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Abstract

For servicerobotsoperatingin domestiervironmentst is
not enoughto consideronly control level robustness it is
equallyimportantto considerhowimage informationthat
servesasinputto the control processcanbe usedsoasto
achieverobustandefcient control.

This paper presentsan effort towards developmentof
robust visual techniquesusedto guide robotsin various
tasks.Givena taskat hand,we arguethat differentlevels
of compleity shouldbe consideedwhich alsode nesthe
choice of the visual technique usedto provide the neces-
saryfeedbak information.\We concentate on visualfeed-
badk estimationvhele weinvestigatebothtwo—andthree—
dimensionatechniques.

In the former case we are interestedin providing a
coarse information about the object position/velocityin
theimage plane In particular, a setof simplevisualfea-
tures(cues)is employedn anintegratedframevork whee
voting is usedfor fusing the responsedrom individual
cues. The experimentalevaluation showsthe systenmper-
formancefor threedifferentcasesof camera—robotcon g-
urationsmostcommorfor roboticsystems.

For caseswhere the robot is supposedo grasp the
object, a two—dimensionaposition estimateis often not
enough. Completepose(position and orientation) of the
objectmaybe required. Thelefore, we presenta model—
basedsystemwhele a wire—frame model of the objectis
usedto estimateits pose Sincea humberof similar sys-
temshasbeenproposedin the literature, we concentate
ontheparticular part of the systenusuallyneglected- au-
tomaticposeinitialization. Finally, weshowhowa number
of existing approadescan successfullpe integratedin a
systenthatis able to recaynizeand graspfairly textured,
everydayobjects.Oneof the examplegresentedn the ex-
perimentalsectionshowsa mobilerobot performingtasks
in a real-wod ernvironment- a living room.

This researchhas beensponsorediy the SwedishFoundationfor
Stratglic Researchthroughthe Centrefor AutonomousSystems. The
fundingis gratefullyacknavledged.

1 Intr oduction

Roboticsis graduallyexpandingits applicationdomainbe-
yondmanufcturing.In manufcturingsettingsit is possi-
ble to engineetheenvironmentsoasto simplify detection
andhandlingof objects.In anindustrialcontext this is of-

tenachievedthroughcarefulselectionof backgroundolor

andlighting. As the applicationdomainis expandedthe
useof engineeringto simplify the perceptionproblemis

becomingmore dif cult. It is not longer possibleto as-
sumea given setupof lighting anda homogeneouback-
ground. Recentprogressn serviceroboticsshavs a need
to equiprobotswith facilitiesfor operatiorin everydayset-
tingswherethedesignof computenisionmethodgo facil-

itaterobustoperatiorandto enablenteractionwith objects
haveto bereconsidered.

This paperconsidersheuseof computationavisionfor
manipulationof objectsin everydaysettings.The process
of manipulationof objectsinvolvesall aspectof recogni-
tion/detectionserwingto theobject,alignmentandgrasp-
ing. Eachof theseprocesse$ave typically beenconsid-
eredindependentlyor in relatively simple environments,
[1]. Throughcarefulconsideratiorof the taskconstraints
andcombinationof multiple methodst is, however, possi-
ble to provide a systemthatexhibits robustnessn realistic
settings.

The paperstartswith a motivation thatarguesfor inte-
grationof visualprocessem Section2. A key competence
for robotic graspingis recognition/detectionf objectsas
outlinedin Section3. Oncethe objecthasbeendetected,
thereachingphaserequiresuseof a coarseserwing strat-
egy whichcanbebasedn“simple” visualfeatures Unfor-
tunately“simple” visualfeaturesuffer from alimited gen-
eralityrequiringthereforeanintegrationof multiple cuesto
achieve robustnesssdescribedn Sectiord. Oncetheob-
jecthasbeernrecognizedndanapproximatelignmenthas
beenachieved, it is possibleto usemodelbasedmethods
for accuraténteractionwith the objectasoutlinedin Sec-
tion 5. Finally, all of thesecomponentareintegratednto a
completesystemandusedfor a seriesof experimentsThe



resultsfrom theseexperimentsarepresenteénddiscussed
in Section6. The overall approachandthe associatede-
sultsarediscussedn Section?.

2 Motivation

Robotic manipulationin an everydaysettingis typically

carriedoutin thecontext of atasksuchas“Pleasefetchthe
cup from the dinnertablein theliving room” or “Please,
fetchtherice packagdrom the shelf?, (seeFig. 1). To ex-

ecutesucha manipulationtask,we usea mobile platform
with a manipulatoron thetop. Therobotis equippedwith

facilities for automatidocalizationandnavigation, [2] al-

lowing it to arrive ata positionin thevicinity of thedinner
table. Fromtheretherobotis requiredto carry out thefol-

lowing:

1. Recanizeacuponthetable(discussedh Section3).

2. Transportation- seno to the vicinity of the cup, po-
tentiallyinvolving bothplatformandmanipulatomo-
tion (discussedn Sectiord).

