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Abstract

This article presentsan overview of work on Active 3-D ObjectRecognition
attheIndianInstituteof TechnologyBombayandIndianInstituteof Technology
Delhi. We have concentratean the useof simplefeaturesand suitably planned
multiple views to recognisea 3-D objectwith an uncalibratedcamera. We use
isolatedplannedviews, without incurring the overheadof trackingthe object of
interest,acrossviews. Our work hasfocussedprimarily on two areas: aspect
graph-basedodellingandrecognitionusingnoisy sensorsandrecognisindarge
3-D objectsusing Inner Cameralnvariants. We have proposecdhew hierarchical
knowledgerepresentatioschemesn both cases. A commonthreadin both is
a novel robust probabilisticreasoning-baserkactive objectrecognitionstratey
whichis scalableo memoryandprocessingonstraintsif ary. We presentesults
of numerousxperimentdn supportof our proposedstrat@ies.

1 Intr oduction

3-D objectrecognitionis adif cult taskprimarily becausef thelossof informationin
the basic3-D to 2-D imagingprocess.Most model-base®-D objectrecognitionsys-
temsconsideifeaturesfrom asingleimage,usingpropertiesnvariantto anobject,and
preferably invariantto the viewpoint. We often needto recognise3-D objectswhich
becausef theirinherentasymmetry(in ary setof featuresgeometricphotometricor
colourbasedfor example),cannotbe completelycharacterisetby aninvariantcom-
putedfrom asingleview. In orderto usemultiple views for anobjectrecognitiontask,
oneneedgo maintainthe relationshipbetweendifferentviews of anobject. In single-
view recognition systemoftenusecomplex featuresets which arenoteasyto extract
from images.In mary casesjt may be possibleto achieze unambiguousecognition
usingsimplefeaturesandsuitablyplannedmultiple views[6, 1].

A singleview of a3-D objectoftendoesnot containsuf cient featurego recognise
it unambiguouslyObjectswhich have two or moreviewsin commonwith respecto a
featureset,maybedistinguishedhroughasequencef views. As asimpleexample[6,



1], let usconsiderthe setof featureso be the numberof horizontalandverticallines,
andamodelbaseof polyhedralobjects.Fig. 1(a) shovs agivenview of anobject. All
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Figurel: (a) Thegivencompleteview of anobject,and(b) the objectswhichthis view
couldcorrespondo: Thisis Fig. 1 in [6], page430.

objectsin Fig. 1(b) have atleastoneview which correspondo two horizontalandtwo
verticallines.

A furthercomplicationarisedf thegiven3-D objectdoesnot t insidethecameras
eld of view. Fig. 2 shavs anexampleof suchacase.Theview in Fig. 3(a)couldhave
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Figure2: A robotwith anattachedamerapbservingabuilding. Theentireobjectdoes
not t inthecameras eld of view. Not only is theidentity of the objectunknavn, the
robot alsodoesnot know its posewith respecto the object. This exampleshavs 4
degreesof freedom(DOF) betweenthe objectandthe camera. This is Fig. 2 in [7],

page282.

comefrom ary of the objectsin Fig. 3(b), (c) and(d). Evenif theidentity of theobject
wereknown, onemay oftenlik e to know whatpartof the objectthe camerais looking

at—theposeof the camerawith respecto theobject. Single-viev recognitionsystems
oftenusecompl« featuresetswhich areassociateavith high featureextractioncosts,



which in itself, maybenoisy. A simplefeaturesetis moreapplicablefor alarger set
of objects. In mary casesjt may be possibleto achieve recognitionusinga simpler
featuresetandsuitablyplannedmultiple obsenations.

b)

Figure3: (a) The givenview of anobject: only a portion of it is visible. This could
have comefrom ary of the models differentviews of which areshowvn in (b), (c) and
(d), respectiely. Thisis Fig. 2 in [6], page431.

