Object Recognitionand PoseEstimationfor
Robotic Manipulationusing Color Cooccurrence
Histograms

Stafan Ekvall Frank Hoffmann DanicaKragic
ComputationaVision and Active Perception Electrical Engineeringand Information Technology Centrefor AutonomousSystems
Royal Institute of Technology University of Dortmund Royal Institute of Technology
Stockholm,Sweden, Dortmund,Germary Stockholm,Sweden

ekvall@nada.kth.se

Abstract— Robust techniquesfor object recognition,image
segmentationand pose estimation are essentialfor robotic
manipulation and grasping. We present a novel approach
for object recognition and pose estimation based on color
cooccurrence histograms (CCHs). Consequently two prob-
lems addressedin this paper are i) robust recognition and
segmentationof the object in the scene,and ii) object’s pose
estimation using an appearancebasedapproach.

The proposedrecognition schemeis basedon the CCHs
used in a classical learning framework that facilitates a
“winner —takes—all” strategy acrossdifferent scales.The de-
tected “windows of attention” are compared with training
images of the object for which the pose is known. The
orientation of the object is estimatedasthe weighted average
among competitive poses,in which the weight increases
proportional to the degree of matching betweenthe training
and the segmentedmage histograms. The major advantages
of the proposedtwo—step appearancebased method are its
robustnessand invariance towards scaling and translations.
The method is alsocomputationally efficient sinceboth recog-
nition and pose estimation rely on the samerepresentation
of the object.

I. INTRODUCTION

Recentprogressof servicerobotics gradually expands
the application domain of robotics from manugcturing
settingsto domesticervironment. Sinceit is impossible
to engineersuch a dynamic ervironment, the ability of
robust perceptionis one of the key componentsof a
roboticsystemThis paperconsiderghe problemof vision
basedobject detectionand pose estimationand its use
for manipulation of objects in everyday settings. The
processof object manipulationin general,involves all
aspectsof detection/recognitionsenoing to the object,
alignment and grasping. Each of these processeshave
typically been consideredindependentlyor in relatively
simple ervironments.Given a task at handtogetherwith
its constraintsit is, however, possibleto provide a system
that exhibits robustnesdn a realistic setting,[1].

An importantskill in termsof manipulationis the es-
timation of the threedimensionalpositionandorientation
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of the objectgiven imageof a scene|[6]. Approachego
solve the poseestimationproblem can be classifiedinto
two categyories:appearancbasedmethods[8] andmodel
basedmethods][7]. Appearancédasedmethodsarebased
ontheoverall visualappearancef the object,while model
basedmethodsrely on specificgeometricfeaturesof the
object. Here, image featuresare matchedwith features
eitherin the training imagesor a geometricmodel of the
object. Due to the large numberof topologically distinct
aspectsof an object, mary of the techniquesbasedon
computing the correspondencéetweenthe image and
modelfeatureg7], fail to achieve real-timeperformance.
Marny of the everyday objectsare highly textured and it
is thereforedifficult to use simple featureslike edgesor
cornersto robustly solve the correspondencproblem,see
Figure 1.

A more natural approachin terms of computational
efficiengy is the useof appearancbasedmethods]8] for
providing the roughinitial estimatefollowed by a refine-
mentstepusing modelbasedmethods][3] to estimatethe
full poseof the object. Up until now, CCHs have been
usedin [2] for recognition of objectsin a scene.Our
work extendsthis methodto estimatethe rotation of the
object aroundthe vertical axis and usethis as the initial
guessfor our poseestimationsystem.Comparedto our
previous work, [6], wherethe sameproblemwas studied,
the major contribution is the computationalefficiency of
the method due to the object representationused for
both recognitionand pose estimationsteps.In addition,
the proposedmethodshaws a significantrobustnesswith
respectto scalingandtranslations.

We startby a shortintroductionto CCHsin Sectionll
and their applicationto objectrecognitionin Sectionlll.
SectionlV introducesour model basedpose estimation
system.Experimentalresultsare presentedn SectionV
anda summaryis givenin SectionVI.



CLEANER SODA CAN cup SODA BOTTLE

FRUIT CAN RAISINS SOUP

Fig. 1. Someof the objectswe want the robot to manipulate.

