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Abstract

Thispaperdiscussesadvancesmadeto the3D geometricalmodelmatch-
ing systemwithin the TINA machinevision environmentover the last 10
yearsincluding the recentinclusionof a verificationstage. We show how
thisfinal stepclosestheloopontheobjectlocationsystemallowing thetheo-
reticallocationperformanceto beattained,eliminatingkey assumptionsused
in theexisting forwardpassalgorithms.We explainhow theuseof a system
approachhasbeencrucial to the developmentof key componentsandsum-
mariseourfindings.

1 Intr oduction

In the late 1980’s researchersfrom the Artificial Vision ResearchUnit (AIVRU) at the
University of Sheffield begandevelopingthe TINA vision system. The initial focusof
thisendeavourwasthedevelopmentof a3D wireframemodelmatchingsystem(3DMM)
whichcouldlocateaknown objectin ascenefrom stereocameradata,accuratelyenough
to guidea robotic arm. Tackling sucha taskrequiredsolutionsto severalkey problems
in machinevision including, featureextractionandfitting, depthfrom stereo,automatic
stereocameracalibrationand robust view basedmodelmatching. The algorithmsde-
velopedwere publishedindependentlyas solutionsto the problemsthey targeted,but
all weredevelopedwithin the unifying framework of TINA. Developmentof the entire
TINA visionsystemcontinuedto extendexistingsolutionsaswell asresearchtechniques
to tacklenew imageunderstandingproblems. In all this time we have endeavouredto
ensurethattheTINA infrastructureitself remainsanenvironmentsuitablefor sustainable
vision research.

Recentlywe have returnedto the 3D wireframemodelmatcherwith a view to veri-
fying theobjectlocationandassumedcameramodel. Model verificationhasbeenused
in the TINA model matchingsystembefore,as a meansof rejectinghypothesis[14].
However, we have beenable to formulatea solution which closesthe loop on the en-
tire existing processingarchitecture,converting the forward passalgorithminto a fully
closedloop iterativesolution,eliminatingmany of theassumptionsneededin theoriginal
system.
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Key Purpose Algorithms Assumptions
A Edge& CornerDetection Canny [2] Edgespresentin expectedlocations

2D GeometryFitting Curvesandlinescanbecorrectly
linkedandfitted

B StereoMatching PMF Accurateepi-polargeometry
andmatchmetrics

3D GeometryFitting GDB Accuratecameracalibration
C SequentialModelBuilding GEOMstat Accuratefeaturelocations
D WireframeModel SMM Gaussianerrorson all extracted

Matcher features
Closedform solutionis appropriate

E CameraCalibration Tsai[17] Known calibrationobjectpresent

Table1: Algorithmic descriptionsandassumptionsfor theoriginal 3DMM with key for
shadedcomponentsin figure1.

2 The Original 3D Model Matching System

Theoriginalversionof the3D modelmatcherwaspresentedin [8] and[9]. Briefly thesys-
temuseda sparseedgebaseddepthmapextractedfrom pairsof binocularstereoimages
togetherwith thecorrespondingcameracalibrationinformation.A geometricinterpreta-
tion of thescenewasconstructedby fitting linesandarcsto thedepthmapdata.Statistical
matchingof 3D scenedescriptionsto a storedwireframemodelenabledthe locationof
themodelwithin thesceneto beidentified.Thealgorithmis summarisedin thediagram
of figure1 andtable1.

Left

Right
Image

Image

Model

Right

Left

Features

Features

(A)

(A)

(B)
Scene
(C)

Stereo Matches

(D)

Calibration
Left
(E)

Calibration
Right
(E)

Figure1: Block diagramof theoriginal3D modelmatchersystem.