3. Estimatethe pose(positionandorientation)of the ob-
ject(Sectionb).

4. Alignment— seno to the object to allow grasping
(Sectionb).

5. Pickuptheobjectanddrive away.

Figurel: An exampleof arobottask: Fetchingarice pack-
agefrom ashele.

In a typical scenario,the distancebetweenthe object
andthe on-boardcameramay vary signi cantly. Thisim-
pliesasigni cant uncertaintyin termsof scale(i.e., sizeof

the objectin the image). Basedon the actualscaleof the

objectin theimagea hierarchicaktratey for visualseno-

ing may be used. For distantobjects( 1m), thereis no

point in attemptingto performa full poseestimation,as
the size of the objectin the imagetypically will not pro-

videthenecessarinformation.A coarsepositionestimate
is thereforeadequatdor aninitial alignment.

A visual senoing taskin generalincludessomeform
of i) positioningsuchas aligning the robot/gripperwith
thetarget,andii) tracking — updatingthe position/poseof
theimagefeatures/objectTypically, imageinformationis
usedto measurehe errorbetweersomecurrentandrefer
ence/desiretbcation. Imageinformationusedto perform
the taskis eitheri) two dimensional- usingimageplane
coordinatespr ii) threedimensional- retrieving objects'
poseparameterwith respecto thecamera/verld/robotco-
ordinatesystem.So,therobotis controlledeitherusingim-
ageinformationastwo- or threedimensionawhich clas-
si es thevisual senwoing approachesasi) imagebasedji)
positionbasedor iii) hybrid visual serwing (2.5D seno-
ing), [17].

If the objectis far from the cameradueto the resolu-
tion/sizeof the objectin the image, it is advantageouso
usean imagebasedstratgy to perform the initial align-
ment. Imagebasedsenoing using crudeimagefeatures
suchascenterof massis well suitedfor coarsealignment.
A problemhereis that visual cuessuchas color, edges,
cornersor ducial marksin generalarehighly sensitve to
variationin illumination, etc. and no single one of them
will provide robust frame by frame estimategthat allow
continuoudracking. Throughtheir integrationis however
possibleto achieve anincreasedobustnesasdescribedn
Sectior4.

For theaccuratalignmenibf thegripperwith theobject
onecanutilize i) a binocularcamergpair, if) a monocular
imagein combinationwith a geometricmodel, or iii) one
camerain combinationwith a “structure—from—motion”
approach.As the objecthasbeenrecognizedandits ap-
proximateimage positionis known, it is possibleto uti-
lize this informationfor ef cient poseestimationusinga
wire—framemodel. Model basedtting is highly sensitie
to surfacetexture and backgrounchoise. The availability
of a goodinitial estimatedoes,however, allow robustes-
timation of poseevenin the presencef signi cant noise.
Oncea poseestimates available,it is possibleto use2.5D
or positionbasedsenoing for thealignmentof the gripper
with the objects. This is even possiblein the presencef
signi cant perspectie effects, which typically is the case
whenoperatingcloseto objects. Model basedrackingis
in generahighly sensitve to surfacetextureandinitializa-
tion, but throughits integrationinto a systemcontext these
problemsare reducedto a minimum as outlinedin Sec-



tion 5.

Finally, asthe gripperis approachindghe objectit is es-
sentialto usethe earlier mentionedgeometricmodel for
graspplanning,anissuenot discussedn detail here. For
anintroductionconsult[4], [26].

3 Detectionand PoseEstimation

Given a view of the scene,the robot should be able to
nd/recognizethe objectto be manipulatedor give us an
answersuchas"l-did-not- nd—the—cup”. This taskis very
complicatedand hard to generalizewith respectto clut-
teredervironmentsandtypesof objects.Dependingnthe
implementationthe recognitionprocessmay provide par
tial/full poseof the objectwhich canin returnbe usedfor
generatinghe robot control sequenceObjectrecognition
is a long standingresearchissuein the eld of computa-
tional vision [11]. We considerlimited aspectf it, but
demonstrateecognitionin real ervironments,a problem

thathasrecevedlimited attentionsofar.

Figure 2: An examplewherethe recognitionsystemsuccess-
fully recognizeswo of the objects.Above eachrectanglehereis
avaluerepresentinghe recognitioncon®dencewhich is propor
tional to the distanceof the objectto the hyperplaneof the clas-
si®er. In orderto make con®dencemeasuresomparableacross
all theclassi®ersthedistancesrenormalizedwith the maigin of
the hyperplaneof the classi®er If the con®dencds greaterthan
1, a positive detection/recognitiois assumedlf the con®dence
is lessthan1, the classi®catioris consideredincertain.

