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Abstract

This article presentsan overview of work on Active 3-D ObjectRecognition
at theIndianInstituteof Technology, BombayandIndianInstituteof Technology,
Delhi. We have concentratedon the useof simplefeaturesandsuitablyplanned
multiple views to recognisea 3-D objectwith an uncalibratedcamera. We use
isolatedplannedviews, without incurring the overheadof trackingthe objectof
interest,acrossviews. Our work has focussedprimarily on two areas: aspect
graph-basedmodellingandrecognitionusingnoisysensors;andrecognisinglarge
3-D objectsusingInner CameraInvariants. We have proposednew hierarchical
knowledgerepresentationschemesin both cases. A commonthreadin both is
a novel robust probabilisticreasoning-basedreactive object recognitionstrategy
which is scalableto memoryandprocessingconstraints,if any. Wepresentresults
of numerousexperimentsin supportof ourproposedstrategies.

1 Intr oduction

3-D objectrecognitionis adif�cult taskprimarily becauseof thelossof informationin
thebasic3-D to 2-D imagingprocess.Most model-based3-D objectrecognitionsys-
temsconsiderfeaturesfrom asingleimage,usingpropertiesinvariantto anobject,and
preferably, invariantto theviewpoint. We oftenneedto recognise3-D objectswhich
becauseof their inherentasymmetry(in any setof features:geometric,photometric,or
colour-based,for example),cannotbe completelycharacterisedby an invariantcom-
putedfrom asingleview. In orderto usemultipleviews for anobjectrecognitiontask,
oneneedsto maintaintherelationshipbetweendifferentviews of anobject.In single-
view recognition,systemsoftenusecomplex featuresets,whicharenoteasyto extract
from images.In many cases,it maybepossibleto achieve unambiguousrecognition
usingsimplefeatures,andsuitablyplannedmultipleviews [6, 1].

A singleview of a3-D objectoftendoesnotcontainsuf�cient featuresto recognise
it unambiguously. Objectswhichhave two or moreviews in commonwith respectto a
featureset,maybedistinguishedthroughasequenceof views. As asimpleexample[6,

1



1], let usconsiderthesetof featuresto bethenumberof horizontalandvertical lines,
anda modelbaseof polyhedralobjects.Fig. 1(a)shows a givenview of anobject.All

(a) (b)

Figure1: (a)Thegivencompleteview of anobject,and(b) theobjectswhichthisview
couldcorrespondto: This is Fig. 1 in [6], page430.

objectsin Fig. 1(b)haveat leastoneview whichcorrespondto two horizontalandtwo
verticallines.

A furthercomplicationarisesif thegiven3-D objectdoesnot�t insidethecamera's
�eld of view. Fig. 2 showsanexampleof suchacase.Theview in Fig. 3(a)couldhave

Figure2: A robotwith anattachedcamera,observingabuilding. Theentireobjectdoes
not �t in thecamera's �eld of view. Not only is theidentityof theobjectunknown, the
robot alsodoesnot know its posewith respectto the object. This exampleshows 4
degreesof freedom(DOF) betweenthe objectandthe camera.This is Fig. 2 in [7],
page282.

comefrom any of theobjectsin Fig. 3(b),(c) and(d). Evenif theidentityof theobject
wereknown, onemayoftenlike to know whatpartof theobjectthecamerais looking
at– theposeof thecamerawith respectto theobject.Single-view recognitionsystems
oftenusecomplex featuresets,whichareassociatedwith high featureextractioncosts,

2



which in itself, maybenoisy. A simplefeaturesetis moreapplicablefor a largerset
of objects. In many cases,it may be possibleto achieve recognitionusinga simpler
featuresetandsuitablyplannedmultipleobservations.

(a)

(b) (c) (d)

Figure3: (a) The given view of an object: only a portion of it is visible. This could
have comefrom any of themodels,differentviews of which areshown in (b), (c) and
(d), respectively. This is Fig. 2 in [6], page431.