Thealgorithmof PMF [6] wasusedto generatetheedgebaseddepthmapsfrom the
stereodata.Canny edgeinformation[2] wasextractedfrom both imageswith sub-pixel
accuracy (

�����
pixelsbyexperiment).Thetwo extractededgemapswererectifiedusingthe

recoveredcameracalibrationto transformthedatainto aparallelcamerasystemenabling
theepi-polarconstraintto beexploited. ThePMF algorithmsolvesthestereocorrespon-
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denceproblemusingthis constraintto closelyapproximateedgerastercorrespondence.
Disambiguationwasfurtherenhancedusingedgecontrastandorientationconsistency as
well aslocal supportin theform of disparitygradientinformation.Thedisparitygradient
limit, which enforceslocally similar disparitiesbetweenneighbouringfeatures,hasbeen
shown to have a strongpsychophysicalbasis[1, 10]. The algorithmwasformulatedto
work on thehigh-level imagefeaturedata,i.e. abstractrepresentationsof edgefeatures.
CameracalibrationwasachievedusingtheTsaialgorithm[17].

CONNECT[13] pre-processedthe edgebaseddepthmapto producea list of con-
nectededgeelements.This list wasrecursively processedby the GDB algorithm(geo-
metric descriptive base),which aimsto classify the list of elementsaseithera straight
line, planeor surfacecurve. Thealgorithmattemptsfirst, to fit a straightline to theedge
datausingorthogonalregression.If this hypothesisis provedunsatisfactorythe datais
thentestedfor planarity. If proven,thealgorithmattemptsto fit a circle to theprojection
of thedataon thattheplane.If this fails thedatais recursively segmented.Theresulting
geometricinterpretationof thedatawasthusnot theonly possiblerepresentation,but was
assumedat leastto bereproducibleandwasadaptedto maximisethesubsequentuseof
thedatafor matching.Thiswasachievedin theSceneModelMatcher, whichmadesome
sub-optimalassumptionregardingtheerrorson thegeometryin orderto generatea rapid
closedform solution.It wasintendedthatthegeometricdatafrom ascenewouldbecom-
binedover time within a reasoningframework referredto astheREVgraph.This would
enablegeometricreasoning,sufficient for modelbuilding, to be handledby a statistical
combinationpackageknown asGEOMstat.

3 Experiments I

Figures2(a)and2(b)show two viewsof anindustrialcomponentonwhichthewireframe
model, locatedwith the original 3DMM hasbeenoverlayed. Although the locationof
themodelappearsreasonablethe imagesof figures3(a)-3(f)demonstratetheinaccuracy
of the final model location. The overall inaccuracy in the location arisesfrom many
sources.The detail in figure 3(a) appearsto presenta single,elliptical feature. In fact
platethicknessgivesrise to two elliptical featuresbut only theouteris containedin the
model. Details3(b), 3(d) and3(f) demonstrateexamplesof specularitywhich destroys
featureintegrity. In detail 3(c) illumination haspresenteda shadow asa falseedgeand
in 3(e) the elliptical featureis self-occluding. It must be notedthat the specificmis-
alignmentsshown in eachof the detailsdo not arisedirectly from the error associated
with thatregion. Rather, thoseerrorsresultin acompoundfailureof themodelalignment
whichcangenerallybeattributedto thelackof conformityof thedatato theassumptions
listedin table1.

4 The Updated3D Model Matching System

Overall the original 3D model matcherwas able to locatea model in the sceneto an
accuracy of around ���	� . This wassignificantly lessthanthe sub-millimetreaccuracy
whichwasintended(seefigure3). Thesystemwasalsonotasreliableaswished,lacking
robustnessunderillumination changesrepresentative of real world conditions. Finally,
someof thealgorithmiccomponents,in particularPMFstereo,wereformulatedin aform
which inhibitedperformanceandextendibility. Theseissueshave beenaddressedby the
modificationsdescribedin this sectionandtheverificationstageintroducedin section5.
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(a) Objectandlocatedmodeloverlayed
- front view

(b) Objectandlocatedmodeloverlayed
- rearview

Figure2: Typical performanceof theoriginal3DMM on anindustrialcomponent.

(a)Duality (b) Specularity (c) Shadow

(d) Specularity (e)Self-Occlusion (f) Specularity

Figure3: Magnifieddetailsfrom theimagesin figure2.