3.1 AppearanceBasedMethod

Theobjectto bemanipulateds recognizedisingtheview-
basedSVM (SupportVectorMachine)systenmpresentedh

[23]. Theobjectve hereis to detectandrecognizeavery-
dayhouseholdbjectsin ascene.

Therecognitionstepdeliverstheimagepositionandap-
proximatesizeof theimageregion occupiedby the object,
seeFig. 2. Thisinformationis in our caseusedto i) track
thepartof theimage,thewindowof attention occupiedby
the objectwhile therobotapproached, or ii) astheinput
to the poseestimationalgorithm.

3.2 Feature BasedMethod

In caseof amoving object,its appearanceay changesig-
ni cantly betweenframes. For thatreasonwe have also
exploitedafeatureor acuebasedmethod.Here,colorand
motion were usedin an integratedframevork wherevot-
ing wasusedasan underlyingintegrationstratey. Thisis
discussedn moredetailin the next section.

4 Transportation -
CoarseVisual Servoing

While approachinghe object,we wantto keepin the eld
of view or even centeredof the image. This implies that
we have to estimatethe position/\elocity of the objectin
the imageand usethis informationto control the mobile
platform.

Our tracking algorithm employs the four stepdetect—
math—update—pedictloop, Fig. 3. Theobjectvehereisto
trackapartof animage(aregion) betweerframes.Theim-
agepositionof its centeris denotedvith p = [xy]". Hence,
thestateisx = [ xyxy]" whereapiecaviseconstantvhite
acceleratiomodelis used[3]:

X+ 1= FXg+ Gy
Zk = HXk+ Wk
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wherea andb aredeterminedisingsteady—statanalysis.

Figure3: A schematioverview of thetrackingsystem.

4.1 Voting

Voting,in generalmaybeviewedasa methodto dealwith
n inputdataobjectsc;, having associatedotes/weightsv;
(n input data—wte pairs(ci; w;)) andproducingthe output
data—wtepair (y;v) wherey maybeoneof thec;'sor some
mixed item. Hence,voting combinesinformationfrom a
numberof sourcesand producesoutputswhich re ect the
consensusf theinformation.

The reliability of the resultsdependson the informa-
tion carriedby theinputsand,aswe will seetheirnumber
Although thereare mary voting schemegproposedn the
literature,mean majority andplurality voting arethe most
commonones.In termsof voting, avisualcuemaybemo-
tion, coloror disparity Mathematicallyacueis formalized
asamappingfrom anactionspaceA, to theinterval [0,1]:

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

This mappingassignsa voteor a preferenceo eachaction
a2 A, whichmay in thecontext of tracking,beconsidered
asthepositionof thetarget. Thesevotesareusedby avoter
or a fusioncenter d(A). Basedon the ideasproposedn
[5], [24], we de ne thefollowing voting scheme:

De nition 4.1 - WeightedPlurality Approval Voting For

is the numberof cuesand O, is the outputof a cuei, a
weightedplurality approval schemes de nedas:

d(@ = & w Og(a) (5)
i=1

whelethemostappropriateactionis selectegccoidingto:

a’= amgmax d(a)ja2 Ag (6)

4.2 Visual Cues

Thecuesconsideredn theintegrationprocessare:
Correlation - The standardsum of squareddifferences
(SSD)similarity metricis usedandthe positionof thetar
getis foundastheonegiving thelowestdissimilarityscore:

SD(u;v) = § & lI(u+ mv+n) T(mn)® (7)

wherel (u;v) andT (u;Vv) representhegrey level valuesof
theimageandthe template,respectiely. To compensate
for changesn the appearancef the tracked region, the
templatels updatedon 25 framescycle.

Color - It hasbeenshawn in [7] thatef cient androbust
resultscanbe achieved usingthe ChromaticColor space.
Chromaticcolors,known as“pure” colorswithout bright-
nessareobtainedby normalizingeachof the components
by thetotal sum. Color is representethy r andg compo-
nentsincebluecomponents boththe noisiestchanneband
it is redundanafterthe normalization.

Motion - Motion detectionis basedn computatiorof the
temporalderivative andimageis segmentednto regionsof
motionsandregionsof inactiity. This is estimatedusing
imagedifferencing:

M[(u;v); K = H [ [(uv); K T[(uv)sk 1) G (8)
whereGis a x edthresholdandH is de ned as:
H= 53 oo ©

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

2= A& A’ (0

whereﬂ\u;v) is the meanintensityvalueestimatedor the
window. For example,for a mainly uniform region, low

variationis expectedduring tracking. On the otherhand,
if theregionwasrich in texturelargevariationis expected.
Thelevel of textureis evaluatedasproposedn [25].

