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Abstract

For servicerobotsoperatingin domesticenvironmentsit is
not enoughto consideronly control level robustness- it is
equallyimportantto considerhowimage informationthat
servesas input to thecontrol processcanbeusedsoasto
achieverobustandef�cient control.

This paper presentsan effort towards developmentof
robust visual techniquesusedto guide robots in various
tasks.Givena taskat hand,wearguethat different levels
of complexity shouldbeconsideredwhich alsode�nesthe
choiceof the visual techniqueusedto provide the neces-
saryfeedback information.We concentrateonvisualfeed-
back estimationwhereweinvestigatebothtwo–andthree–
dimensionaltechniques.

In the former case, we are interestedin providing a
coarse information about the object position/velocityin
the image plane. In particular, a setof simplevisual fea-
tures(cues)is employedin an integratedframeworkwhere
voting is used for fusing the responsesfrom individual
cues. Theexperimentalevaluationshowsthe systemper-
formancefor threedifferentcasesof camera–robotcon�g-
urationsmostcommonfor roboticsystems.

For caseswhere the robot is supposedto grasp the
object, a two–dimensionalposition estimateis often not
enough. Completepose(positionand orientation)of the
objectmaybe required. Therefore, we presenta model–
basedsystemwhere a wire–framemodelof the object is
usedto estimateits pose. Sincea numberof similar sys-
temshasbeenproposedin the literature, we concentrate
on theparticular part of thesystemusuallyneglected- au-
tomaticposeinitialization. Finally, weshowhowa number
of existingapproachescansuccessfullybe integratedin a
systemthat is able to recognizeandgraspfairly textured,
everydayobjects.Oneof theexamplespresentedin theex-
perimentalsectionshowsa mobilerobotperformingtasks
in a real–word environment– a living room.
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Strategic Researchthroughthe Centrefor AutonomousSystems. The
fundingis gratefullyacknowledged.

1 Intr oduction

Roboticsis graduallyexpandingits applicationdomainbe-
yondmanufacturing.In manufacturingsettingsit is possi-
ble to engineertheenvironmentsoasto simplify detection
andhandlingof objects.In anindustrialcontext this is of-
tenachievedthroughcarefulselectionof backgroundcolor
andlighting. As the applicationdomainis expanded,the
useof engineeringto simplify the perceptionproblemis
becomingmore dif�cult. It is not longer possibleto as-
sumea given setupof lighting anda homogeneousback-
ground.Recentprogressin serviceroboticsshows a need
to equiprobotswith facilitiesfor operationin everydayset-
tingswherethedesignof computervisionmethodsto facil-
itaterobustoperationandto enableinteractionwith objects
haveto bereconsidered.

Thispaperconsiderstheuseof computationalvisionfor
manipulationof objectsin everydaysettings.Theprocess
of manipulationof objectsinvolvesall aspectsof recogni-
tion/detection,servoingto theobject,alignmentandgrasp-
ing. Eachof theseprocesseshave typically beenconsid-
eredindependentlyor in relatively simple environments,
[1]. Throughcarefulconsiderationof the taskconstraints
andcombinationof multiplemethodsit is, however, possi-
ble to providea systemthatexhibits robustnessin realistic
settings.

Thepaperstartswith a motivation thatarguesfor inte-
grationof visualprocessesin Section2. A key competence
for robotic graspingis recognition/detectionof objectsas
outlinedin Section3. Oncethe objecthasbeendetected,
thereachingphaserequiresuseof a coarseservoing strat-
egywhichcanbebasedon“simple” visualfeatures.Unfor-
tunately, “simple” visualfeaturessuffer fromalimitedgen-
eralityrequiringthereforeanintegrationof multiplecuesto
achieverobustnessasdescribedin Section4. Oncetheob-
jecthasbeenrecognizedandanapproximatealignmenthas
beenachieved, it is possibleto usemodelbasedmethods
for accurateinteractionwith theobjectasoutlinedin Sec-
tion 5. Finally, all of thesecomponentsareintegratedinto a
completesystemandusedfor aseriesof experiments.The



resultsfrom theseexperimentsarepresentedanddiscussed
in Section6. The overall approachandtheassociatedre-
sultsarediscussedin Section7.

2 Moti vation

Robotic manipulationin an everydaysetting is typically
carriedoutin thecontext of atasksuchas“Please,fetchthe
cup from thedinnertablein the living room.” or “Please,
fetchthericepackagefrom theshelf.”, (seeFig. 1). To ex-
ecutesucha manipulationtask,we usea mobileplatform
with a manipulatoron thetop. Therobotis equippedwith
facilities for automaticlocalizationandnavigation,[2] al-
lowing it to arriveatapositionin thevicinity of thedinner
table.Fromtheretherobotis requiredto carryout thefol-
lowing:

1. Recognizeacupon thetable(discussedin Section3).

2. Transportation– servo to thevicinity of thecup,po-
tentiallyinvolvingbothplatformandmanipulatormo-
tion (discussedin Section4).

3. Estimatethepose(positionandorientation)of theob-
ject (Section5).

4. Alignment – servo to the object to allow grasping
(Section5).

5. Pickup theobjectanddriveaway.

Figure1: An exampleof arobottask:Fetchingaricepack-
agefrom a shelve.

In a typical scenario,the distancebetweenthe object
andtheon-boardcameramayvary signi�cantly. This im-
pliesasigni�cant uncertaintyin termsof scale(i.e.,sizeof

theobjectin the image). Basedon theactualscaleof the
objectin theimageahierarchicalstrategy for visualservo-
ing may be used. For distantobjects(� 1m), thereis no
point in attemptingto perform a full poseestimation,as
the sizeof the object in the imagetypically will not pro-
videthenecessaryinformation.A coarsepositionestimate
is thereforeadequatefor aninitial alignment.

A visual servoing task in generalincludessomeform
of i) positioningsuchas aligning the robot/gripperwith
thetarget,andii) tracking – updatingtheposition/poseof
theimagefeatures/object.Typically, imageinformationis
usedto measuretheerrorbetweensomecurrentandrefer-
ence/desiredlocation. Imageinformationusedto perform
the taskis either i) two dimensional– using imageplane
coordinates,or ii) threedimensional– retrieving objects'
poseparameterswith respectto thecamera/world/robotco-
ordinatesystem.So,therobotiscontrolledeitherusingim-
ageinformationastwo- or threedimensionalwhich clas-
si�es thevisualservoing approachesasi) imagebased,ii)
positionbasedor iii) hybrid visual servoing (2.5D servo-
ing), [17].