4.1 Stretch correlation

A majordevelopmentof the new 3DMM systemis in the stereoprocessingalgorithms.
The stretchcorrelationalgorithm [4] is an areabasedsolution to the stereoproblem,
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matchingdiscreteblocks in the left imageto blocks in the right. However, focusing
thematchingprocesson informationrich areasof theimage(thosecontainingedges)im-
provesthe robustnessof the approach.Most areabasedcorrelationtechniquesassume
front-o-parallelsurfaces,an assumptionwhich compromisesthe correlationprocessby
failing to accountfor surfacerotationscausedby thechangingviews. Thestretchcorrela-
tion techniquemodelstheserotationsby warping,stretchingor shearingtheright image
blocks,which improvesthestability of thecorrelationprocess.This in turn improvesthe
accuracy of theresultingdisparityestimates.

The above techniqueresultsin pixel accuratecorrespondences.Projectingback to
the coincidentCanny detectededgeenablesthe sub-pixel locationof the disparityto be
computed,and so the correlationapproachis just as accurateas PMF. However, it is
moreamenableto hardwareimplementationthanPMF, dueto thegreaterhomogeneityof
the processing.Indeedwe have built a prototypeVLSI device [5] capableof executing
a versionof the algorithm at several framesa second. This device is also capableof
performingnearframerateimagerectification.Onefinal benefitof thestretchcorrelator
is theeasewith which it extendsto temporalstereoimages.We have shown thatoutput
from thestretchcorrelatorcanbeusedto bootstrapthesearchprocesswithin a temporal
loop [3]. Not only doesthis reducethecomputationalrequirementsof thealgorithmbut
alsoimprovestherobustnessastheprobabilityof mismatchreducesin proportionto the
searcharea. The REV graphsystem,which althoughdevelopedfor the original TINA
3DMM wasnever integrated,wasdesignedto enablefusionof datafrom temporal-stereo
sequences.This systemhasbeenmaderedundantby the temporalaspectsof thestretch
correlationalgorithm.

4.2 Geometryextraction

Severallimitationsin thegeometricprocessingof theoriginal3DMM wereidentified;


 Experimentswith CONNECTdemonstratedunreliability in thecontext of a work-
ing system.


 TheSceneModel Matcher(SMM) wassub-optimalandproneto failure.This was
mainly attributedto the inability of CONNECTto correctlysegmentfeaturesand
thelackof useof appropriate(or evenrobust)statisticsin theoptimisationscheme.


 GEOMSTAT didn’t copewell with typical variationsin imageformation(specu-
larity, differencesin cameraspecificationandperformance)leadingto inaccurate
( ����� errors)objectlocation.


 Calibrationof thecamerasystemfrom a tile wasimpracticalgiventhat thesystem
requiredcontinualre-calibrationdueto drift andphysicalmovement.

As a consequenceof theseconclusionsseveral efforts were madeto incrementally
improve performance.Curvesandpoint featureswereaddedto the geometricalprimi-
tives.It wassoonestablishedthata featurebased(linesandellipses)approach[11] wasa
morereliablemethodof achieving 3D representationsof objectsthanconnectivity based
approaches.The edgefeaturedetectionprocesswas thereforerationalisedandsimpli-
fied anda 2D versionof CONNECTimplemented[7] anddisparitydatafitted to the2D
features.
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4.3 CameraCalibration

Cameracalibrationis now achievedwithin a unified framework which makesuseof the
dataavailablein aworkingsystem.This framework operatesin thecontext of aniterative
robustoptimisationwith optimalcombinationof covariancesvia theuseof a regularisa-
tion term.It is ableto trackanexistingcalibrationintegratingstatisticalinformationfrom
known epi-polarerrors,robotmotionandcalibrationtargets[16]. It wasalsoextendedto
supportcalibrationof a4DOFstereoheadsystem[15].