4.3 Weighting

In (Eq.5) it is de nedthattheoutputsfrom individualcues
shouldbeweightedby w;. Consequentlythe reliability of
acueshouldbe estimatedandits weightdeterminedased
onits ability to trackthetarget. Thereliability canbedeter
minedeitheri) a—priori andkeptconstantduringtracking,
or ii) estimatedduringtrackingbasedon cue's successo



estimatehe nal resultor basednhow muchit isin agree-
mentwith othercues.In our previouswork the following
methodswvereevaluated19):

1. Uniform weights - Outputsof all cuesare weighted
equally:w; = 1=n, wheren is thenumberof cues.

2. Texture basedweighting - 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). Theweightsweredeterminedxperimentally

3. One-stepdistanceweighting - Weightingfactor, w;, of
acue,c;, attime stepk dependon the distancefrom the
predictedimageposition, 2 1. Initially, the distanceis
estimatedas

di=jizk gk dli (11)
anderrorsareestimatedas

d

— 12
Zoiinzldi ( )

a:

Weights are than inversely proportional to the error
W|th é,inz 1Wi =1

4. History-baseddistanceweighting - Weighting factor

of a cue dependson its overall performanceduring the

tracking sequence. The performanceis evaluated by

observinghow mary timesthe cuewasin an agreement
with therestof the cues.Thefollowing strateyy is used:

a) For eachcue,ci, examineif jjz,,  zljj < dr where
i;j=1::;nandi 6 j. If thisis true, a;;=1, otherwise
8;j=0. Here, a&;=1 meansthat there is an agreement
betweertheoutputsof cuesi andj atthatvoting cycle and
dr representsdistancehresholdwhich s setin advance.

b) Build the(n 1) valuesetfor eachcue:
jj andestimatesum

¢) The accumulatedsaluesduring N tracking cycles,
S = &l indicatehow mary timesa cue, ¢;, wasin
the agreementvith other cues. Weightsare then simply
proportionalto this value:

n
with dw=1 (13)

W= =
ai:ls i=1

4.4 Implementation

We have investigatedwo approachewsherevotingis used
for: i) responsdusion andii) actionfusion The rst ap-
proachmakesuseof “raw” response$rom the employed
visual cuesin the imagewhich alsorepresentshe action
space,A. Here, the responsds representeckither by a
binary function (yes/no)answey or in the interval [0,1]
(thesevaluesare scaledbetween[0,255] to allow visual
monitoring). The secondapproachusesa differentaction
spacerepresentedby a directionand a speed seeFig. 4.
Comparedo the rst approachwherethe positionof the
trackedregionis estimatedthis approaclttanbeviewedas
estimatingts velocity. Again, eachcuevotesfor different
actionsfrom theactionspaceA, whichis now thevelocity
space.

DIRECTION SPEED

01234567 wait slow fast

DIRECTION

6 “down

Figure4: A schematicoverview of the action fusionapproach:
the desireddirectionis (downand left) with a (slow) speed.The
useof binsrepresents neighborhoodvoting schemewhich en-
suresthat slight differencesetweendifferentcuesdo not result
in anunstableclassi®cation.

4.4.1 Initialization

Accordingto Fig. 3, a tracking sequenceshouldbe initi-
atedby detectinghetargetobject.If arecognitionmodule
is not available, anotherstratgly canbe used. In [28] it
is proposedhat selectos shouldbe employed which are
de ned asheuristicshatselectgegionspossiblyoccupied
by thetarget. Whenthe systemdoesnot have de nite state
information aboutthe target it shouldactively searchthe
statespaceto nd it. Basedon thisideas,colorandimage
differenceqor foregroundmotion) may be usedto detect
thetargetin the rst image.Again, if arecognitionmodule
is not available,thesetwo cuesmay alsobe usedin cases
wherethetargethaseitheri) left the eld of view, or ii) it
was occludedfor a few frames. Our systemsearcheshe
whole imagefor the target and oncethe target entersthe
image trackingis regained.