If the object is far from the camera,dueto the resolu-
tion/sizeof the object in the image,it is advantageousto
usean imagebasedstrategy to perform the initial align-
ment. Imagebasedservoing using crudeimagefeatures
suchascenterof massis well suitedfor coarsealignment.
A problemhereis that visual cuessuchas color, edges,
cornersor �ducial marksin generalarehighly sensitive to
variationin illumination, etc. andno singleoneof them
will provide robust frame by frame estimatesthat allow
continuoustracking. Throughtheir integrationis however
possibleto achieveanincreasedrobustnessasdescribedin
Section4.

For theaccuratealignmentof thegripperwith theobject
onecanutilize i) a binocularcamerapair, ii) a monocular
imagein combinationwith a geometricmodel,or iii) one
camerain combinationwith a “structure–from–motion”
approach.As the objecthasbeenrecognizedand its ap-
proximateimageposition is known, it is possibleto uti-
lize this information for ef�cient poseestimationusinga
wire–framemodel.Model based�tting is highly sensitive
to surfacetextureandbackgroundnoise. The availability
of a goodinitial estimatedoes,however, allow robustes-
timationof poseevenin thepresenceof signi�cant noise.
Onceaposeestimateis available,it is possibleto use2.5D
or positionbasedservoing for thealignmentof thegripper
with the objects.This is even possiblein the presenceof
signi�cant perspective effects,which typically is the case
whenoperatingcloseto objects.Model basedtrackingis
in generalhighly sensitive to surfacetextureandinitializa-
tion, but throughits integrationinto asystemcontext these
problemsare reducedto a minimum as outlined in Sec-



tion 5.
Finally, asthegripperis approachingtheobjectit is es-

sential to usethe earlier mentionedgeometricmodel for
graspplanning,an issuenot discussedin detail here. For
anintroductionconsult[4], [26].

3 Detectionand PoseEstimation

Given a view of the scene,the robot should be able to
�nd/recognizethe object to be manipulatedor give us an
answersuchas“I-did-not-�nd–the–cup”. This taskis very
complicatedand hard to generalizewith respectto clut-
teredenvironmentsandtypesof objects.Dependingonthe
implementation,therecognitionprocessmayprovide par-
tial/full poseof theobjectwhich canin returnbeusedfor
generatingtherobotcontrolsequence.Objectrecognition
is a long standingresearchissuein the �eld of computa-
tional vision [11]. We considerlimited aspectsof it, but
demonstraterecognitionin real environments,a problem
thathasreceivedlimited attentionsofar.
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Figure 2: An examplewherethe recognitionsystemsuccess-
fully recognizestwo of theobjects.Aboveeachrectanglethereis
a valuerepresentingtherecognitioncon®dencewhich is propor-
tional to thedistanceof theobjectto thehyperplaneof theclas-
si®er. In orderto make con®dencemeasurescomparableacross
all theclassi®ers,thedistancesarenormalizedwith themargin of
thehyperplaneof theclassi®er. If thecon®denceis greaterthan
1, a positive detection/recognitionis assumed.If thecon®dence
is lessthan1, theclassi®cationis considereduncertain.

3.1 AppearanceBasedMethod

Theobjectto bemanipulatedis recognizedusingtheview-
basedSVM (SupportVectorMachine)systempresentedin

[23]. Theobjective hereis to detectandrecognizeevery-
dayhouseholdobjectsin ascene.

Therecognitionstepdeliverstheimagepositionandap-
proximatesizeof theimageregionoccupiedby theobject,
seeFig. 2. This informationis in our caseusedto i) track
thepartof theimage,thewindowof attention, occupiedby
theobjectwhile therobotapproachesit, or ii) astheinput
to theposeestimationalgorithm.

3.2 FeatureBasedMethod

In caseof amoving object,its appearancemaychangesig-
ni�cantly betweenframes. For that reason,we have also
exploiteda featureor a cuebasedmethod.Here,colorand
motion wereusedin an integratedframework wherevot-
ing wasusedasanunderlyingintegrationstrategy. This is
discussedin moredetail in thenext section.

4 Transportation -
CoarseVisual Servoing

While approachingtheobject,we wantto keepin the�eld
of view or even centeredof the image. This implies that
we have to estimatethe position/velocity of the object in
the imageandusethis information to control the mobile
platform.

Our tracking algorithm employs the four stepdetect–
match–update–predictloop, Fig.3. Theobjectivehereis to
trackapartof animage(aregion)betweenframes.Theim-
agepositionof its centeris denotedwith p = [x y]T . Hence,
thestateis x = [ x y �x �y ]T whereapiecewiseconstantwhite
accelerationmodelis used[3]:

xk+ 1 = Fxk + Gvk

zk = Hxk + wk
(1)

wherevk is a zero–meanwhite accelerationsequence,wk
is measurementnoiseand
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For predictionandestimation,thea � b �lter is used,[3]:

x̂k+ 1jk = Fkx̂k

ẑk+ 1jk = Hx̂k+ 1jk

x̂k+ 1jk+ 1 = x̂k+ 1jk + W[zk+ 1 � ẑk+ 1jk]

(3)
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wherea andb aredeterminedusingsteady–stateanalysis.
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zk+1
Detection

Prediction

Estimation

Initialization

x̂k+1|k+1

Search

N
Exit

not found found

Y
Matching

Figure3: A schematicoverview of thetrackingsystem.

4.1 Voting

Voting, in general,maybeviewedasamethodto dealwith
n inputdataobjects,ci , having associatedvotes/weightswi
(n input data–votepairs(ci ;wi )) andproducingtheoutput
data–votepair(y;v) wherey maybeoneof theci 'sor some
mixed item. Hence,voting combinesinformationfrom a
numberof sourcesandproducesoutputswhich re�ect the
consensusof theinformation.

The reliability of the resultsdependson the informa-
tion carriedby theinputsand,aswewill see,theirnumber.
Although therearemany voting schemesproposedin the
literature,mean,majorityandplurality votingarethemost
commonones.In termsof voting,avisualcuemaybemo-
tion,coloror disparity. Mathematically, acueis formalized
asamappingfrom anactionspace,A, to theinterval [0,1]:

c : A ! [0;1] (4)

This mappingassignsa voteor a preferenceto eachaction
a2 A, whichmay, in thecontext of tracking,beconsidered
asthepositionof thetarget.Thesevotesareusedbyavoter
or a fusioncenter, d(A). Basedon the ideasproposedin
[5], [24], we de�ne thefollowing votingscheme:
De�nition 4. 1 - WeightedPlurality Approval Voting For
a group of homogeneouscues,C = f c1; : : : ;cng, where n
is the numberof cuesand Oci is the outputof a cue i, a
weightedplurality approval schemeis de�nedas:

d(a) =
n

å
i= 1

wi Oci (a) (5)

wherethemostappropriateactionis selectedaccordingto:

a0= argmaxf d(a)ja 2 Ag (6)