An Active Sensoris onewhoseparameterganbe variedin a purposve manner
For a camera,this implies a purposve control over the external parametergthe pa-
rametersR andt describingthe 3-D Euclideantransformatiorbetweenthe camera
coordinatesystemanda world coordinatesystem)andthe internal parameterggiven
by theinternalcamergparametematrix A , composeaf parametersthefocal lengths
inthex andy imagedirections,the positionof the principal point, andthe skew
factor). Our work in active 3-D objectrecognitionhasprimarily consideredwo areas
namely

1. AspectGraph-basetlodellingandRecognitionusingNoisy Sensors

2. Recognitiorof Large 3-D objectsthroughNext View PlanningusinglnnerCam-
eralnvariants

Thefollowing sectionggive anoverview of ourwork in this area.



2 Aspect Graph-based Modelling and Recognition us-
ing Noisy Sensors

We considerthe problemof recognisinganisolated3-D objectusingsimplefeatures,
and suitably plannedmultiple views. We assumea single rotationaldegreeof free-
dom (hereafterDOF) betweenthe objectandthe (uncalibratedcamera.We propose
a novel hierarchicalaspectgraph-based#nowledgerepresentatioschemewhich en-
codesdomainknowledgeaboutdifferentview of the objectsin the modelbase. This
playsanimportantrole in calculatingthe probabilitiesof differententitiesasevidence
comesin from a view, aswell asplanningan optimal next view, subjectto memory
andprocessingonstraints The planningprocesss reactve - the systemusesboththe
pasthistory andthe currentobsenation to planthe next view. This feature,coupled
with the explicit modelingof uncertaintyallows a high degreeof robustnesgo feature
detectionerrors,anddoesnotincur a high computationatostwhich would be associ-
atedwith anoff-line system.Informationfrom eachobsenation prunesthe searchfor
taking a view thatdisambiguatebetweerthe possibleview interpretatiorhypotheses
atary stage.To serne asabenchmarkwe usea simpledeterministiccaseto shav that
the numberof views requiredto disambiguatdetweena setof n competingaspects
correspondingo the rst view, is O(log n). An importantfeatureof our systemis that
it doesnotincurthe overheadf trackingtheregion of interestacrossviews.

We presentdetailsof this systemin [2]. We have experimentedwith databases
of reasonablycomplex shapeswhich have a large degreeof interpretationrambiguity
correspondingo aview. Fig.4shavsthe objectsin theaircraftmodelbase andresults
of someexperimentswith themodelbase.For the experimentsn Fig. 4, we useavery
simplesetof features:the numberof horizontalandvertical linesin animageof the
object,andthe numberof circles. In the bottompartof this gure, theinitial view in
eachof thesecasedasthe samefeaturesthreehorizontalandverticallineseach,and
two circles.

In [5], we presentacharacterisatioof errorsin aspecgraphsaswell analgorithm
for estimatingaspectgraphs,given noisy sensordata. The algorithm haslow-order
polynomialtime compleity, in the size of the tessellatedviewpoint space. We also
proposea functionto evaluatethe outputof aspecgraphconstructioralgorithms.We
have examinedthe both a single rotational DOF case,aswell asa 3-DOF casefor
rotations.

For the experimentsn Fig. 4, thetop row right setshavs an exampleof usingour
aspectgraph constructionstratgly which explicitly modelsfeaturedetectionerrors.
Dueto the shadav of theleft wing on the fuselageof the aircraft, the featuredetector
detectsfour vertical lines insteadof three,the correctnumber Our error modelling
schemen the aspectgraphconstruction,anderror handlerin the objectrecognition
systemenableit to recover from this featuredetectionerror. [3] presentsa complete
overview of theentiresystemtheaspecgraphconstructiorandthe objectrecognition
part. The papersalsoenumeratehe threecasesvhenour algorithmis not guaranteed
to succeed.