Il. COLOR COOCCURRENCE HISTOGRAMS

Regular color histogramsdo not presere geometric
structuresand objects with similar texture but different
shapemight be representedy similar histogramsX- and
Y-color histogramspresere somegeometricinformation
as the bins representcolor frequenciesalong individual
rows and columns,ratherthanaggreating over the entire
image.The weaknes®f both approachess thatthey store
noor, in caseof X- andY-histogramspnly asmallfraction
of the objects’ geometry

A CCH is able to store geometricinformation in a
computationallyefficientway. Sucha histogranrepresents
countsof how often pairs of pixels with certain colors
occurin theimage.Onecaneithercomputethe histogram
over the entire setof pixel pairsor constrainthe number
of pairs basedon, for example, their relative distance.
This way, only pixel pairs separatedby less than a
maximumdistance,dmax are consideredln our case,the
histogramsof training imagescomputedoffline are based
on a full sampleincluding all object pixel pairs. Since
object recognition and pose estimationare supposecdto
run in real time, the histogramsfor the testimagesonly
containpixel pairs separatedy lessthan 10 pixels in X
andY. Normalizing the histogramwith the total number
of pixel pairs, training and testimage histogramscan be
comparedo eachotherdespitedifferentsizesandscales.

The numberof individual binsin a CCH is muchlarger
than in the caseof regular histogramsas it grows with
the squarenumberof colors. Therefore,it is necessaryo
reducethe numberof distinct colorsin the color spacein
advance.With fewer colors, it becomesmore important
to constructhistogramsbasedon the most representatie
setof colors. In our work, the optimal color schemefor
anobjecthistogramis determinedoy K-meansclustering,
in which clustercentersare distributed accordingto pixel
densityin color spaceln addition,color clusteringmakes
the histogrammore robust towardschangingillumination.
Multiple color histogramsf the objectacrossa numberof
imagessharethe samesetof clustercentersThesimilarity

betweentwo normalizedCCHsis computedas:
N
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whereh; n denotesthe frequeny of color pixel pairsin
bin n for imagei. The larger the value of W1 hy hy , the
betterthe matchbetweenthe histograms.

The geometricalrelations betweenpixel pairs can be
presered in a numberof ways. For example,using both
angleand distancebasedCCHs not only storesthe color
of the pixel pairs,but alsothe orientationandlengthof the
straightline connectingthe two pixels. Consequentlythe
augmentechistogramcaptureseven more of the objects
geometricalproperties.The dravback of usingbothangle
anddistanceCCHsis that the representatiolis no longer
rotationandscaleinvariant.For our application purecolor
CCHsdemonstrateduperiomperformancen termsof pose
estimationcomparedo the integratedangleand distance
CCHs.

[11. OBJECT RECOGNITION

In order to reducethe effect of varying illumination,
color imagesare normalizedprior to the recognitionand
pose estimation processesAfter the normalization,the
imageis scannedhrough using a small searchwindow.
The window is shifted such that consecutie windows
overlap to at least50% and the CCH of the window is
comparedvith the objects CCH accordingto Equationl.
Eachobjectis usually representedy two histogramsto
captureits appearancdrom different perspecties (back
andfront). If anobjecthassimilar colorson the front and
back, it is possibleto representit by a single histogram.

The matchingvote i hopjed Nwindow indicatesthe like-
lihoodthatthewindow containsthe object.Oncetheentire
imagehasbeensearchedhrough,a vote matrix provides
a hypothesisof the objects location. Figure 2 shaws the
imageof a typical scenein our experimentstogetherwith
the correspondingote matrix for the packageof rice. The
vote matrix revealsa strongresponsén the vicinity of the
objects true positionnearthe centerof theimage.Several
smallerresponsesccurnearthe raisin box andbooks,as
thoseobjectscontainsimilar colors.

Fig.2. Theoriginalimageandthevote matrix for anorangerice paclet.



