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Abstract

This paperdiscussesdwancesnadeto the 3D geometricamodelmatch-
ing systemwithin the TINA machinevision ernvironmentover the last 10
yearsincluding the recentinclusion of a verification stage. We shov how
thisfinal stepclosegheloop ontheobjectlocationsystemallowing thetheo-
reticallocationperformancéo beattainedgliminatingkey assumptionsised
in the existing forward passalgorithms.We explain how the useof a system
approachhasbeencrucial to the developmentof key componentand sum-
mariseour findings.

1 Intr oduction

In the late 1980's researcherfrom the Artificial Vision ResearctUnit (AIVRU) at the
University of Shefield begandevelopingthe TINA vision system. The initial focus of
this endeaourwasthe developmenif a 3D wireframemodelmatchingsystem(3DMM)
which couldlocateaknown objectin a scendrom stereacameradata,accuratelyenough
to guide arobotic arm. Tackling sucha taskrequiredsolutionsto severalkey problems
in machinevision including, featureextractionandfitting, depthfrom stereoautomatic
stereocameracalibrationand robust view basedmodel matching. The algorithmsde-
velopedwere publishedindependentlyas solutionsto the problemsthey targeted, but
all were developedwithin the unifying framework of TINA. Developmentof the entire
TINA vision systemcontinuedo extendexisting solutionsaswell asresearchechniques
to tackle new imageunderstandingproblems. In all this time we have ende&ouredto
ensurghatthe TINA infrastructurdtself remainsanernvironmentsuitablefor sustainable
vision research.

Recentlywe have returnedto the 3D wireframemodel matcherwith a view to veri-
fying the objectlocationandassumedaameramodel. Model verificationhasbeenused
in the TINA model matchingsystembefore,as a meansof rejecting hypothesig14].
However, we have beenable to formulate a solution which closesthe loop on the en-
tire existing processingarchitecture converting the forward passalgorithminto a fully
closedloopiterative solution,eliminatingmary of theassumptionseededn theoriginal
system.
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Key Purpose Algorithms | Assumptions
A Edge& CornerDetection | Canry [2] | Edgespresentn expectedocations
2D GeometryFitting Curvesandlinescanbecorrectly
linked andfitted
B StereoMatching PMF Accurateepi-polargeometry
andmatchmetrics
3D GeometryFitting GDB Accuratecamerecalibration
C | SequentiaModelBuilding | GEOMstat | Accuratefeaturelocations
D WireframeModel SMM Gaussiarerrorson all extracted
Matcher features
Closedform solutionis appropriate
E CameraCalibration Tsai[17] Known calibrationobjectpresent

Table1: Algorithmic descriptionsandassumptiongor the original 3DMM with key for
shadedcomponentén figure 1.

2 The Original 3D Model Matching System

Theoriginalversionof the3D modelmatchemwaspresenteéh [8] and[9]. Briefly thesys-
temuseda sparseedgebaseddepthmapextractedfrom pairsof binocularsteredimages
togetherwith the correspondingameracalibrationinformation. A geometricinterpreta-
tion of thescenavasconstructedy fitting linesandarcsto thedepthmapdata.Statistical
matchingof 3D scenedescriptiongo a storedwireframemodelenabledthe location of

the modelwithin the sceneto beidentified. The algorithmis summarisedn the diagram
of figure1 andtablel.
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Figurel: Block diagramof the original 3D modelmatchersystem.

Thealgorithmof PMF [6] wasusedto generatahe edgebaseddepthmapsfrom the
stereodata. Canry edgeinformation[2] wasextractedfrom bothimageswith sub-pixel
accuray (0.1 pixelsby experiment).Thetwo extractededgemapswererectifiedusingthe
recoveredcamereacalibrationto transformthe datainto a parallelcamerasystemenabling
the epi-polarconstrainto be exploited. The PMF algorithmsolvesthe stereocorrespon-
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denceproblemusingthis constraintto closelyapproximateedgerastercorrespondence.
Disambiguatiorwasfurtherenhancedisingedgecontrastandorientationconsisteng as
well aslocal supportin theform of disparitygradientinformation. Thedisparitygradient
limit, which enforcedocally similar disparitiesbetweemeighbouringeatureshasbeen
shawvn to have a strongpsychophysicabasis[1, 10]. The algorithmwasformulatedto
work on the high-level imagefeaturedata,i.e. abstractrepresentationsf edgefeatures.
Camerecalibrationwasachievedusingthe Tsaialgorithm[17].