4.2 Visual Cues

Thecuesconsideredin theintegrationprocessare:
Corr elation - The standardsum of squareddifferences
(SSD)similarity metric is usedandthepositionof thetar-
getis foundastheonegiving thelowestdissimilarityscore:

SSD(u;v) = å
n

å
m

[I (u+ m;v+ n) � T(m;n)]2 (7)

whereI(u;v) andT(u;v) representthegrey level valuesof
the imageandthe template,respectively. To compensate
for changesin the appearanceof the tracked region, the
templateis updatedon25 framescycle.
Color - It hasbeenshown in [7] that ef�cient androbust
resultscanbe achievedusingthe ChromaticColor space.
Chromaticcolors,known as“pure” colorswithout bright-
ness,areobtainedby normalizingeachof thecomponents
by the total sum. Color is representedby r andg compo-
nentsincebluecomponentis boththenoisiestchanneland
it is redundantafterthenormalization.
Motion - Motion detectionis basedon computationof the
temporalderivativeandimageis segmentedinto regionsof
motionsandregionsof inactivity. This is estimatedusing
imagedifferencing:

M [(u;v);k] = H [jI [(u;v);k] � I [(u;v);k � 1] j � G] (8)

whereGis a �x edthresholdandH is de�ned as:

H (x) =
�

0 : x � 0
x : x > 0

(9)

Intensity Variation - In eachframe, the following is es-
timatedfor all m� m (detailsaboutm are given in Sec-
tion 4.4.2)regionsinsidethetrackedwindow:

s2 =
1

m2 å
u

å
v

[I (u;v) � ÅI(u;v)]2 (10)

whereÅI(u;v) is themeanintensityvalueestimatedfor the
window. For example,for a mainly uniform region, low
variationis expectedduring tracking. On the otherhand,
if theregionwasrich in texturelargevariationis expected.
Thelevel of textureis evaluatedasproposedin [25].

4.3 Weighting

In (Eq.5) it is de�nedthattheoutputsfrom individualcues
shouldbeweightedby wi . Consequently, thereliability of
acueshouldbeestimatedandits weightdeterminedbased
onits ability to trackthetarget.Thereliability canbedeter-
minedeitheri) a–priori andkeptconstantduringtracking,
or ii) estimatedduring trackingbasedon cue's successto



estimatethe�nal resultorbasedonhow muchit is in agree-
mentwith othercues.In our previouswork the following
methodswereevaluated[19]:
1. Uniform weights - Outputsof all cuesare weighted
equally:wi = 1=n, wheren is thenumberof cues.

2. Texturebasedweighting - Weights are preset and
dependon the spatialcontentof the region. For a highly
texturedregion, we use: color (0.25), imagedifferencing
(0.3), correlation (0.25), intensity variation (0.2). For
uniform regions, the weights are: color (0.45), image
differencing(0.2), correlation(0.15), intensity variation
(0.2). Theweightsweredeterminedexperimentally.

3. One-stepdistanceweighting - Weightingfactor, wi , of
a cue,ci , at time stepk dependson the distancefrom the
predictedimageposition, ẑkjk� 1. Initially, the distanceis
estimatedas

di = jjzi
k � ẑkjk� 1jj (11)

anderrorsareestimatedas

ei =
di

å n
i= 1di

: (12)

Weights are than inversely proportional to the error
with å n

i= 1wi = 1.

4. History-baseddistanceweighting - Weighting factor
of a cue dependson its overall performanceduring the
tracking sequence. The performanceis evaluated by
observinghow many times the cue was in an agreement
with therestof thecues.Thefollowing strategy is used:

a)For eachcue,ci , examineif jjzi
k � zj

kjj < dT where
i; j = 1; : : : ;n and i 6= j. If this is true, ai j=1, otherwise
ai j=0. Here, ai j=1 meansthat there is an agreement
betweentheoutputsof cuesi and j at thatvotingcycleand
dT representsadistancethresholdwhich is setin advance.

b) Build the(n� 1) valuesetfor eachcue:
ci :

�
ai j j j = 1; : : : ;n andi 6= j

	
andestimatesum

si = å n
j= 1ai j .

c) The accumulatedvaluesduring N tracking cycles,
Si = å N

k= 1sk
i , indicatehow many times a cue, ci , was in

the agreementwith other cues. Weightsare thensimply
proportionalto thisvalue:

wi =
Si

å n
i= 1Si

with
n

å
i= 1

wi = 1 (13)

4.4 Implementation

We have investigatedtwo approacheswherevoting is used
for: i) responsefusion, andii) action fusion. The�rst ap-
proachmakesuseof “raw” responsesfrom the employed
visual cuesin the imagewhich alsorepresentsthe action
space,A. Here, the responseis representedeither by a
binary function (yes/no)answer, or in the interval [0,1]
(thesevaluesare scaledbetween[0,255] to allow visual
monitoring). Thesecondapproachusesa differentaction
spacerepresentedby a directionanda speed, seeFig. 4.
Comparedto the �rst approach,wherethepositionof the
trackedregionis estimated,thisapproachcanbeviewedas
estimatingits velocity. Again,eachcuevotesfor different
actionsfrom theactionspace,A, whichis now thevelocity
space.
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Figure4: A schematicoverview of theaction fusionapproach:
thedesireddirectionis (downandleft) with a (slow) speed.The
useof bins representsa neighborhoodvoting schemewhich en-
suresthat slight differencesbetweendifferentcuesdo not result
in anunstableclassi®cation.

4.4.1 Initialization

Accordingto Fig. 3, a trackingsequenceshouldbe initi-
atedby detectingthetargetobject.If a recognitionmodule
is not available, anotherstrategy can be used. In [28] it
is proposedthat selectors shouldbe employed which are
de�ned asheuristicsthatselectsregionspossiblyoccupied
by thetarget.Whenthesystemdoesnothavede�nite state
informationaboutthe target it shouldactively searchthe
statespaceto �nd it. Basedon this ideas,color andimage
differences(or foregroundmotion) may be usedto detect
thetargetin the�rst image.Again,if a recognitionmodule
is not available,thesetwo cuesmayalsobe usedin cases
wherethetargethaseitheri) left the �eld of view, or ii) it
wasoccludedfor a few frames. Our systemsearchesthe
whole imagefor the target andoncethe target entersthe
image,trackingis regained.