In [8], we proposeheideaof anappeaance-base@dspectgraph Thisis analter
native to feature-basethethodssinceeigenspaceformationcapturesll information
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Figure4: The setof modelsin our aircraft modelbase(top), and someexperiments
with our rst systenpontheset,with thesameinitial view with respecto thefeatureset
used.Thenumbersabove the arrons denotethe numberof turntablesteps(The gure
in parenthesishavs an exampleof recovery from featuredetectionerrors). Theseare
Fig. 5 andFig. 6 in [6], page436.

aboutthe view of an objectthatcanbe obtainedfrom animage. In this caseaswell,
we proposea hierarchicalknowledgerepresentatioschemeanda probabilisticrea-
soningframevork which helpsin both generatinghypothesisabouta given view of
an object,andplanningthe next view, if required. The schemes robustto problems
whichareusuallyassociateevith appearance-basatethodsramely backgrounatlut-
ter, andsizeandpositionchanges$n aview of anobject. Thepaper{8] representsvork
in progressandpresentsomevery preliminarywork in this area.

3 Recognitionof Large 3-D objectsthrough Next View
Planning using Inner Cameralnvariants

Our secondschemeproposes new on-line methodfor recognisingarge 3-D objects,
whichmaynot t in acameras eld of view. Unlike the previous casewe considera



projectve cameramodel,andconsiderthe casewhenthe internalcameraparameters
mayvary - eitheraccidentallyor on purposge.g., azoom-inoperatiorto getdetailsof
aparticularportionof the object,or azoom-outoperationto getawider eld of view).

In [9, 10], we proposea new classof invariantsfor complete3-D Euclideanpose
estimationusinganuncalibrateccamera Inner Camea Invariants Theseareimage-
computableunctions,independenof the internal parametersf the camera.We use
theseto advantagein our recognitionschemefor large 3-D objects(Detailsin [4, 7]).
We proposea new part-basedecognitionknowledgerepresentatioscheme We con-
sideravery generalde nition of theword “part’: in our formulation,anobjectis com-
posedof parts,butis notpartitionednto asetof parts.A view of anobjectcontain2-D
or 3-D parts(which aredetectableising2-D or 3-D projective invariants for example),
andother blank’ or “featurelesstegions(which do not have featuresdetectablausing
the given setof featuredetectors). This framavork also usesa probabilisticreason-
ing framework for recognitionand planningthe next view. The part poseestimation
itself helpsin a rst-le vel pruningof thelist of competingview interpretatiorhypothe-
ses. The systemis fairly robustto small movementerrors, presencef clutterin an
image,and casesof non-detectiorof parts,in additionto be independenbf changes
in cameranternalparameters zoom-inandzoom-outoperationsfor example[4, 7].
We shaw resultsof successfutecognitionandposeestimationfor a large uncertainty
correspondingo theinterpretatiorof a givenview.

We have experimentedwith a setof architecturalmodels(Fig. 3), and a set of
buildingsin thel.I.T. Bombayacademiarea. While our formulationis for a general
6-DOFcasewe have experimentedvith a4-DOF setup similar to theonedepictedn
Fig. 2. Forthearchitecturamodelswe shaw resultsof successfutecognitionrandpose
estimationevenin casef a high degreeof interpretationambiguity associatedvith
aview. Fig. 3 shavs suchanexample. Sucha view could have comefrom ary of the
threemodels differentviews of whichareshawn in Fig. 3(b), (c) and(d), respectiely.
Fig. 5 shavsanexampleof thesystemsresilienceto changesn theinternalparameters
of thecameraFor the samewo initial views, we progressiely zoomthecamerautat
thethird view. The systemcorrectlyrecogniseshe objectin eachcase andestimates
theposeaccuratelyin eachcasgh9:425 ; 22000mm; 9:999mm; 150000mm i,
h9:888 ; 22000mm; 9:999mm; 150000mm i, and
h9:896 ; 22000mm; 9:999mm; 150000mm i, respectiely). While [4] presents
apreliminarydescriptionof our system]7] describeshe systemin detail.