CONNECT|[13] pre-processethe edgebaseddepthmapto producea list of con-
nectededgeelements.This list wasrecursvely processedby the GDB algorithm (geo-
metric descriptve base),which aimsto classifythe list of elementsaseithera straight
line, planeor surfacecurve. Thealgorithmattemptdirst, to fit a straightline to theedge
datausingorthogonalregression.If this hypothesids proved unsatisctorythe datais
thentestedfor planarity If proven,the algorithmattemptgo fit a circle to the projection
of thedataon thatthe plane.If thisfails the datais recursvely segmented.Theresulting
geometridnterpretatiorof thedatawasthusnotthe only possiblerepresentatiorhut was
assumedht leastto be reproducibleandwasadaptedo maximisethe subsequentiseof
thedatafor matching.Thiswasachieredin the SceneModel Matcher which madesome
sub-optimalssumptiomegardingthe errorson the geometryin orderto generatea rapid
closedform solution. It wasintendedthatthegeometricdatafrom ascenevould be com-
binedover time within a reasoningramework referredto asthe REVgraph. This would
enablegeometricreasoningsufficient for modelbuilding, to be handledby a statistical
combinationpackage&known asGEOMstat.

3 Experiments|

Figures2(a)and2(b) shav two views of anindustrialcomponenbnwhich thewireframe
model, locatedwith the original 3DMM hasbeenoverlayed. Although the location of
the modelappearseasonabléhe imagesof figures3(a)-3(f)demonstratéheinaccurag
of the final modellocation. The overall inaccurag in the location arisesfrom mary
sources.The detail in figure 3(a) appeardo presenta single, elliptical feature. In fact
platethicknessgivesrise to two elliptical featureshut only the outeris containedn the
model. Details 3(b), 3(d) and 3(f) demonstratexamplesof specularitywhich destrgys
featureintegrity. In detail 3(c) illumination haspresentec shadev asa falseedgeand
in 3(e) the elliptical featureis self-occluding. It must be notedthat the specific mis-
alignmentsshown in eachof the detailsdo not arisedirectly from the error associated
with thatregion. Ratherthoseerrorsresultin acompoundailure of themodelalignment
which cangenerallybeattributedto thelack of conformity of thedatato theassumptions
listedin tablel.

4 The Updated 3D Model Matching System

Overall the original 3D model matcherwas ableto locate a modelin the sceneto an
accurag of around5mm. This wassignificantlylessthanthe sub-millimetreaccuray
whichwasintended(seefigure 3). Thesystemwasalsonotasreliableaswished,lacking
robustnesainderillumination changegepresentatie of real world conditions. Finally,
someof thealgorithmiccomponentsn particularPMF stereowereformulatedin aform
which inhibited performanceandextendibility. Theseissueshave beenaddressety the
modificationsdescribedn this sectionandthe verificationstageintroducedn sectionb.
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(a) Objectandlocatedmodel overlayed (b) Objectandlocatedmodeloverlayed
- front view - rearview

Figure2: Typical performancef theoriginal SDMM on anindustrialcomponent.

(a) Duality (b) Specularity

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

Figure3: Magnifieddetailsfrom theimagesn figure 2.
4.1 Stretchcorrelation

A major developmentof the nev 3DMM systemis in the stereoprocessingalgorithms.
The stretchcorrelationalgorithm [4] is an areabasedsolution to the stereoproblem,
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matchingdiscreteblocks in the left imageto blocksin the right. However, focusing
thematchingprocesson informationrich areasf theimage(thosecontainingedgesjm-
provesthe robustnesf the approach.Most areabasedcorrelationtechniquesassume
front-o-parallelsurfaces,an assumptiorwhich compromiseghe correlationprocessby
failing to accounfor surfacerotationscausedy the changingviews. Thestretchcorrela-
tion techniquemodelstheserotationsby warping, stretchingor shearingheright image
blocks,which improvesthe stability of the correlationprocessThis in turnimprovesthe
accurag of theresultingdisparityestimates.

The above techniqueresultsin pixel accuratecorrespondencesProjectingbackto
the coincidentCanry detectededgeenableghe sub-pixel locationof the disparityto be
computed,and so the correlationapproachis just as accurateas PMFE However, it is
moreamenabléo hardwareimplementatiorthanPMF, dueto the greatethomogeneityof
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 the stretchcorrelator
is the easewith which it extendsto temporalstereoimages.We have shavn that output
from the stretchcorrelatorcanbe usedto bootstrapthe searchprocesswithin atemporal
loop [3]. Not only doesthis reducethe computationatequirement®f the algorithmbut
alsoimprovesthe robustnessasthe probability of mismatchreducesn proportionto the
searcharea. The REV graphsystem,which althoughdevelopedfor the original TINA
3DMM wasnever integrated wasdesignedo enablefusion of datafrom temporal-stereo
sequencesThis systemhasbeenmaderedundanby the temporalaspect®f the stretch
correlationalgorithm.