A. Objectverification process

The local maxima in the obtained vote matrix pro-
vide initial candidatewindows for objectlocalisationand
segmentation.Each window is iteratively expandedby
adjacentrows or columns,aslong asthe new cells give
sufficient supportfor the object. The expansionprocess
stops when the ratio betweenthe averagevote in the
bordercellsandthelocalmaximavote becomesowerthan
a threshold®. In principle, the optimal thresholdvalue
@ dependson the objectscolor distribution and texture.
If the thresholdis too high, parts of the object may be
omitted. If the thresholdis too low, the window contains
too muchbackgroundhatreduceghe signalto noiseratio
in thesubsequerimageprocessingtepsAn experimental
evaluation of different thresholdvaluesverified that our
algorithm achieves similar segmentationperformancefor
arangeof ® 0307.

B. ExperimentalEvaluation- Object Recgnition

The performanceof the proposedrecognitionscheme
was evaluated and compared for CCHs and X-Y-
histograms.Five objectswere includedin the test. The
systemwastrainedon two training imagesfor eachobject
(front and back side), with the backgroundemoved. The
test set included the cleaner soda bottle, rice, raisins
and cup object shavn in Figure 1. Ten testimagessuch
as Figure 3 were generatedgachincluding all five test
objectsin a natural setting under varying illumination.
In addition, the imagescontainedother objectsof similar
colors, to further test the robustnessof the segmentation
scheme.

The recognitionschemereturnsseveral candidatewin-
dows for eachobject. The candidatewindows are ranked
accordingto their vote values,suchthatthe highestranked
window is consideredas the mostlikely candidate Four
performanceparametersvere computed:

1) Localization succesgLOC) measureshow often the
segmentectandidatevindows actuallycontainghe object.
2) Window number(WINNR) computeghe averagerank
of thewindow thatactuallycontainsthe object.In arobust
recognition algorithm, the object should be among the
highestranked candidatewindows.

3) Window size (WINSZ) comparesthe sizes of the
boundingwindow and the entire testimage. It measures
how much of the backgroundremainsafter sggmentation
and, since it dependson the size of the object in the
windaw, this parameters only useful when comparing
differentrecognitionschemaon anidenticalsetof images.
4) Object integrity (INT) determineswhich fraction of
the objectis includedin the segmentedwindow. INT is
highly correlatedwith the segmentationthreshold:a small
window size and high objectintegrity are conflicting ob-
jectives.Thethresholdvaluefor sgmentatiorspecifieshe
trade-of betweenboth criteria. For example,higher INT

can be achiered at the costof introducingthe additional
backgroundn the candidatewindow.

Table | shavs the recognition results for X-Y- and
CCHs. CCHs are clearly superiorto X-Y-histogramsas
indicatedby thelower averagewindow number(WINNR).
X-Y histogramswork well for rice and cleanerobjects
that containdistinctive colorssuchasblue or orange.The
high averagewindow numberdemonstratetheir failureto
identify the correctsggmentatiorwindow on the mugand
sodabottle. The samealgorithm basedon CCHsreliably
segmentsall objectsfrom thetestimages.Thelow average
window numbershaws that in most casesthe object is
already boundedby the highestranked window. In the
remaining casesthe object is at least boundedby the
window ranked secondWindow size (WINSZ) is smaller
in the caseof the CCHs,which resultsin a betterremoval
of the background.This adwantagecomesat the cost of
reducedbjectintegrity where,in somecasespnly 40% of
the objectpixelsarepresered. We have alsoinvesticated

Fig. 3. Left: An exampleof objectrecognitionusingthe proposedCCH
scheme.Right: Segmentedimagesof the rice packagefrom opposite
directionsresultingin angularerrorsof 180 deg.

Object Loc WINNR WINSZ INT

XY CCH XY CCH XY CCH XY CCH
rRce | 100 100 | 1.3 12| 58 36| 83 76
Mug 90 90 | 89 10| 47 24100 72

rasns [ 100 100 | 3.3 13| 97 26| 97 84
e | 100 100 | 10.0 1.2 | 120 3.1 | 88 69

ceaner | 100 100 | 1.1 10| 66 26| 89 59

TABLE |
LOCALISATION SUCCESS (LOC), wiNDOW NUMBER (WINNR),
WINDOW SIZE (WINSZ) AND OBJECT INTEGRITY (INT) FOR THE
SEGMENTATION SCHEME USING X-Y-HISTOGRAMS (XY) AND COLOR
COOCCURRENCE HISTOGRAMS (CCH).

the effect of differentlevels of occlusion(5-50%)on the
proposedrecognitionscheme Location successwindow
numberandobjectintegrity werenot substantiallyeffected
by occlusion. Object recognition and segmentationstep
on a 1.733 GHz processottakes 6.28 secondsof which
computingthe CCHs was the mosttime consumingstep.