5 Closed-loopValidation

Boththeoriginalandupdated3D modelmatchingsystemscanberegardedasahypothesis
generatorsfor objectlocation.Undertheassumptionof thepresenceof aparticularobject
in the scene,they returnthe mostprobablelocationandorientationof the objectgiven
the evidence. The 3D model matcherusesonly the 3D extractedfeaturesto achieve
this. This leadsto errordueto a) inaccuraciesor failingsin segmentationwhich generate
incorrectfeaturegeometry, b) incorrectfeaturematchesand c) simplistic treatmentof
featureprimitivestatistics.

Algorithmic improvementsin the updatedschemeaim to improve the robustnessof
thissystemhowever, asimilarlevelof inaccuracy remains.Theultimatelocationaccuracy
of theworkingsystemwasneverconsistentwith thatexpectedfrom sub-pixel locationof
multiple edgefeatures.

Thenew closedloopvalidationstage(CLV) closestheloopontheprocess,testingthe
generatedhypothesisagainsttheoriginal imagedataandrefiningthisestimatewithoutthe
constraintsimposedby thepreviousalgorithmicstages.An objectverificationstage[14]
was introducedpreviously in order to assesthe quantityof 3D matchesaswell as the
geometricconsistency of the objecthypothesis.However, the goal of this systemwas
solelyto rejectapotentiallyinvalid modelhypothesis,providing feedbackonly within the
3DMM stage. In contrastthe CLV comparesthe final model locationwith the original
imagedataandis thereforeableto feedbackover all stagesof the algorithm,removing
the assumptionsusedto generatethe initial hypothesis.Figure4 outlineshow the CLV
stages(dashedlines)complimentstheoriginalmodelmatcher(solid lines).

In orderto validatethemodelhypothesisthestereoimagesareprocessedto produce
anedgeprobabilitymapwhereeachpixel correspondsto theprobabilitythataworld edge
wasprojectedonto it. This is achievedby usinga combinationof filters which generate
valueswhich have a maximumvalueof 1 at an edgeandan exponentiallydecayover
a scaleof several pixels. This approximationis importantin order to give the location
processthestatisticalvalidity requiredto estimatecovariances,figure5.

Given the orientationandlocationof the modelpostulatedby the original, forward
passof thematcherit is possibleto generatea likelihoodscorefor the projectionof the
locatedmodelfeaturesgiventheestimatedcamerageometry. An optimisationalgorithm,
in this casea form of ‘Simplex’ [12], is thenusedto iteratively refineboththeobjectlo-
cationandorientationaswell asthecameracalibrationparametersin orderto maximise
thequantityof imagedataconsistentwith theparameters.Thecovariancematrix is avail-
ablefor optimalcombinationof resultswith othercalibrationtechniques.Thevalidation
processmakesuseof the information inherentin the full model, ignoring suchfactors
aslocal stereocorrespondence,concentratinginsteadon therefinementof thecomplete
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Figure4: Block diagramof theupdated3D modelmatcher. Thedashedsectionsrepresent
theadditionalprocessingof theclosed-loopvalidation.Thelettersreferencetable2
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Figure5: Robust edgeprobability estimationusing imagefilters. Edgesareenhanced
usingasquared-gradientfilter. Theexponentandrankingimproverobustnessandproduce
relativeprobabilities.

picture. This removesthe assumptionsinherentin the forward passalgorithms,which
werenecessaryto allow therobustgenerationof theinitial objectlocation(table1). The
remainingassumptionsarethat,after theforwardpass,themodelcanbeprojectedback
ontothescenewith sufficientaccuracy to allow theCLV to find thetruelocation.This, in
turn, assumesthat thecameramodelis adequate.Putanotherway we now assumelittle
morethanthemodelis presentin thesceneandthatwe havea valid modelof thecamera
optics.Thefinal resultingstatisticis a directestimateof thequantityof edgedatawhich
is consistentwith themodelhypothesisandthis is sufficient to corroboratetheexistence
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Key Original Updated Benefits
A Canny [2] Canny [2] -

CONNECT BiasCorrectedKalman More reliablecurve& line
Filter [11] fitting
Pollard[7]

B PMF StretchCorrelation[4] Improvedperformance
Temporalintegration

GDB
C GEOMstat CLV Independentof assumptions

in table1
D SMM SMM + CLV Robuststatistics

Top-down segmentation
E Tsai[17] Thacker [16] Updatableon-line

Table2: Summaryof algorithmupdateswith key for figures1 and4.

of theobjectat thatlocation.