4.2 Geometry extraction

Severallimitationsin the geometrigprocessingf the original SDMM wereidentified,;

o Experimentsvith CONNECT demonstratednreliability in the context of a work-
ing system.

e TheSceneModel Matcher(SMM) wassub-optimalandproneto failure. Thiswas
mainly attributedto theinability of CONNECT to correctly segmentfeaturesand
thelack of useof appropriatgor evenrobust) statistican the optimisationscheme.

e GEOMSTAT didn’t copewell with typical variationsin imageformation (specu-
larity, differencedn cameraspecificationand performance)eadingto inaccurate
(5mm errors)objectlocation.

o Calibrationof the camerasystemfrom atile wasimpracticalgiventhatthe system
requiredcontinualre-calibrationdueto drift andphysicalmovement.

As a consequencef theseconclusionsseveral efforts were madeto incrementally
improve performance.Curvesand point featureswere addedto the geometricalprimi-
tives. It wassoonestablishedhatafeaturebasedlinesandellipses)approactl11] wasa
morereliablemethodof achievzing 3D representationsf objectsthanconnectvity based
approaches.The edgefeaturedetectionprocesswas thereforerationalisedand simpli-
fied anda 2D versionof CONNECTimplemented7] anddisparitydatafitted to the 2D
features.
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4.3 CameraCalibration

Cameracalibrationis now achieved within a unified framewvork which makesuseof the
dataavailablein aworking system.This framework operatesn the context of aniterative
robustoptimisationwith optimal combinationof covariancesia the useof a regularisa-
tion term. It is ableto trackanexisting calibrationintegratingstatisticalinformationfrom

known epi-polarerrors,robotmotionandcalibrationtargets[16]. It wasalsoextendedo

supportcalibrationof a 4DOF sterecheadsysten{15].

5 Closed-loopValidation

Boththeoriginalandupdated3D modelmatchingsystemsanberegardedasahypothesis
generator$or objectlocation.Undertheassumptiorf thepresencef a particularobject
in the scene they returnthe mostprobablelocation and orientationof the objectgiven
the evidence. The 3D model matcherusesonly the 3D extractedfeaturesto achiere
this. Thisleadsto errordueto a) inaccuracie®r failingsin sggmentatiorwhich generate
incorrectfeaturegeometry b) incorrectfeaturematchesand c) simplistic treatmentof
featureprimitive statistics.

Algorithmic improvementsin the updatedschemeaim to improve the robustnesof
thissystemhowever, asimilarlevel of inaccurag remains.Theultimatelocationaccurag
of theworking systemwasnever consistentvith thatexpectedrrom sub-pixel locationof
multiple edgefeatures.

Thenew closedoop validationstage(CLV) closesheloop ontheprocesstestingthe
generatethypothesisgainstheoriginalimagedataandrefiningthis estimatevithoutthe
constraintdmposedby the previousalgorithmicstagesAn objectverificationstage[14]
was introducedpreviously in orderto asseghe quantity of 3D matchesaswell asthe
geometricconsistenyg of the object hypothesis. However, the goal of this systemwas
solelyto rejectapotentiallyinvalid modelhypothesisproviding feedbaclonly within the
3DMM stage. In contrastthe CLV compareghe final modellocationwith the original
imagedataandis thereforeableto feedbackover all stagesof the algorithm, removing
the assumptionsisedto generatdhe initial hypothesis.Figure4 outlineshow the CLV
stagegdashedines)complimentgheoriginal modelmatcher(solid lines).

In orderto validatethe modelhypothesighe steredimagesareprocessedo produce
anedgeprobabilitymapwhereeachpixel correspondso the probabilitythataworld edge
wasprojectedontoit. Thisis achiezed by usinga combinationof filters which generate
valueswhich have a maximumvalue of 1 at an edgeand an exponentiallydecayover
a scaleof several pixels. This approximationis importantin orderto give the location
procesghe statisticalvalidity requiredto estimatecovariancesfigure5.

Giventhe orientationandlocation of the modelpostulatedoy the original, forward
passof the matcherit is possibleto generatea lik elihoodscorefor the projectionof the
locatedmodelfeaturegyiventhe estimateccamerageometry An optimisationalgorithm,
in this casea form of ‘Simplex’ [12], is thenusedto iteratively refineboththe objectlo-
cationandorientationaswell asthe cameracalibrationparameterén orderto maximise
thequantityof imagedataconsistentvith the parametersThecovariancematrix is avail-
ablefor optimalcombinationof resultswith othercalibrationtechniquesThe validation
processnakesuseof the informationinherentin the full model, ignoring suchfactors
aslocal stereocorrespondenceoncentratingnsteadon the refinementof the complete
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Figure4: Block diagramof theupdated3D modelmatcher Thedashedectiongepresent
theadditionalprocessingf the closed-loopvalidation. Thelettersreferenceable2
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Figure5: Rolust edgeprobability estimationusingimagefilters. Edgesare enhanced
usingasquared-gradieriiter. Theexponentandrankingimproverobustnessndproduce
relative probabilities.