An Active Sensoris onewhoseparameterscanbevariedin a purposive manner.
For a camera,this implies a purposive control over the externalparameters(the pa-
rametersR and t describingthe 3-D Euclideantransformationbetweenthe camera
coordinatesystemanda world coordinatesystem)andthe internalparameters(given
by theinternalcameraparametermatrixA , composedof parameters:thefocal lengths
in the x� andy� imagedirections,the positionof the principal point, andthe skew
factor).Our work in active 3-D objectrecognitionhasprimarily consideredtwo areas
namely,

1. AspectGraph-basedModellingandRecognitionusingNoisySensors

2. Recognitionof Large3-D objectsthroughNext View PlanningusingInnerCam-
eraInvariants

Thefollowing sectionsgiveanoverview of ourwork in thisarea.
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2 Aspect Graph-basedModelling and Recognition us-
ing NoisySensors

We considertheproblemof recognisingan isolated3-D objectusingsimplefeatures,
andsuitablyplannedmultiple views. We assumea single rotationaldegreeof free-
dom(hereafter, DOF) betweentheobjectandthe(uncalibrated)camera.We propose
a novel hierarchicalaspectgraph-basedknowledgerepresentationschemewhich en-
codesdomainknowledgeaboutdifferentview of theobjectsin themodelbase.This
playsanimportantrole in calculatingtheprobabilitiesof differententitiesasevidence
comesin from a view, aswell asplanningan optimal next view, subjectto memory
andprocessingconstraints.Theplanningprocessis reactive - thesystemusesboththe
pasthistory andthe currentobservation to plan the next view. This feature,coupled
with theexplicit modelingof uncertainty, allowsahighdegreeof robustnessto feature
detectionerrors,anddoesnot incur a high computationalcostwhich would beassoci-
atedwith anoff-line system.Informationfrom eachobservationprunesthesearchfor
takinga view thatdisambiguatesbetweenthepossibleview interpretationhypotheses
atany stage.To serveasabenchmark,weuseasimpledeterministiccaseto show that
the numberof views requiredto disambiguatebetweena setof n competingaspects
correspondingto the�rst view, is O(log n). An importantfeatureof oursystemis that
it doesnot incur theoverheadof trackingtheregionof interestacrossviews.

We presentdetailsof this systemin [2]. We have experimentedwith databases
of reasonablycomplex shapes,which have a largedegreeof interpretationambiguity
correspondingto aview. Fig.4showstheobjectsin theaircraftmodelbase,andresults
of someexperimentswith themodelbase.For theexperimentsin Fig. 4, weuseavery
simplesetof features:thenumberof horizontalandvertical lines in an imageof the
object,andthenumberof circles. In thebottompartof this �gure, the initial view in
eachof thesecaseshasthesamefeatures:threehorizontalandvertical lineseach,and
two circles.

In [5], wepresentacharacterisationof errorsin aspectgraphs,aswell analgorithm
for estimatingaspectgraphs,given noisy sensordata. The algorithmhaslow-order
polynomial time complexity, in the sizeof the tessellatedviewpoint space.We also
proposea functionto evaluatetheoutputof aspectgraphconstructionalgorithms.We
have examinedthe both a single rotationalDOF case,as well as a 3-DOF casefor
rotations.

For theexperimentsin Fig. 4, thetop row right setshows anexampleof usingour
aspectgraphconstructionstrategy which explicitly modelsfeaturedetectionerrors.
Dueto theshadow of theleft wing on thefuselageof theaircraft,thefeaturedetector
detectsfour vertical lines insteadof three,the correctnumber. Our error modelling
schemein the aspectgraphconstruction,anderror handlerin the object recognition
systemenableit to recover from this featuredetectionerror. [3] presentsa complete
overview of theentiresystem,theaspectgraphconstructionandtheobjectrecognition
part. Thepapersalsoenumeratethethreecaseswhenour algorithmis not guaranteed
to succeed.

In [8], we proposetheideaof anappearance-basedaspectgraph. This is analter-
native to feature-basedmethods,sinceeigenspaceinformationcapturesall information

4



OBJECTS IN THE AIRCRAFT MODEL BASE

h332i 26� ! h420i h342(332)i 26� ! h410i

h332i 26� ! h410i h332i 26� ! h540i

h332i 26� ! h510i 12� ! h510i

Figure4: The setof modelsin our aircraft modelbase(top), andsomeexperiments
with our�rst systemontheset,with thesameinitial view with respectto thefeatureset
used.Thenumbersabove thearrowsdenotethenumberof turntablesteps.(The�gure
in parenthesisshows anexampleof recovery from featuredetectionerrors).Theseare
Fig. 5 andFig. 6 in [6], page436.

abouttheview of anobjectthatcanbeobtainedfrom an image. In this caseaswell,
we proposea hierarchicalknowledgerepresentationscheme,anda probabilisticrea-
soningframework which helpsin both generatinghypothesisabouta given view of
anobject,andplanningthenext view, if required.Theschemeis robust to problems
whichareusuallyassociatedwith appearance-basedmethodsnamely, backgroundclut-
ter, andsizeandpositionchangesin aview of anobject.Thepaper[8] representswork
in progress,andpresentssomeverypreliminarywork in thisarea.