IV. POSE ESTIMATION

Completeobjectposeestimationin generais concerned
with the estimationof the threetranslationandthreero-
tationalparametersTheseparameterslescribeherelative
displacementind orientationbetweenthe object and the
cameraor someotherreferencdrame.For our application,
the mobile manipulatorneedsto know the pose of the
objectin orderto properly align the arm and hand with
the objectfor grasping.

Computingall six parametergor objectswith comple
textural propertieshas proven to be a difficult problem.
For servicerobotsoperatingin domesticervironmentswe
can assumethat the objectsto be graspedare placedon
a planar horizontally orientedsurface,suchas a table or
a shelf. Therefore,our visual appearancéasedapproach
only estimatesone rotational parameter— namely the
objectsrotationaroundthe vertical axis. Sincetherobotis
equippedwith a stereovision system,a rough estimateof
the translationalposeparameterss easily obtained.If the
sterecsystemis not available,a modelbasedapproactcan
be facilitatedto retrieve the completeposeof the object,
ashasbeendemonstratedn our previous work [6].

In terms of retreved pose,geometryor model based
methodsare more accuratethan appearancéasedmeth-
ods.Our approachthereforecombineshe accurag of ge-
ometry basedmethodswith the robustnessof appearance
basednethodsn asynegistic fashion.Thekey ideaof the
integratedalgorithmis to obtainthe initial poseestimate
by meansof the appearancéasedmethod.This estimate
allows it to project featuresof the object modelinto the
image as shavn in [5]. These projected featuresthen
sene asa startingpoint for the local searchand matching
of correspondingfeaturesin the image. This integrated
approachreducesthe global correspondenceroblem of
featurebasedmatchingto a local tracking problem.

A. PoseEstimationin Training Images

To obtain a full poseof an object during training, a
featurebasedmethodis used.Correspondingornerpoints
betweenthe currentimage and a wire—frame model of
the object are manually matched.We have implemented
a combinationof methodsproposedn [9] and[10]. The
methodproducesaccuratgposeestimateswith an average
estimationerror of about5 deg.

B. Using CCHsfor RotationEstimation

This section presentsa novel algorithm for rotation
estimationusing CCHs. The basic idea is to establish
the relationshipbetweenthe objects CCH and its pose
parameterdrom a set of training images.At run time,
the CCHs of the candidatewindows are matchedwith
the storedtraining posesto estimatethe rotationa of the
objectaroundthe vertical axis.

In a first stepthe systemis trained off-line on a set
of object imagestaken from different perspecties. In
general,a larger numberof training imagesimprovesthe
robustnessand performanceof the algorithm. However,
during the experimental evaluation we have obsenred
that after about50 training imagesno further significant
improvementin theaccurag wasgained.For eachtraining
imagethe completeCCH is computedoff-line andstored
togetherwith the known rotation of the object in the
scene.To minimize the noisein the training images,the
backgroundvas manuallyremoved from the imagesprior
to training. The backgroundvasnot removedfrom thetest
imagesasthe applicationdemandnline poseestimation.
Figure 4 illustrateshow the CCH of the training images
changesasthe objectis rotatedby 0, 45 and 90 degrees.

Fig. 4. The CCH of the training image changessignificantly with the
angle of the object. The size of the CCH is 50x50 bins. Dark areas
indicatehigh countsin the correspondingcCH bin. Left: Objectrotated
with 0 degrees.Center: Object rotatedwith 45 degrees.Right: Object
rotatedwith 90 degrees.

Thenext stepis to computethe CCHsof thetestimages.
Dependingon the computationalconstraintson real-time
poseestimation,this histogramis computedeither based
on a completeimageor by sub-samplingoixel pairsfrom
the image. In our case,the histogramsare basedon a
completesampleover pixel pairs separatedy lessthan
10 pixels, which roughly amountsto 600k pixel pairs per
segmentedtestimage.

