralnet-

worksandwhatmethodof dataselectionwasoptimum. This wasdeterminedby training
eachof thenetworkswith differingamountsof data.In additionthenetworksweretrained
�rst with datachosenrandomly, thendataselectedsystematically. Theperformanceof the
networkson thetestingsetcanbeseenin Figure2.

Figure2 shows thein�uence of bothdataselectionandtrainingdatasizeon theaver-
agesumsquarederrorof thenetwork onthetestingset.Theaveragesumsquarederrorwas
usedbecauseit is proportionalto thedistancethenetwork's estimatewasfrom the“ true”
coordinatesof thepoint.

Theplot revealedthatastheamountof datadecreasedtheamountof error increased
asexpected.Theincreasein theerrorwasrelatively smalluntil about.125(2000samples)
wasreached.At thispoint theerrorincreasedsigni�cantly.

Thecomparisonof thedataselectionmethodshadsomeinterestingresults.Thedata
showedthatthesystematicselectionof thedataprovedto bestatisticallyinsigni�cant with
thebiologically inspiredneuralnetwork. It alsoindicatedthat thesystematicmethodwas
detrimentalto theperformanceof theGaussiannetwork.

Theseobservationswereusedto determinethe optimal datasetsize(.125) andthe
dataselectionmethod(random)for trainingtwo networkssoacomparisoncouldbemade.
This wasaccomplishedby �rst creating10 differenttrainingandtestingsetswith .125of
thetotal datasetselectedat random.Theneachof thenetworkswastrainedandtested.It
wasfound that the biological neuralnetwork vastly out performedthe Gaussiannetwork
(SeeTable 1).

DI SCUSSI ON
In this paperwe establishedthat the both typesof neuralnetworks requireat least

2000examplesto obtaintheoptimalperformance.It wasshown thattheerrorin theneural
networks may increaseby asmuchas60% when1000examplesratherthanthe optimal
2000wereusedto train the networks. This seemsto indicatethat a training setsof less
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then2000examplesdid not containenoughinformationto producea goodapproximation
of themappingfunction.

Therandomdataselectionmethodwasshown to beaseffective if not betterthanthe
systematicdataselectionmethod.This is likely dueto improperhandlingof interactions
betweenvariables.Thesolutionto this maybe to usea designof experiments(DOE)ap-
proachto selectdata.This approachis commonlyusedby theengineeringcommunityto
vary thecontrolvariablesand�nd thebestsolutionwith theleastamountof data.Thiswill
beexploredin futurework

This paperalso demonstratedthat the more complicatedbiologically basedneural
network is capableof a far betterapproximationof the threedimensionalmappingfunc-
tion. TheGaussiannetwork describedheredid not have theexpressive power to properly
approximatethemappingfunction.

Figure 2: Results of tests to determine the amount of
data needed to train the neural netw orks.

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
selection. Std is the standar d devia-
tion of the diff erences.
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