We have also experimentedwith an extremely dif cult operatingervironment-
buildings in the I.I.T. Bombayacademicarea. Thereare numeroustreesand other
unmodelledobjects. Additionally, occlusionsandimproperlighting conditionsalso
adwerselyaffect the performanceof the system. Fig. 6 andFig. 7 shov examplesof
experimentswith therealbuildings. We describehesein detailin [7], examinerobust-
nessssuesandstatethelimitations of the proposednethod.
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Figure6: Experiment6 (I.I.T. BombayBuildings): Backtrackingon reachinga view
without ary part, and successfulnal recognition. This is Fig. 12 in [7] (detailsin

paper).

Figure7: Experiment7 (I.I.T. Bombayhbuildings): Catastrophidailure - the effect of
anocclusion(left), andre ection onthewindow panesandtree(centre).Thisis Fig. 13
in [7] (detailsin paper).

gineeringat .. T. Delhi whereheis currentlya ProfessarHis researchinterests
includeComputenVision andReal-timeEmbeddedystemsFor moreinforma-
tion abouthisresearchactvities, pleasevisit

http://lwww.cse.iitd.ac.in/ suban

References

(1]

(2]

3]

[4]

5]

S.DuttaRoy. ActiveObjectRecanitionthroughNext View Planning PhDthesis,
Departmenbf ComputerScienceand EngineeringIndian Institute of Technol-
ogy, Delhi, 2001.

S. DuttaRoy, S. ChaudhuryandS. Banerjee.Isolated3-D ObjectRecognition
throughNext View Planning. IEEE Trans.on SystemsMan and Cybernetics
Part A: SystemandHumans 30(1):67— 76, January2000.

S.DuttaRoy, S.ChaudhuryandS. Banerjee AspectGraphBasedViodelingand
Recognitionwith an Active Sensor:A Rolust Approach. Proc. Indian National
ScienceéAcademyPart A, 67(2):187— 206, March2001. Speciallssueon Image
Processingyision andPatternRecognition.

S. DuttaRoy, S. ChaudhuryandS. Banerjee. RecognizingLarge 3-D Objects
throughNext View Planningusingan UncalibratedCamera.In Proc. IEEE In-
ternationalConfeenceon Computenision (ICCV), pagedl: 276—281,2001.

S. DuttaRoy, S. ChaudhuryandS. Banerjee.AspectGraphConstructionwith
Noisy FeatureDetectors.|IEEE Trans.on SystemsiMan and Cybernetics Part
B: Cybernetics33(2):340- 351, April 2003.



[6]

[7]

(8]

9]

(10]

S.DuttaRoy, S. ChaudhuryandS. Banerjee.Active RecognitionthroughNext
View Planning:A Suney. PatternReca@nition, 37(3):429- 446,March2004.

S.DuttaRoy, S. ChaudhuryandS. Banerjee. RecognizingLarge Isolated3-D
ObjectsthroughNext View PlanningusinglnnerCamerdnvariants.|IEEE Trans.
on SystemsMan and Cybernetics Part B: Cybernetics35(2):282— 292, April

2005.

S.DuttaRoy andN. Kulkarni. Active 3-D ObjectRecognitiorusingAppearance-
BasedAspectGraphs.In Proc. Indian Confeenceon Computenision, Graphics
andImage ProcessinICVGIP), pagest0—45,2004.

M. Werman,S. Banerjee,S. Dutta Roy, and M. Qiu. RobotLocalizationUs-
ing UncalibratedCamerdnvariants.In Proc. IEEE InternationalConfeenceon
Computenision and PatternRecantion (CVPR) pagedI: 353—-359,1999.

M. Werman, M. Qiu, S. Banerjee, and S. Dutta Roy. Inner Cam-
era Invariants and their Applications. Technical report, Department
of Computer Science and Engineering, I.I.T. Delhi, August 2001.
http://www.cse.iitd.ac.in/ suban/papers/inner07.pdf