4.4.2 Responsd-usion Approach

After thetargetis located atemplatés initialized whichis
usedby the correlationcue. In eachframe,a colorimage
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Figureb: A schematioverview of theresponséusionapproach.

of thescenas acquired.Insidethewindow of attentionthe
responsef eachcue,denotedd;, is evaluated seeFig. 5.
Here, X representa position:

Color - Duringtracking,all pixelswhosecolor fallsin the
pre—trainectolor clusteraregivenvaluebetween0, 255]
dependingpnthe distancdrom the centerof the cluster:

X2 [2kjk 1 0:5%w; ikjk 1t 0:5XW]
wherexy, is the sizeof thewindow of attention.
Motion- Using (Eqg. 8) and(Eg. 9) with G= 10, imageis
segmentednto regionsof motionandinactivity:

15
X2 [Zj 1 O:5Xw; Zigk 1+ 0:5xu] (19)

Correlation - Sincethe correlationcue producesa single

positionestimatethe outputis givenby:

2
Osso(x;K) = 255 22) with s=5
X2 [zssp O:5%w; Zsspt 0:5%u]; (16)
A2 [ 0:5xy; 0:5x%w]

wherethemaximumof theGaussiaris centeredtthe peak
of the SSDsurface.Thesizeof thesearchareadepend®n

the estimatedelocity of theregion.

Intensity variation - Theresponsef this cueis estimated
accordingto (Eg. 10). If alow variationis expected,all

pixelsinsideanm mregionaregivenvalues(255s). If a

large variationis expected pixelsareassigned valuedi-

rectly. Thesizem mofthesubrejionswhichareassigned
samevaluedependsn the sizeof thewindow of attention

with n= 0:2x,,. Hence,for a30 30 pixels window of
attention,m=6. Theresultis presentedsfollows:

0 Ovar(x;k) 255 with a7
X2 [2kjk 1 0:5xw; ikjk 1+ 0:5x]
Responséd-usion
Theestimatedesponseareintegratedusing(Eq. 5):
n
d(x;k) = § wiOi(x;K) (18)
i

However, (Eq. 6) cannot bedirectly usedfor selection,
astheremightbesereralpixelswith samenumberof votes.
Thereforethis equationis slightly modi ed:

8
. < . . if doxk) is argmax d(x*K)jx’
d(x;k) = " 2[4k 1 0:5%w; Zigk 1+ 0:5xw]g
" 0: otherwise
(19)
Finally, thenewv m%asurememk is givenby themearvalue
(rst moment)of d'(x;K), i.e.,zx = @(x;k).

4.4.3 Action FusionApproach

Here theactionspaces de ned by adirectiond andspeed
s, seeFig. 4. Both the directionandthe speedarerepre-
sentedy histogramof discretevalueswherethedirection
is representedy eightvalues seeFig. 6:

LD L 4L Tu 9 (20)

RU L ;R}:;RD1:D?
with L-left, R-right, D-down and U-up. Speedis repre-
sentedby 20 valueswith 0.5 pixel interval which means
thatthe maximumallowed displacemenbetweensucces-
sive framesis 10 pixels(thisis easilymadeadaptie based
on the estimatedvelocity). There are two reasonsfor
choosingjust eight valuesfor the direction: i) if the up-
daterate is high or the inte~frame motion is slow, this
approachwill still give a reasonableccurag andhence,
asmoothperformanceandii) by keepingthe voting space
rathersmallthereis a higherchancehatthe cueswill vote
for the sameaction. Accordingly, eachcuewill vote for
a desireddirection and a desiredspeed. As presentedn
Fig. 4, aneighborhoodsotingschemeis usedto ensurehat
slightdifferencedetweerdifferentcuesdo notresultin an
unstableclassi cation. (Eq. 3) is modi ed sothat:

aT 0 bo T (21)

— 0010 -
H= 5001 andW= "4 orobp



In eachframe,thefollowing is estimatedor eachcue:
Color - The responseof the color cueis rst estimated
accordingo (Eq. 14) followedby:

& x Ocolor (X; K)X(K) .
axx(k)
with X2 [P 1 0:5%w; Py 1+ 0:5%]

acolor(K) = kik 1

(22)

where agior (K) representghe desiredaction and f)kjk 1
is the predictedposition of the tracked region. Sameap-
proachis usedto obtainamngion(k) andayar (k).

Corr elation - Theminimumof the SSDsurfaceis usedas:

asso(k) = a@)[nin(SSD(X; K) Pk 1 (23)

wherethe sizeof the searchareadepend®n the estimated
velocity of thetrackedregion.

Action Fusion After the desiredaction,a;(k), for a cueis
estimatedthe cueproduceghevotesasfollows:

dlrectlond."— II.D(sgr(a{)), (24)

speeds = jjaijj
whereP : x! f0;1;:::;7g is a scalarfunction that maps
the two—dimensionaldirection vectors(see (Eq. 20)) to
one—dimensionalaluesrepresentinghe bins of thedirec-
tion histogram. Now, the estimateddirection, d;, andthe
speeds, of acue,c;, with a weight, w;, areusedto up-
datethedirectionandspeedf the histogramsaccordingo
Fig. 4 and(Eq.5). Thenew measuremeris thenestimated
by multiplying the actionsfrom eachhistogramwhich re-
ceivedthemaximumnumberof votesaccordingo (Eq. 6):

z = S(arg;nam D(d)) arggnaxH 9 (25)

whereS:x! f & ;:i;; g Theupdateand predic-
tion stepsare then performedusing (Eq. 21) and (Eq. 3).
The reasonfor choosingthis particularrepresentatiorn-
steadof simply usinga weightedsumof rst momentsof
the responsesf all cuesis, asit hasbeenpointedout in
[24], thatarbitrationvia vectoradditioncanresultin com-
mandswhich arenot satishctoryto ary of the contributing
cues.