6 Experiments II

In thisexperimenttheupdated3DMM with CLV wasusedto generateaninitial hypothe-
sisfor themodellocationin bothstereoimages.An edgeprobabilityimagewasgenerated
for thedata.Matchedfeatureswereprojectedontotheseimagesandboththepositionof
the objectandthecameraparameterswereiteratively adjustedto give the bestinterpre-
tation of the data. In comparisonto the datashown in figure 3 it canbe seenthat the
detailregionshaveprovidedconsistentinterpretationsfor thepositionof each3D feature
in thesceneandhave achievedagreementto within a pixel. In many casesit is obvious
that the projectedfeaturesdo not locateonto edgedata. This occurswhen the feature
is self occludedor view directionandillumination conspireto preventthedetectionof a
definiteedge,i.e. thedataisn’t present.Non-the-lessthecombinedrequirementof each
featurehaving to bemaximallyconsistentwith theprojectedmodelseemsto beenough
for theconsistentmodelfeaturesto beselectedin preferenceto thosewhich areanarte-
factof view point or illumination. Themostsignificantchangein thecameraparameters
adjustedby theCLV wasa changeof 5% in theaspectratio of thecameras.Agreement
betweenthemodelandthescenecannotbeachievedwithoutallowing thischange.Mod-
ifying this parameterandre-runningthe stereoprocessingwasnot enoughto eliminate
grosserrorsin estimatedmodel location. This suggeststhat the errorsin the SMM are
mainlydueto inaccuratesegmentationandstatisticalmodellingof errorsratherthansim-
ply anerror in calibration.Thustheresultsachievedwith theupdated3DMM couldnot
bereachedwithout theCLV, evenif thecorrectcameracalibrationis used.

7 Discussion& Conclusions

A robust techniquefor accuratelyvalidatingandlocatinga known object in a cluttered
scenehasbeenpresented.
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(a)Duality (b) Specularity (c) Shadow

(d) Specularity (e)Self-Occlusion (f) Specularity

Figure6: Typicalperformanceof theCLV modelmatcheron detailsfrom figure3.

Wehavefoundthatin orderfor algorithmsto work well theassumptions(particularly
statistical)mustbevalid andthisoftenlimits thesuccessof closedform solutions,despite
mathematicallyelegance.Iterativerobustapproachesareoftennecessaryto eliminatethe
majorityof problems.We have foundthatuseof themosteasilyinterpreteddatain order
to bootstrapthe remainingdatais generallythemostefficient andreliableapproach.At
all stagestheability to estimatethe accuracy of the resultingdatais crucially important
so that correctaccountcanbe taken of informationin later stagesof the system.View
basedwireframemodelmatchingapproachesto machinevision problemsareno longer
regardedasgenericsolutionsandreceive lessattentionin the literature. However, the
statisticalproblemsof datainterpretationsuchasmodelselectionandverificationarestill
just asvalid for rigid modelsasthey arein themorerecentapproaches.

Themotivationsfor working in anenvironmentsuchasTINA arejustasvalid asthey
werewhenthesystemwasconceived.Thecomplexity of thevision problemis suchthat
it canonly be tackledin a modularfashion,wherethe overall problemis brokendown
into smaller, moremanageabletasks.Solutionsto theseproblemmodules,oftenresearch
areasin their own right, resultin setsof algorithms.Unlessall thework is donewithin a
unifiedenvironmentandtheconstraintsimposedby systemintegrationareplacedon the
algorithmicdesignfrom thestart,theseindividual solutionsmaynever bemadeto work
together. Put anotherway, systembuilding generatesthe criteria and the environment
necessaryto evaluateanalgorithm.
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