4.4.2 ResponseFusionApproach

After thetargetis located,a templateis initializedwhich is
usedby thecorrelationcue. In eachframe,a color image
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of thesceneis acquired.Insidethewindow of attentionthe
responseof eachcue,denotedOi , is evaluated,seeFig. 5.
Here,x representsa position:
Color - During tracking,all pixelswhosecolor falls in the
pre–trainedcolor clusteraregivenvaluebetween[0, 255]
dependingon thedistancefrom thecenterof thecluster:

0 � Ocolor(x;k) � 255 with

x 2 [ẑkjk� 1 � 0:5xw; ẑkjk� 1 + 0:5xw]
(14)

wherexw is thesizeof thewindow of attention.
Motion- Using (Eq. 8) and(Eq. 9) with G= 10, imageis
segmentedinto regionsof motionandinactivity:

0 � Omotion(x;k) � 255� G with

x 2 [ẑkjk� 1 � 0:5xw; ẑkjk� 1 + 0:5xw]
(15)

Corr elation - Sincethecorrelationcueproducesa single
positionestimate,theoutputis givenby:

OSSD(x;k) = 255e(� Åx2

2s2 ) with s = 5

x 2 [zSSD� 0:5xw; zSSD+ 0:5xw];

Åx 2 [� 0:5xw; 0:5xw]

(16)

wherethemaximumof theGaussianis centeredatthepeak
of theSSDsurface.Thesizeof thesearchareadependson
theestimatedvelocityof theregion.
Intensity variation - Theresponseof thiscueis estimated
accordingto (Eq. 10). If a low variation is expected,all
pixelsinsideanm� mregionaregivenvalues(255-s). If a
largevariationis expected,pixelsareassigneds valuedi-
rectly. Thesizem� mof thesubregionswhichareassigned
samevaluedependson thesizeof thewindow of attention

with n = 0:2xw. Hence,for a 30 � 30 pixels window of
attention,m=6. Theresultis presentedasfollows:

0 � Ovar(x;k) � 255 with

x 2 [ẑkjk� 1 � 0:5xw; ẑkjk� 1 + 0:5xw]
(17)

ResponseFusion
Theestimatedresponsesareintegratedusing(Eq.5):

d(x;k) =
n

å
i

wiOi(x;k) (18)

However, (Eq.6) cannot bedirectly usedfor selection,
astheremightbeseveralpixelswith samenumberof votes.
Therefore,this equationis slightly modi�ed:

d
0
(x;k) =

8
<

:
1 : if d(x;k) is argmaxf d(x

0
;k)jx

0

2 [ẑkjk� 1 � 0:5xw; ẑkjk� 1 + 0:5xw]g
0 : otherwise

(19)
Finally, thenew measurementzk is givenby themeanvalue
(�rst moment)of d

0
(x;k), i.e.,zk = Åd

0
(x;k).

4.4.3 Action FusionApproach

Here,theactionspaceis de�nedby adirectiond andspeed
s, seeFig. 4. Both the directionandthe speedarerepre-
sentedby histogramsof discretevalueswherethedirection
is representedby eightvalues,seeFig. 6:
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with L-left, R-right, D-down and U-up. Speedis repre-
sentedby 20 valueswith 0.5 pixel interval which means
that the maximumallowed displacementbetweensucces-
sive framesis 10pixels(this is easilymadeadaptivebased
on the estimatedvelocity). There are two reasonsfor
choosingjust eight valuesfor the direction: i) if the up-
daterate is high or the inter–framemotion is slow, this
approachwill still give a reasonableaccuracy andhence,
asmoothperformance,andii) by keepingthevotingspace
rathersmallthereis ahigherchancethatthecueswill vote
for the sameaction. Accordingly, eachcuewill vote for
a desireddirectionanda desiredspeed.As presentedin
Fig.4, aneighborhoodvotingschemeis usedto ensurethat
slightdifferencesbetweendifferentcuesdonotresultin an
unstableclassi�cation.(Eq.3) is modi�ed sothat:

H =
�

0 0 1 0
0 0 0 1

�
andW =

h
aDT 0 b 0

0 aDT 0 b

i T
(21)



In eachframe,thefollowing is estimatedfor eachcue:
Color - The responseof the color cue is �rst estimated
accordingto (Eq.14) followedby:

acolor(k) =
å x Ocolor(x;k)x(k)

å x x(k)
� p̂kjk� 1

with x 2 [p̂kjk� 1 � 0:5xw; p̂kjk� 1 + 0:5xw]
(22)

where acolor(k) representsthe desiredaction and p̂kjk� 1
is the predictedpositionof the tracked region. Sameap-
proachis usedto obtainamotion(k) andavar(k).
Corr elation - Theminimumof theSSDsurfaceis usedas:

aSSD(k) = argmin
x

(SSD(x;k)) � p̂kjk� 1 (23)

wherethesizeof thesearchareadependson theestimated
velocityof thetrackedregion.

Action Fusion After thedesiredaction,ai(k), for a cueis
estimated,thecueproducesthevotesasfollows:

directiondi = P(sgn(ai)) ;

speedsi = jjai jj
(24)

whereP : x ! f 0;1; : : : ;7g is a scalarfunction thatmaps
the two–dimensionaldirection vectors(see(Eq. 20)) to
one–dimensionalvaluesrepresentingthebinsof thedirec-
tion histogram.Now, the estimateddirection,di , andthe
speed,si , of a cue,ci , with a weight, wi , areusedto up-
datethedirectionandspeedof thehistogramsaccordingto
Fig. 4 and(Eq.5).Thenew measurementis thenestimated
by multiplying theactionsfrom eachhistogramwhich re-
ceivedthemaximumnumberof votesaccordingto (Eq.6):

zk = S(argmax
d

HD(d)) argmax
s

HS(s) (25)

whereS : x ! f
�

� 1
0

�
; : : : ;

�
� 1
1

�
g. The updateandpredic-

tion stepsarethenperformedusing(Eq. 21) and(Eq. 3).
The reasonfor choosingthis particularrepresentationin-
steadof simply usinga weightedsumof �rst momentsof
the responsesof all cuesis, as it hasbeenpointedout in
[24], thatarbitrationvia vectoradditioncanresultin com-
mandswhicharenotsatisfactoryto any of thecontributing
cues.

4.5 Examples

The proposedmethodshave been investigatedin detail
in [19]. Here, we presentoneof the experimentswhere
we evaluatedthe performanceof the voting approaches
as well as the performanceof individual cueswith re-
spectto threesensor–objectcon�gurationstypically used
in visual–servoing systems:i) staticsensor/moving object
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Figure6: A schematicoverview of theactionfusionapproach.