Thefinal stepis to matchthe CCH of unknowvn poseto
eachof the training CCHs, accordingto Equationl. The
higher the match value, the more probableit is that the
object’s poseis similar to the known poseof the object
in the training image. The right part of Figure 6 clearly
demonstrateghe correlation betweenthe match value
Mi j accordingto Equationl of a pair of trainingimages
andtheir angularseparatiorin objectpose a i o j

A winnertakes-allapproachselectsthe histogramwith
the highestmatchingvalue and predictsthe storedangle
of that histogram as the most likely estimate of the
unknovn angle. However, takingthe entirematchdatainto
accountfor computingthe poseimproves the robustness
with respectto outliers and coincidental matches.The
contrikution of eachhistogramto the overall estimateis
weightedby a Gaussiarkernelaccordingto the similarity
of the match.

Let usassumehatthei-th trainingimagewith aknown



anglea; matcheshe sggmentedimageof unknovn pose
to a degree ;. The likelihood P B of the object angle
rotationf is calculatedoy convolution of the matchvalues
K with a Gaussiarkernel:

N )
PB Yl Nopig B a @)
Yi 09 B ai
The Gaussiarkernelfunction
1 Ba?
gp a me 2 3)

capturesthe degree to which the vote | of a training
image contritutesto P 3 basedon the distancef a;.
Themaximumof P 3 is locatedin thevicinity of training
imageswith high match values . Figure 5 illustrates
the distribution of the match data before and after the
convolution with Gaussian.The match values; of the
training imagesare clearly correlatedwith the objects
angle of rotation a;. The distribution possessesa global
maximum at 39deg, and a secondlocal maximum at
about 180 deg. The two minima occur at about by

100 deg. The algorithm estimatesthe rotation angle
to coincide with the global maximum of the corvoluted
match distribution P 3 at 39 deg, which is a fairly
accurateestimateof the true rotation angleof 37 deg.
For sometestimagesthe matchvaluedistribution over the
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Fig. 5. The matchvaluesy; of training imagesbefore (left) and after
(right) convolution with a Gaussiarkernel.

trainingimagess ambiguousasit containgwo maximaof
similar amplitude.Figure 6 shovs an exampleof suchan
ambiguousmulti-modal matchdistribution in which train-
ing imagesatapproximately 50deg matchthetestimage
equallywell. The ambiguityis causedby mirror posesin
which the rice packages rotatedby X deg or X deg.
In both views the objects front surfaceis representedby
the sameCCH. Only the narrav side surfacescontrikute
to a differencein the objects appearancedowever, these
surfacesare easily confuseddueto their similar texture.
The confidencdevel C of a poseestimationis described
by the ratio betweenthe magnitudeof the largestandthe
secondlargestmodein the matchvalue distribution

Mmax Havg
Hondmax  Mavg

(4)

The larger C, the higher the confidencein the estimate.
For confidencevaluescloseto 1, the ambiguity between
rotationsby the sameanglein oppositedirectionscanbe
resohed by matchingangular CCHs in addition to the
basic CCHs. We experimentally determinedthe optimal

Fig. 6. Ambiguousmatchvaluedistribution ; of trainingimages(left).
Correlationof histogrammatchvaluespi j  payg as a function of
angularseparatiorof objectposesa i o j (right).
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valuesfor the numberof color clustersC and the width
of the Gaussiankernel o by meansof cross-alidation.
For the rice paclet, the optimal valueswereC 50 and
o 2. Theresultsfor the winnertake-all approachwith
o 0 wereinferior comparedo applying convolution.