4.5 Examples

The proposedmethodshave beeninvestigatedin detail
in [19]. Here, we presentone of the experimentswhere
we evaluatedthe performanceof the voting approaches
as well as the performanceof individual cueswith re-
spectto threesensorobjectcon gurationstypically used
in visual-sereing systemsi) staticsensor/mwaing object
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Figure6: A schematioverview of theactionfusionapproach.

(“stand—alonecamerasystem”), ii) moving sensor/static
object(“eye—in—handcamera’senoing towarda staticob-
ject), andiii) moving sensor/mwing object (camerasys-
tem on a mobile platform or eye—in—handcameraseno-
ing toward a moving object). The resultsare discussed
throughaccuracy andreliability measures.The accurag
is expressedisinganerrormeasuravhichis adistancebe-
tweenthe groundtruth (chosermanuallyusingareference
point on the object) and the currently estimatedposition
of thereferencepoint. Theresultsaresummarizedhrough
themeansquareerrorandstandardaieviationin pixels. The
measuref thereliability is onayes/nobasisdependingn
if acue(or thefusedsystem)successfullyracksthetarget
during a single experiment. The trackingis successfulf
theobjectis keptinsidethewindow of attentionduringthe
entiretestsequence.

The two fusion approachess well as the individual
cueshave beentestedwith respectto the ability to cope
with occlusionsof the target and to regain tracking after
thetamgethasleft the eld of view for anumberof frames.
Theresultsare presentedor correlation,color andimage
differencessince the intensity variation cue can not be
usedalonefor tracking.

Accuracy (Tablel) - As it canbe seenfrom the table,
thebestaccuray is achievedusingtheresponsdusionap-
proach. Although the mseis similar for the action fusion
approacthin casef staticsensor/meaing objectandmov-
ing sensor/statiobjectcon gurations,sd is higher The
reasorfor thisis the choiceof theunderlyingvoting space.
For example,if the color cueshaws a stableperformance
for a numberof frames,its weightwill be high compared
to the othercues(or it might have beensetto a high value
from the beginning). In somecaseslike in the caseof a
box of raisinspresentedh Fig. 7, two colorsareusedatthe
sametime. Whenan occlusionoccurs the positionof the



Figure7: Exampleimagesfrom araisin packageracking.

centerof the massof the color blob will changefast(and
sometimesn differentdirections)which resultsin abrupt
changesén bothdirectionandspeed Theothermethod e-
sponsdusion on the otherhand,doesnot suffer from this
which resultsin alower standardleviation value.

The comparisonof the performanceof the fusion ap-
proachesndtheperformancef theindividual cuesshavs
the necessityfor fusion. Imagedifferencesalonecannot
be usedin casesof moving sensor/statimbjectand mov-
ing sensor/muing objectcon gurationssincethereis no
ability to differ betweertheobjectandthebackgroundAs
mentionedearlier during mostof the sequencethetarget
undegoes3D motionwhich resultswith scalechangesnd
rotationsnotmodeledby SSD.It is obviousthatthesefac-
torswill affectthis cuesigni cantly resultingwith alarge
error asdemonstratedh the table. This problemmay be
solvedby usinga bettermodel(af ne, quadraticsee[15]).
It canalsobe seenthatthe color cueperformedbestof the
individual cues. In the caseof moving sensor/staticob-
jectafterthetrackingis initialized thecolor cue“sticks” to
the objectduring the sequencend, sincethe background
variesa little, the bestaccuray is achiezed comparedo
othercon gurations. During othertwo con gurationsthe
backgroundwill changecontainingalsothe color sameas
the target's. This distractsthe color tracker resultingin
increasederror. The error is larger in the caseof static
sensor/muing objectcomparedo moving sensor/mwing
objectsincein thetestsequencethe backgroundncluded
thetarget's color moreoften.

Reliability (Table 2) - The reliability is expressed
througha numberof successfutunswheretheaccurag is
obtainedusingthetexture basedweighting In Table2, the
obtainedreliability resultsare ranked showving that color
performsmostreliably comparedo otherindividual cues.
In certaincasesespeciallywhenthein uence of theback-
groundis not signi cant, this cuewill performsatisacto-
rily. However, it will easilygetdistractedf 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 attentionand variationsin lighting. In

staticsensor/ | moving sensor/ | maoving 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 varioussensombjectcon®gura-
tions(in pixels).

structuredernvironments,however, this cue may perform
well and may be consideredn casesof a single moving
targetwherethe sizeof thetargetis smallcomparedo the
sizeof theimage(or window of attention).