(“stand–alonecamerasystem”), ii) moving sensor/static
object(“eye–in–handcamera”servoing towardastaticob-
ject), and iii) moving sensor/moving object (camerasys-
tem on a mobile platform or eye–in–handcameraservo-
ing toward a moving object). The resultsare discussed
throughaccuracy andreliability measures.The accuracy
is expressedusinganerrormeasurewhich is adistancebe-
tweenthegroundtruth(chosenmanuallyusingareference
point on the object) and the currentlyestimatedposition
of thereferencepoint. Theresultsaresummarizedthrough
themeansquareerrorandstandarddeviationin pixels.The
measureof thereliability is onayes/nobasisdependingon
if a cue(or thefusedsystem)successfullytracksthetarget
during a singleexperiment. The trackingis successfulif
theobjectis keptinsidethewindow of attentionduringthe
entiretestsequence.

The two fusion approachesas well as the individual
cueshave beentestedwith respectto the ability to cope
with occlusionsof the target and to regain trackingafter
thetargethasleft the�eld of view for a numberof frames.
Theresultsarepresentedfor correlation,color andimage
differencessince the intensity variation cue can not be
usedalonefor tracking.

Accuracy (Table1) - As it canbe seenfrom the table,
thebestaccuracy is achievedusingtheresponsefusionap-
proach. Although the mseis similar for the action fusion
approachin casesof staticsensor/movingobjectandmov-
ing sensor/staticobjectcon�gurations,std is higher. The
reasonfor this is thechoiceof theunderlyingvotingspace.
For example,if thecolor cueshows a stableperformance
for a numberof frames,its weightwill behigh compared
to theothercues(or it might have beensetto a high value
from the beginning). In somecases,like in the caseof a
boxof raisinspresentedin Fig.7, two colorsareusedat the
sametime. Whenanocclusionoccurs,thepositionof the



Figure7: Exampleimagesfrom a raisinpackagetracking.

centerof themassof thecolor blob will changefast(and
sometimesin differentdirections)which resultsin abrupt
changesin bothdirectionandspeed.Theothermethod,re-
sponsefusion, on theotherhand,doesnot suffer from this
which resultsin a lowerstandarddeviationvalue.

The comparisonof the performanceof the fusion ap-
proachesandtheperformanceof theindividualcuesshows
the necessityfor fusion. Imagedifferencesalonecannot
be usedin casesof moving sensor/staticobjectandmov-
ing sensor/moving objectcon�gurationssincethereis no
ability to differ betweentheobjectandthebackground.As
mentionedearlier, duringmostof thesequencesthetarget
undergoes3D motionwhichresultswith scalechangesand
rotationsnotmodeledby SSD.It is obviousthatthesefac-
torswill affect this cuesigni�cantly resultingwith a large
error asdemonstratedin the table. This problemmay be
solvedby usingabettermodel(af�ne, quadratic,see[15]).
It canalsobeseenthatthecolor cueperformedbestof the
individual cues. In the caseof moving sensor/staticob-
jectafterthetrackingis initializedthecolorcue“sticks” to
theobjectduring thesequenceand,sincethebackground
variesa little, the bestaccuracy is achieved comparedto
othercon�gurations. During othertwo con�gurationsthe
backgroundwill changecontainingalsothecolor sameas
the target's. This distractsthe color tracker resulting in
increasederror. The error is larger in the caseof static
sensor/moving objectcomparedto moving sensor/moving
objectsincein thetestsequencesthebackgroundincluded
thetarget'scolormoreoften.
Reliability (Table 2) - The reliability is expressed
throughanumberof successfulrunswheretheaccuracy is
obtainedusingthetexturebasedweighting. In Table2, the
obtainedreliability resultsare ranked showing that color
performsmostreliably comparedto otherindividual cues.
In certaincases,especiallywhenthein�uence of theback-
groundis not signi�cant, this cuewill performsatisfacto-
rily. However, it will easilygetdistractedif thebackground
takes a large portion of the window of attentionand in-
cludesthe target's color. Imagedifferencingwill depend
on the size of the moving target with respectto the size
of the window of attentionandvariationsin lighting. In

staticsensor/ moving sensor/ moving sensor/

moving object staticobject moving object

mse std mse std mse std

RF 7 7 4 3 9 10

AF 7 9 4 10 13 25

Color 15 16 10 6 10 14

Diff 23 26 failed failed failed failed

SSD 25 27 12 13 17 21

Table1: Qualitative resultsfor varioussensor-objectcon®gura-
tions(in pixels).

structuredenvironments,however, this cue may perform
well andmay be consideredin casesof a single moving
targetwherethesizeof thetargetis smallcomparedto the
sizeof theimage(or window of attention).

Fig. 8 shows trackingaccuracy for theproposedfusion
approachesand for eachof the cues individually. The
plots and the table show the deviation from the ground
truth value(in pixels). The target is a packageof raisins.
During this sequence,a numberof occlusionsoccur (as
demonstratedin the images),but the plots demonstratea
stableperformanceof the fusion approachesduring the
whole sequence.The color cue is, however, “fooled” by
the box which is the samecolor as the target. The plots
demonstratehow thiscuefailsaroundframe300andnever
regainstracking after that. Thesetwo examplesclearly
demonstratethat trackingby fusion is moresuperiorthan
any of theindividualcues.

5 Model BasedVisual Servoing

Althoughsuitablefor anumberof tasks,previousapproach
lackstheability to estimatepositionandorientation(pose)
of the object. In termsof manipulation,it is usually re-
quiredto accuratelyestimatetheposeof theobjectto, for
example,allow the alignmentof the robot arm with the
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RFVoting AF Voting Color Diff SSD
x y x y x y x y x y

mean 1.5 -6.4 1.5 -1.7 -24 28 3.2 2.5 14.9 -2.4
std 2 1.9 4 3 19.4 20.8 8.3 9.5 22 16

Figure8: Thecomparisonbetweenthegroundtruth,votingapproachesandindividualcuesin caseof occlusions(®rst two rows). Third
row shows errorplotsfor all approaches.Tablerepresentsthemeanandstandarddeviation from thegroundtruth(in pixels).Someof the
imagesfrom thetrackingsequenceareshown in Fig. 7.



] success ] failure %

RF Voting 27 3 90

AF Voting 22 8 73.3

Color 18 12 60

SSD 12 18 40

Diff. 7 23 23.3

Table2: Successratefor individualcuesandfusionapproaches.

object or to generatea feasibleposefor grasping. Us-
ing prior knowledgeaboutthe object,a specialrepresen-
tation can further increasethe robustnessof the tracking
system.Along with commonlyusedCAD models(wire–
frame models),view– and appearance–basedrepresenta-
tionsmaybeemployed[6].

A recent study of human visually guided graspsin
situationssimilar to that typically usedin visual servo-
ing control hasshown that the humanvisuomotorsystem
takesinto accountthethreedimensionalgeometricfeatures
ratherthanthetwo dimensionalprojectedimageof thetar-
get objectsto plan and control the requiredmovements,
[16]. Thesecomputationsare more complex than those
typically carriedout in visualservoingsystemsandpermit
humansto operatein largerangeof environments.