V. EXPERIMENTAL EVALUATION - POSE ESTIMATION

The segmentationalgorithmandthe rotationestimation
algorithmweretestedin combination.The croppedimage
from the sggmentationalgorithmwasfed into the rotation
estimationalgorithm. A set of 70 training imageswas
used.The 30 testimagesfor the combinedschemewere
large, uncroppedsceneghatcontainedhe object. Thetwo
narrov surfacesof the rice objectare easily confusedas
they appearalmostidentical, exceptfor a small patchfor
the EAN codeon one of the sides.The right part of Fig-
ure 3 shavs sggmentedimagesof the rice packagetaken
from oppositedirections.As a result of this confusion,
occasionallyangularerrorsof 180 deg emegedin those
four imagesthat shawv therice packagdrom the side.For
the purposeof graspinga symmetricobjectit is irrelevant
whetherthe paclet is rotated 90 deg or 90 deg.
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Fig. 7. Distribution of angularerror (left). Mean angularerror as a
function of variationsin scale(right).

Theaverageangularerrorwas14 deg, whichis quitere-
markableconsideringthat the anglescomputedby means



of manualfeaturematchingalreadycarryanuncertaintyof
about5 deg. Two factorscontribute to the angularerror: i)

alimited angulamresolutioncausedy the finite numberof
trainingimagesandii) largeerrorscausedy confusionof
ambiguousmatch distributions. The first resolutionerror
contritutes to the overall error with about9 deg. The
remainderof the erroris causedyy two imagesincorrectly
matchedwith their mirror pose.

In our application,the main purposeof the appearance
based method is to robustly provide a pose estimate
thatis accurateenoughfor initialization of corresponding
featuresin the tracking basedschemeThe featurebased
trackingmethodtoleratesangularerrorsin theinitial pose
of up to 25 30 deg. As shown in the angular error
histogramin theleft partof figure 7, 27 out of 30testcases
meet this requirement.Two out of the three remaining
errorsare causedby confusionof mirror poses.We have
testedthe robustnessof the poseestimationwith respect
to changesin scaleand cameraangle, noise and partial
occlusion. The cameratilt angle was varied between0
and about30 deg betweentest- andtraining images.The
averageangularerror increasedo about17 deg. Thus,it
canbe concludedhatthe algorithmis robustwith respect
to reasonablehangesn the cameraperspectie.

We have furtherevaluatedthe robustnessvith respecto
changesn scalefor arange 05 2 0. As shawvn in Fig-
ure 7 on theright, the angularerrorremainsbelon 20 deg
overarange 075 15. In ourapplicationthetablearea
that can be reachedby the manipulatoris fairly limited,
suchthat the apparentscale of the objectto be grasped
doesnot vary significantly For applicationsin which the
distanceo betweerobjectandcamerds moreuncertainjt
might becomenecessaryo take additionaltrainingimages
at different scalesand orientations.Figure 8 shavs the
impact of imagenoise (left) and occlusion(right) on the
meanangularerror. Noiseandocclusionlevelsabore 25%
causea considerabledecreasen performance This fact
can be explained, if one considersthat the information
storedin a CCH alreadygetscorruptedif one of the two
pixels is effectedby noiseor occlusion.At a noiselevel
of 25% per pixel, effectively only 56% of the pixel pairs
remain intact. This obsenation underlinesthe need for
proper object segmentationprior to the pose estimation
step. We note herethat an angularerror of 25 30 deg
is still sufiiciently accuratefor properinitialization of the
model basedpose estimator The executiontime for the
poseestimationstepon a 1.733GHz processowas0.64s.

VI. CONCLUSIONS

Rohust object recognitionand pose estimationare es-
sential for robotic manipulation and grasping. In this
paper we have presentedn objectrecognitionandpatrtial

pose estimation methodsbasedon color cooccurrence
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Fig. 8. Angular error asa function of imagenoiseand occlusion.

histograms(CCHs). Given 30 testimages,the proposed
schemecorrectly estimated27 object poseswith an an-
gular error of lessthan 30 deg. Only using 70 training
images of known pose, the average angular error was
14 deg. The major adwantagesof the proposedtwo—
step appearancebased method are its robustnessand
invariancetowards scaling and translations.The method
is also computationallyefficient since both recognition
and pose estimationrely on the samerepresentatiorof
the object. However, the methodis basedon color cues
only, makingit sensitve to dynamicallighting conditions.
The methodrequiresthat most colors are assignedo the
correctclustercenter In caseof changingillumination the
methodrequiresan additional color calibration scheme.
Futurework is concernedwith integratingthe appearance
and featurebasedposeestimationscheme.
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