Fig. 8 shawvs trackingaccuray for the proposedusion
approachesnd for eachof the cuesindividually. The
plots and the table shav the deviation from the ground
truth value (in pixels). Thetargetis a packageof raisins.
During this sequencea numberof occlusionsoccur (as
demonstratedh the images),but the plots demonstratea
stable performanceof the fusion approachesluring the
whole sequence.The color cueis, however, “fooled” by
the box which is the samecolor asthe target. The plots
demonstrat@ow this cuefailsaroundframe300andnever
regainstracking after that. Thesetwo examplesclearly
demonstratehat tracking by fusionis more superiorthan
ary of theindividual cues.

5 Model BasedVisual Sewoing

Althoughsuitablefor anumberof tasks previousapproach
lacksthe ability to estimatepositionandorientation(pose)
of the object. In termsof manipulation,it is usually re-
quiredto accuratelyestimatethe poseof the objectto, for
example, allow the alignmentof the robot arm with the
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Figure8: Thecomparisorbetweerthegroundtruth, voting approacheandindividual cuesin caseof occlusiong®rst two rows). Third
row shavs errorplotsfor all approachesTablerepresentthe meanandstandardieviation from the groundtruth (in pixels). Someof the
imagesfrom thetrackingsequencareshavn 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

Table?2: Successatefor individual cuesandfusionapproaches.

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

A recentstudy of human visually guided graspsin
situationssimilar to that typically usedin visual seno-
ing control hasshawvn that the humanvisuomotorsystem
takesinto accounthethreedimensionajeometrideatures
ratherthanthetwo dimensionaprojectedmageof thetar
get objectsto plan and control the requiredmovements,
[16]. Thesecomputationsare more complex thanthose
typically carriedoutin visualsenoing systemsandpermit
humango operatdn largerangeof ervironments.

We have decidedo integrateappearancbasedandgeo-
metricalmodelsn ourmodelbasedrackingsystem.Many
similar systemsuse manualposeinitialization wherethe
correspondencbetweenthe model and objectfeaturesis
givenby theuser[14] or[10]). Althoughtherearesystems
wherethis stepis performedautomaticallythe approaches
aretime consumingandnot appealingor real-timeappli-
cations[13], [20]. Oneadditionalproblem,in our casejs
thatthe objectsto be manipulatedy the robotare highly
textured(seeFig. 9) andthereforenot suitedfor matching
approachebasedn, for example line featureqd29], [18],
[31].

After the objecthasbeenrecognizedandits positionin
the imageis known, an appearancéasedmethodis em-
ployed to estimateits initial pose. The methodwe have
implementedasbeeninitially proposedn [21] wherejust
three pose parametershave beenestimatedand usedto
move a robotic armto a prede ned posewith respectto
the object. Comparedo our approachwherethe poseis
expressedelative to the cameracoordinatesystem,they
expressthe poserelative to the currentarm con guration,
making the approachunsuitablefor robotswith different
numberof degreesof freedom.

Comparedto the systemproposedn [32], wherethe
network hasbeenentirely trained on simulatedimages,
we userealimagesfor trainingwhereno particularback-

CLEANER SODA CAN cup

@17

RAISINS SOuUP

FRUIT CAN s RICE

Figure9: Someof the objectswe wantrobotto manipulate.

groundwas considered.As pointedout in [32], theillu-
mination conditions(aswell asthe background)strongly
affect the performanceof their systemandthesecan not
be easily obtainedwith simulatedimages. In addition,
theideaof projectingjust the wire—framemodelto obtain
trainingimagescannotbeemployedin our casedueto the
objects'texture. Thesystenproposedn [29] alsoemplgys
a featurebasedapproachwherelines, cornersandcircles
areusedto provide theinitial poseestimate However, this
initialization approachs not applicablein our casesince,
dueto the geometryandtextural propertiesthesefeatures
arenoteasyto extractwith high certainty

Our model basedtracking systemis presentedin
Fig. 10. During the initialization step,the initial poseof
the objectrelative to the cameracoordinatesystemis esti-
mated. The main loop startswith a predictionstepwhere
thestateof theobjectis predictedusingthecurrentposees-
timateanda motionmodel. Thevisible partsof the object
arethenprojectednto theimage(projectionandrendering
step).After the detectionstep,wherea numberof features
are extractedin the vicinity of the projectedones,these
new featuresare matcedto the projectedonesand used
to estimatethe new poseof the object. Finally, the calcu-
latedposeis input to the updatestep. The systemhasthe
ability to copewith partialocclusionsof the object,andto
successfullyrackthe objectevenin the caseof signi cant
rotationalmotion.