Wehavedecidedto integrateappearancebasedandgeo-
metricalmodelsin ourmodelbasedtrackingsystem.Many
similar systemsusemanualposeinitialization wherethe
correspondencebetweenthe modelandobject featuresis
givenby theuser, [14] or [10]). Althoughtherearesystems
wherethisstepis performedautomatically, theapproaches
aretime consumingandnot appealingfor real–timeappli-
cations[13], [20]. Oneadditionalproblem,in our case,is
that theobjectsto bemanipulatedby the robot arehighly
textured(seeFig. 9) andthereforenot suitedfor matching
approachesbasedon, for example,line features[29], [18],
[31].

After theobjecthasbeenrecognizedandits positionin
the imageis known, an appearancebasedmethodis em-
ployed to estimateits initial pose. The methodwe have
implementedhasbeeninitially proposedin [21] wherejust
three poseparametershave beenestimatedand usedto
move a robotic arm to a prede�nedposewith respectto
the object. Comparedto our approach,wherethe poseis
expressedrelative to the cameracoordinatesystem,they
expresstheposerelative to thecurrentarmcon�guration,
making the approachunsuitablefor robotswith different
numberof degreesof freedom.

Comparedto the systemproposedin [32], wherethe
network has beenentirely trained on simulatedimages,
we usereal imagesfor trainingwhereno particularback-

RAISINS

CUPSODA CANCLEANER

FRUIT CAN RICE

SODA BOTTLE

SOUP

Figure9: Someof theobjectswe wantrobotto manipulate.

groundwasconsidered.As pointedout in [32], the illu-
minationconditions(aswell as the background)strongly
affect the performanceof their systemandthesecannot
be easily obtainedwith simulatedimages. In addition,
the ideaof projectingjust thewire–framemodelto obtain
trainingimagescannotbeemployedin ourcasedueto the
objects'texture.Thesystemproposedin [29] alsoemploys
a featurebasedapproachwherelines, cornersandcircles
areusedto providetheinitial poseestimate.However, this
initialization approachis not applicablein our casesince,
dueto thegeometryandtextural properties,thesefeatures
arenoteasyto extractwith highcertainty.

Our model based tracking system is presentedin
Fig. 10. During the initialization step,the initial poseof
theobjectrelative to thecameracoordinatesystemis esti-
mated.Themain loop startswith a predictionstepwhere
thestateof theobjectis predictedusingthecurrentposees-
timateanda motionmodel.Thevisible partsof theobject
arethenprojectedinto theimage(projectionandrendering
step).After thedetectionstep,wherea numberof features
are extractedin the vicinity of the projectedones,these
new featuresarematched to the projectedonesandused
to estimatethenew poseof theobject. Finally, thecalcu-
latedposeis input to theupdatestep. Thesystemhasthe
ability to copewith partialocclusionsof theobject,andto
successfullytracktheobjectevenin thecaseof signi�cant
rotationalmotion.

5.1 Prediction and Update

The systemstatevector consistsof threeparametersde-
scribingtranslationof thetarget,anotherthreefor orienta-
tion andanadditionalsix for thevelocities:

x =
�
X;Y;Z; f ;y ;g; �X; �Y; �Z; �f ; �y ; �g

�
(26)
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Figure10: Block diagramof themodelbasedtrackingsys-
tem.

wheref , y andg representroll, pitch andyaw angles[8].
Thefollowingpiecewiseconstantwhiteaccelerationmodel
is considered[3]:

xk+ 1 = Fxk + Gvk

zk = Hxk + wk
(27)

wherevk is a zero–meanwhite accelerationsequence,wk
is themeasurementnoiseand

F =
h

I6� 6 DTI6� 6
0 I6� 6

i
; G =

�
DT2

2 I6� 6
DTI6� 6

�
; H = [ I6� 6 j 0] (28)

For predictionandupdate,thea � b �lter is used:

x̂k+ 1jk = Fkx̂k

ẑk+ 1jk = Hx̂k+ 1jk

x̂k+ 1jk+ 1 = x̂k+ 1jk + W[zk+ 1 � ẑk+ 1jk]

(29)

Here,theposeof thetarget is usedasmeasurementrather
than imagefeatures,as commonlyusedin the literature
(see,for example,[9], [13]). An approachsimilar to the
onepresentedhereis takenin [31]. This approachsimpli-
�es thestructureof the �lter which facilitatesa computa-
tionally moreef�cient implementation.In particular, the
dimensionof thematrix H doesnotdependon thenumber
of matchedfeaturesin eachframebut it remainsconstant
duringthetrackingsequence.

5.2 Initial PoseEstimation

Initialization stepusesthe ideasproposedin [21]. During
training, eachimageis projectedasa point to the eigen-
spaceand the correspondingposeof the object is stored

Figure11: On the left is the initial poseestimatedusing
PCA approach.On theright is theposeobtainedby local
re�nementmethod.

with eachpoint. For eachobject,we haveused96 training
images(8 rotationsfor eachangleon 4 differentdepths).
Oneof the reasonsfor choosingthis low numberof train-
ing imagesis theworkspaceof thePUMA560robotused.
Namely, the workspaceof the robot is quite limited and
for ourapplicationsthis discretizationwassatisfactory. To
enhancetherobustnesswith respectto variationsin inten-
sity, all imagesarenormalized.At this stage,the sizeof
thetrainingsamplesis 100� 100pixelscolor images.The
trainingproceduretakesabout3 minuteson a PentiumIII
550runningLinux.

Given an input image, it is �rst projected to the
eigenspace.Thecorrespondingparametersarefoundasthe
closestpoint on the posemanifold. Now, the wire-frame
modelof the objectcanbe easilyoverlaid on the image.
Sincea low numberof imagesis usedin the trainingpro-
cess,poseparameterswill notaccuratelycorrespondto the
input image.Therefore,a local re�nementmethodis used
for the�nal �tting, seeFig. 11. Thedetailsaregivenin the
next section.

During thetrainingstep,it is assumedthattheobjectis
approximatelycenteredin the image. During taskexecu-
tion, theobjectcanoccupy anarbitrarypartof the image.
Sincethe recognitionstepdelivers the imageposition of
the object, it is easyto estimatethe offset of the object
from theimagecenterandcompensatefor it. Thisway, the
poseof theobjectrelative to thecameraframecanalsobe
arbitrary.

An exampleof the poseinitialization is presentedin
Fig. 12. Here,theposeof theobjectin thetraining image
(far left) was: X=-69.3,Y=97.0,Z=838.9,f =21.0, y =8.3
and g=-3.3. After the �tting stepthe posewas: X=55.9,



Figure12: Trainingimageusedto estimatetheinitial pose(far left) followedby theintermediateimagesof the®tting step.