picture. This removesthe assumptionsnherentin the forward passalgorithms,which
werenecessaryo allow the robustgeneratiorof the initial objectlocation(tablel). The
remainingassumptionsrethat, afterthe forward pass the modelcanbe projectedback
ontothescenewith sufficientaccurag to allow the CLV to find thetruelocation. This, in
turn, assumeshatthe cameramodelis adequate Putanothemway we now assumdittle
morethanthe modelis presenin the sceneandthatwe have a valid modelof thecamera
optics. Thefinal resultingstatisticis a directestimateof the quantityof edgedatawhich
is consistentvith the modelhypothesisandthis is sufficientto corroboratehe existence
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Key | Original Updated Benefits
A Canry [2] Canry [2] -
CONNECT | BiasCorrectedKalman | Morereliablecurve & line
Filter [11] fitting
Pollard[7]
B PMF StretchCorrelation[4] | Improvedperformance
Temporalintegration
GDB
C GEOMstat CLv Independentf assumptions
in table1
D SMM SMM + CLV Rohuststatistics
Top-davn segmentation
E Tsai[17] Thacler[16] Updatableon-line

Table2: Summaryof algorithmupdateswith key for figures1 and4.

of theobjectatthatlocation.

6 Experimentsl|

In this experimentthe updated3DMM with CLV wasusedto generataninitial hypothe-
sisfor themodellocationin bothsteredmages.An edgeprobabilityimagewasgenerated
for thedata.Matchedfeatureswvereprojectedontotheseimagesandboththe positionof
the objectandthe cameraparametersvereiteratively adjustedo give the bestinterpre-
tation of the data. In comparisornto the datashawn in figure 3 it canbe seenthatthe
detailregionshave provided consistentnterpretationgor the positionof each3D feature
in the sceneandhave achieved agreemento within a pixel. In mary casest is obvious
that the projectedfeaturesdo not locate onto edgedata. This occurswhenthe feature
is self occludedor view directionandillumination conspireto preventthe detectionof a
definiteedge,i.e. the dataisn’t present.Non-the-lesghe combinedrequiremenbf each
featurehaving to be maximally consistentvith the projectedmodelseemgo be enough
for the consistenmodelfeatureso be selectedn preferencdo thosewhich areanarte-
factof view point or illumination. The mostsignificantchangen the camergparameters
adjustedby the CLV wasa changeof 5% in the aspectratio of the cameras Agreement
betweerthe modelandthe scenecannotbe achievedwithout allowing this change Mod-
ifying this parameteandre-runningthe stereoprocessingvasnot enoughto eliminate
grosserrorsin estimatedmodellocation. This suggestshatthe errorsin the SMM are
mainly dueto inaccuratesggmentatiorandstatisticaimodellingof errorsratherthansim-
ply anerrorin calibration. Thusthe resultsachieved with the updated3DMM could not
bereachedvithoutthe CLV, evenif the correctcameracalibrationis used.

7 Discussion& Conclusions

A robusttechniquefor accuratelyalidatingandlocatinga known objectin a cluttered
scenehasbeenpresented.
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(d) Specularity (e) Self-Occlusion (f) Specularity

Figure6: Typical performancef the CLV modelmatchermon detailsfrom figure 3.

We have foundthatin orderfor algorithmsto work well theassumptiongparticularly
statistical)mustbevalid andthis oftenlimits thesucces®f closedform solutions despite
mathematicallyelegance Iterative robustapproacheareoftennecessaryo eliminatethe
majority of problems We have foundthatuseof the mosteasilyinterpreteddatain order
to bootstrapthe remainingdatais generallythe mostefficient andreliableapproach At
all stageghe ability to estimatethe accuray of the resultingdatais crucially important
sothat correctaccountcanbe taken of informationin later stagesof the system. View
basedwireframemodelmatchingapproacheso machinevision problemsareno longer
regardedas genericsolutionsandreceve lessattentionin the literature. However, the
statisticalproblemsof datainterpretatiorsuchasmodelselectiorandverificationarestill
justasvalid for rigid modelsasthey arein the morerecentapproaches.

Themotivationsfor working in anervironmentsuchasTINA arejustasvalid asthey
werewhenthe systemwasconceved. The compleity of the vision problemis suchthat
it canonly betackledin a modularfashion,wherethe overall problemis broken down
into smaller moremanageabléasks.Solutionsto theseproblemmodules pftenresearch
areadn their own right, resultin setsof algorithms.Unlessall thework is donewithin a
unified ervironmentandthe constraintdmposedby systemintegrationareplacedon the
algorithmicdesignfrom the start,theseindividual solutionsmay never be madeto work
together Putanotherway, systembuilding generateshe criteria and the ervironment
necessaryo evaluateanalgorithm.
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