3 Recognitionof Large 3-D objectsthr ough Next View
Planning using Inner Camera Invariants

Our secondschemeproposesa new on-linemethodfor recognisinglarge 3-D objects,
which maynot �t in a camera's �eld of view. Unlike thepreviouscase,we considera
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projective cameramodel,andconsiderthe casewhenthe internalcameraparameters
mayvary- eitheraccidentally, or onpurpose(e.g., azoom-inoperationto getdetailsof
aparticularportionof theobject,or azoom-outoperationto getawider �eld of view).

In [9, 10], we proposea new classof invariantsfor complete3-D Euclideanpose
estimationusinganuncalibratedcamera- Inner Camera Invariants. Theseareimage-
computablefunctions,independentof the internalparametersof the camera.We use
theseto advantagein our recognitionschemefor large3-D objects(Detailsin [4, 7]).
We proposea new part-basedrecognitionknowledgerepresentationscheme.We con-
sideraverygeneralde�nition of theword `part': in our formulation,anobjectis com-
posedof parts,but is notpartitionedinto asetof parts.A view of anobjectcontains2-D
or 3-D parts(whicharedetectableusing2-D or 3-D projectiveinvariants,for example),
andother`blank' or `featureless'regions(which do not have featuresdetectableusing
the given setof featuredetectors).This framework alsousesa probabilisticreason-
ing framework for recognitionandplanningthe next view. The part poseestimation
itself helpsin a �rst-level pruningof thelist of competingview interpretationhypothe-
ses. The systemis fairly robust to small movementerrors,presenceof clutter in an
image,andcasesof non-detectionof parts,in additionto be independentof changes
in camerainternalparameters- zoom-inandzoom-outoperations,for example[4, 7].
We show resultsof successfulrecognitionandposeestimationfor a largeuncertainty
correspondingto theinterpretationof agivenview.

We have experimentedwith a set of architecturalmodels(Fig. 3), and a set of
buildings in the I.I.T. Bombayacademicarea.While our formulationis for a general
6-DOFcase,wehaveexperimentedwith a4-DOFsetup,similar to theonedepictedin
Fig.2. For thearchitecturalmodels,weshow resultsof successfulrecognitionandpose
estimationeven in casesof a high degreeof interpretationambiguityassociatedwith
a view. Fig. 3 shows suchanexample.Sucha view couldhave comefrom any of the
threemodels,differentviewsof whichareshown in Fig. 3(b),(c) and(d), respectively.
Fig.5 showsanexampleof thesystem'sresilienceto changesin theinternalparameters
of thecamera.For thesametwo initial views,weprogressively zoomthecameraoutat
thethird view. Thesystemcorrectlyrecognisestheobjectin eachcase,andestimates
theposeaccuratelyin eachcase(h9:425� ; � 22:000mm; � 9:999mm; 150:000mm i ,
h9:888� ; � 22:000mm; � 9:999mm; 150:000mm i , and
h9:896� ; � 22:000mm; � 9:999mm; 150:000mm i , respectively). While [4] presents
apreliminarydescriptionof oursystem,[7] describesthesystemin detail.

We have also experimentedwith an extremely dif�cult operatingenvironment-
buildings in the I.I.T. Bombayacademicarea. Thereare numeroustreesand other
unmodelledobjects. Additionally, occlusionsand improperlighting conditionsalso
adverselyaffect the performanceof the system.Fig. 6 andFig. 7 show examplesof
experimentswith therealbuildings.Wedescribethesein detailin [7], examinerobust-
nessissues,andstatethelimitationsof theproposedmethod.
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(a) � ! (b) � ! (c)
Thecameraprogressively zoomsout

Figure5: For thesame�rst two views,we progressively zoom-outthecamerain three
stages.(a),(b) and(c) depictthethreeviewswhich thecamerasees,for thethird view.
Thisdoesnotaffecttherecognitionsystemin any way– thesystemidenti�es theobject
andtheestimatescameraposeaccuratelyin eachcase.This is Fig. 10 in [7].
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Figure6: Experiment6 (I.I.T. BombayBuildings): Backtrackingon reachinga view
without any part, andsuccessful�nal recognition. This is Fig. 12 in [7] (detailsin
paper).

Figure7: Experiment7 (I.I.T. Bombaybuildings): Catastrophicfailure- theeffect of
anocclusion(left), andre�ection onthewindow panesandtree(centre).Thisis Fig.13
in [7] (detailsin paper).
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