Y=97.3, Z=899.0, f =6.3, y =14.0 and g=1.7 (far right),
showing theability of thesystemto copewith signi�cant
differencesin poseparameters.

5.3 Detectionand matching

When the estimateof the object's poseis available, the
visibility of eachedgefeatureis determinedand internal
cameraparametersareusedto projectthemodelof theob-
ject onto the imageplane. For eachvisible edge,a num-
berof imagepointsis generatedalongtheedge.Socalled
trackingnodesare assignedat regular intervals in image
coordinatesalong the edgedirection. The discretization
is performedusing the Bresenhamalgorithm[12]. After
that,a searchis performedfor themaximumdiscontinuity
(nearbyedge)in theintensitygradientalongthenormaldi-
rectionto theedge.Theedgenormalis approximatedwith
four directions:f� 45;0;45;90g degrees.

In eachpoint pi alonga visible edge,the perpendicu-
lar distanced?

i to the nearbyedgeis determinedusinga
one–dimensionalsearch.Thesearchregion is denotedby
f Sj

i ; j 2 [� s;s]g. Thesearchstartsat theprojectedmodel
point pi andthe traversalcontinuessimultaneouslyin op-
positesearchdirectionsuntil the �rst local maximumis
found. The size of the searchregion s is adaptive and
inverselydependson the distanceof the objectsfrom the
camera.

After the normal displacementsare available, the
methodproposedin [10] is used. Lie group andLie al-
gebraformalismareusedasthebasisfor representingthe
motionof a rigid bodyandposeestimation.Themethodis
alsorelatedto thework presentedin [33] and[34]. Imple-
mentationdetailscanbefoundin [19].

5.4 Servoing Basedon ProjectedModels

Oncetheposeof theobjectis available,any of theservo-
ing approachescanbe employed. The following section

presenthow a model basedtracking systemcan be used
bothfor imageandpositionbasedvisualservoing.

5.4.1 Position BasedServoing

Let us assumethe following scenario:the taskis to align
theend-effectorwith respectto anobjectandmaintainthe
constantposewhen/if the objectstartsto move. It is as-
sumedherethata modelbasedtrackingalgorithmis avail-
ableandonestand–alonecamera(notattachedto therobot)
is usedduringtheexecutionof thetasks,seeFig 13. Here,

GX

R

CX

C
OX

OX G

*O

G
RX

Figure13: Relevant coordinateframesandtheir relation-
shipsfor the“Align–and–track”task.

OX �
G representsthedesiredposebetweentheobjectandthe

end–effectorwhile OXG representsthe current(or initial)
posebetweenthem. To performthe taskusing the posi-
tion basedservoing approach,thetransformationbetween
the cameraandthe robot coordinateframes,CXR, hasto
beknown. Theposeof theend-effectorwith respectto the
robot basesystem,RXG is known form the robot's kine-
matic. The modelbasedvisual trackingsystemestimates
theposeof theobjectrelativeto thecameracoordinatesys-
tem,CXO.

Let usassumethat themanipulatoris controlledin the
end-effectorframe.Accordingto Fig. 13, if OXG = OX�

G



Figure 14: A sequenceof a 6DOF visual control: From an arbitrary startingposition (upper left), the end–effector is
controlledto a prede�nedreferencepositionwith respectto thetargetobject,(upperright). Whentheobjectstartsmoving,
the visual systemtracksthe poseof the object. The robot is thencontrolledin a positionbasedframework to remaina
constantposebetweenthegripperandtheobjectframe.

Figure15: Startpose,destinationposeandtwo intermediateposesin animagebasedvisualservo approach.

then RXG = RX �
G. The error function to be minimized

maythenbede�ned asthedifferencebetweenthecurrent
andthedesiredend-effectorpose:

D RtG = RtG � Rt �
G

D RqG = RqG � Rq�
G

(30)

Here, RtG and RqG are known from the forward kine-
maticsequationsand Rt �

G and Rq�
G have to be estimated.

The homogeneoustransformationbetweenthe robot and
desiredend–effectorframeis givenby:

RX�
G = RXC

CXO
OX �

G (31)

The posebetweenthe cameraand the robot is estimated
off–line andthe poseof the object relative to the camera
frameis estimatedusingthemodelbasedtrackingsystem
presentedin Section3. Expandingthe transformationsin
(Eq.31) weget:

Rt �
G = RRC

CR̂O
Ot �

G + RRC
Ct̂O + RtC (32)

where CR̂O and Ct̂O representpredictedvaluesobtained
from thetrackingalgorithm.Similarexpressioncanbeob-
tainedfor the changein rotationby usingthe additionof
angularvelocities(seeFig. 13) and[8]:

RW�
G = RWC + RRC

CŴO + RRC
CR̂O

OW�
G (33)

Assumingthatthe RRC and CR̂O areslowly varyingfunc-
tionsof time, integrationof RW�

G gives[30]:

Rq�
G t RqC + RRC

Cq̂O + RRC
CR̂O

Oq�
G (34)

Substituting(Eq.32) and(Eq.34) into (Eq.30) yields:

D RtG = RtG � RtC � RRC
Ct̂O � RRC

CR̂O
Ot �

G

D RqG t RqG � RqC � RRC
Cq̂O � RRC

CR̂O
Oq�

G

(35)

which representstheerrorto beminimized:

e=
�

D RtG
D RqG

�
(36)

After the error function is de�ned, a simpleproportional
control law is usedto drive theerror to zero.Thevelocity
screw of therobotis de�ned as1:

�q t Ke (37)

Using theestimateof object's poseandde�ning theerror
functionin termsof pose,all six degreesof freedomof the
robotarecontrolledasshown in Fig. 14.

5.4.2 ImageBasedServoing

In many casesthechangein theposeof theobjectis sig-
ni�cant andcertainfeaturesarelikely to getoccluded.An

1It is straightforwardto estimatethedesiredvelocityscrew in theend±
effectorcoordinateframe.



Figure16: An experimentwherethe robot movesup to the table,recognizesthe rice box, approachesit, picks it up and
handsit over to theuser.

exampleof suchmotion is presentedin Fig. 15. A model
basedtrackingsystemallow us to useimagepositionsof
features(for example,end–pointsof object's edges)even
if they arenot currentlyvisible dueto theposeof theob-
ject. An imagebasedapproachcanthereforesuccessfully
beusedthroughoutthewholeservoing sequence.In addi-
tion, sincea largernumberof featuresis availableaswell
asthedepthof theobject,a feedbackfrom onecamerais
suf�cient for performingthetask.

In ourexample,theerrorfunction,e(f), is de�nedwhich
is to beregulatedto zero.Thevectorof the�nal (desired)
imagepoint featurepositionsis denotedby f � andthevec-
tor of their currentpositionsby fc. The task consistsof
moving the robot suchthat the Euclidiannorm of the er-
ror vector(f � � fc) decreases.Hence,onemay constrain
theimagevelocity of eachpoint to exponentiallyreachits
goalpositionwith time. Thedesiredbehavior is then:

�f = K e(f) = K (f � � fc) (38)

whereK is adiagonalgainmatrix thatcontrolstheconver-
gencerateof thevisualservoing. From[1] arobotvelocity
screw maybecomputedusing:

G �q = K J†(q) e(f) (39)

whereJ† is a (pseudo–)inverseof theimageJacobian.

6 ExampleTasks

The following two sectionsshow additionalexamplesof
how the presentedvisual systemswere usedfor robotic
tasks.

6.1 Mobile Robot Grasping

Here,we considerthe problemof real manipulationin a
realisticenvironment- a living room.Similarly to thepre-
vious example, we assumethat a numberof prede�ned
graspsis givenandsuitablegraspis generateddepending
on the currentposeof the object. The experimentshows
a XR4000 platform with a hand-mountedcamera. The
task is to approachthe dinner tablewherethereare sev-
eral objects.The robot is instructedto pick up a package
of rice having an arbitraryplacement.Here, Distributed
ControlArchitecture[22] is usedfor integrationof thedif-
ferentmethodsinto a fully operationalsystem.To perform
thetask,objectrecognition,voting based2D trackingand
modelbased3D trackingareused.Thedetailsof thesys-
tem implementationare reportedin [2]. The resultsof a
missionwith theintegratedsystemareoutlinedbelow.

Thesequencein Fig. 16 shows therobotstartingat the
far endof the living room,moving towardsa point where
a goodview of thedinnertablecanbeobtained.After the
robotis instructedto pick up therice package,it locatesin
the sceneusingthe systempresentedin Section3.1. Af-
ter that, the robot moves closerto the table keepingthe
rice packagecenteredin the image using the 2D track-
ing systempresentedin Section4. Finally, the gripper is
alignedwith theobjectandgraspingis performed.Thede-
tailsaboutthealignmentcanbefoundin [27].



6.2 Model BasedTracking for SlippageDe-
tection

Theability of a roboticsystemto generatebotha feasible
and a stablegraspaddsto its robustness.By a feasible
grasp,a kinematicallyfeasiblegraspis considered.By a
stablegrasp,a graspfor which the object will not twist
or slip relative to theend-effector. Here,the latter issueis
considered.Asideto pick uptheobject,ataskfor therobot
may be to alsoplacethe object to somedesiredposition
in the workspace. If that is the case,after the object is
grasped,ataskmonitoringstepmaybeinitiated.Thebasic
ideais that,evenif theplanedgraspwasconsideredstable,
whenthe manipulatorstartsto move the objectmay start
to slide. If the graspis stable,the relative transformation
betweenthe manipulator(gripper) and the object frames
shouldbe constant.Sincetactile sensingis not available
to us at this stage,our vision systemis usedto track the
objectheld by the robot andestimateits poseduring the
placementtask. The estimatedposeof the object is then
usedto estimatethe changebetweenthe objectandhand
coordinateframes. For a stablegraspthis changeshould
beideally zeroor verysmall.

In Fig. 18 andFig. 19, thevariationin thehand/object
transformationis presented.Two casesobtainedduring a
stablegraspandagraspwheretheobjectslid fromthehand
areshown. Comparingthe�gures, weseeasigni�cant dif-
ferencein the transformationplots. The mostsigni�cant
changeis observedfor dX anddZ which is for dX approx-
imately100mmandfor dZ almost150mm.Thesechanges
arecausedby theobjectbeingremovedfrom thegripperin
Fig. 19,seeFig. 17.

Figure17: Removing the object from the gripper - the object
is tracked during the whole sequence.The poseof the objectis
usedto estimatethechangein object/grippertransformation.The
resultsarepresentedin Fig. 19.

7 Conclusion

Due to the real-world variability, it is not enoughto con-
sider only control level robustness. It is equally impor-
tantto considerhow imageinformationthatserve asinput
to thecontrol processcanbe usedsoasto achieve robust
andef�cient control. In visualservoing,providing arobust
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Figure18: Changein translationbetweenthegripperandobject
framesduring a stablegrasp. The changein dX;dY anddZ is
verysmallandmostlylessthan10 mm.
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Figure19: Changein translationbetweenthegripperandobject
frameswhentheobjectwasremovedfrom thegripper. Compared
to theplot for astablegrasp(Fig.18),thechangeisapproximately
100mmfor dX and150mmfor dZ component.

visual feedbackis crucial to the performanceof theover-
all system. It is well known that no singlevisual feature
is robust to variationsin geometry, illumination, camera
motion andcoarsecalibration. In addition,no singlevi-
sualservoing techniquecaneasilybetailoredto copewith
largescalevariations.For constructionof realisticsystems
thereis consequentlya needto formulatemethodsfor in-
tegrationof a rangeof differentservoing techniques.The
techniquesdiffer in termsof theunderlyingcontrol space
(position/image/hybrid)andtypeof visualfeaturesusedto
provide the necessarymeasurements(2D/3D). We argue
thateachof thesetechniquesmustcarefullyconsiderhow
models,multiplecuesandfusioncanbeutilizedto provide
thenecessaryrobustness.

In this paper, we have takena �rst steptowardsthede-
sign of sucha systemby presentinga rangeof different
vision basedtechniquesfor objectdetectionandtracking.
Particularemphasishasbeenputonuseof computationally
tractablemethodsin termsof real-timeoperationin realis-
tic settings.Theef�ciency hasin particularbeenachieved



throughcarefulconsiderationof tasklevel constraints.
Throughadaptationof ataskorientedframework where

the utility of different cuesare consideredtogetherwith
methodsfor integrationit is possibleto achievedesiredro-
bustness.Taskconstraintshereallow dynamicselectionof
cues(in termsof weights),integrationandassociatedcon-
trol methodologysoasto allow visualservoingoverawide
rangeof work conditions.Suchanapproachis for example
neededin caseof mobilemanipulationof objectsin service
roboticsapplications.Theuseof thedevelopedmethodol-
ogy hasbeendemonstratedwith a numberof examplesto
illustratethesystem'sperformance.

An open problem in the presentedmethodologyis
the optimalbalancebetweendifferentvisual servoing ap-
proachesas well as the amountand type of information
sharedbetweenthem. An integral part of the future re-
searchwill considertheseissues.
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