5.1 Prediction and Update

The systemstatevector consistsof three parametergle-
scribingtranslationof the target,anotherthreefor orienta-
tion andanadditionalsix for the velocities:

x= X;Y;Z;f;y;6X;Y;Z;f;y:9 (26)
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Figure10: Block diagramof themodelbasedrackingsys-
tem.

wheref , y andgrepresentoll, pitch andyaw angles[8].
Thefollowing piecaviseconstantvhite acceleratiomodel
is considered3]:

Xk 1= FXxe+ Gy

(27)
Zx = HXg+ wy
wherevy is a zero—mearnwhite acceleratiorsequencewy
is themeasurememioiseand

h i
s 6 DTlg 6 .

2
F= %% 5% Zlos : H=[156j0] (28)

DTlg ¢
For predictionandupdatethea b lter is used:

Xi 1jk = FiXk
24 1jk = HXies 15 (29)

Kicr 1jkr 1 = Xier gjk ¥ WlZkse 1 Zis 2]

Here,the poseof thetametis usedasmeasuremerrather
than image features,as commonly usedin the literature
(see,for example,[9], [13]). An approachsimilar to the
onepresentedhereis takenin [31]. Thisapproactsimpli-
es thestructureof the Iter which facilitatesa computa-
tionally more ef cient implementation.In particular the
dimensionof thematrix H doesnot depencon the number
of matchedfeaturesin eachframebut it remainsconstant
duringthetrackingsequence.

5.2 Initial PoseEstimation

Initialization stepusesthe ideasproposedn [21]. During
training, eachimageis projectedasa point to the eigen-
spaceand the correspondingposeof the objectis stored

Figure11: On theleft is the initial poseestimatedusing
PCA approach.On theright is the poseobtainedby local
re nementmethod.

with eachpoint. For eachobject,we have used96 training
images(8 rotationsfor eachangleon 4 differentdepths).
Oneof thereasondor choosingthis low numberof train-
ing imagesis the workspaceof the PUMA560robotused.
Namely the workspaceof the robot is quite limited and
for our applicationghis discretizationrwassatishictory To
enhancehe robustnessith respecto variationsin inten-
sity, all imagesare normalized. At this stage the size of
thetrainingsampleds 100 100 pixelscolorimages.The
training procedurdakesabout3 minuteson a Pentiumill
550runningLinux.

Given an input image, it is rst projectedto the
eigenspaceThecorrespondingarameterarefoundasthe
closestpoint on the posemanifold. Now, the wire-frame
model of the objectcan be easily overlaid on the image.
Sincea low numberof imagesis usedin the training pro-
cessposeparametersvill notaccuratelycorrespondo the
inputimage. Therefore alocal re nementmethodis used
forthe nal tting, seeFig. 11. Thedetailsaregivenin the
next section.

During thetrainingstep,it is assumedhatthe objectis
approximatelycenteredn theimage. During taskexecu-
tion, the objectcanoccuyy anarbitrarypart of theimage.
Sincethe recognitionstepdeliversthe image position of
the object, it is easyto estimatethe offset of the object
from theimagecenterandcompensatéor it. Thisway, the
poseof the objectrelative to the camerdramecanalsobe
arbitrary

An example of the poseinitialization is presentedn
Fig. 12. Here,the poseof the objectin thetrainingimage
(far left) was: X=-69.3,Y=97.0,27=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) followed by theintermediatémagesof the®tting step.

Y=97.3,7=899.0,f=6.3, y=14.0 and g=1.7 (far right),
shaving the ability of the systemto copewith signi cant
differencesn poseparameters.

5.3 Detectionand matching

When the estimateof the object’s poseis available, the
visibility of eachedgefeatureis determinedandinternal
camergarameterareusecdto projectthemodelof the ob-
ject onto the imageplane. For eachvisible edge,a num-
berof imagepointsis generatecdlongthe edge.Socalled
tracking nodesare assignedat regular intervals in image
coordinatesalong the edgedirection. The discretization
is performedusing the Bresenhanalgorithm[12]. After
that,a searchs performedfor the maximumdiscontinuity
(nearbyedge)in theintensitygradientalongthe normaldi-
rectionto theedge.Theedgenormalis approximatedvith
four directions:f  45;0;45;90g degrees.

In eachpoint p; alonga visible edge,the perpendicu-
lar distancedi'-’ to the nearbyedgeis determinedusing a
one—dimensionadearch.The searchregion is denotedby
fs’;j 2 [ s §g. Thesearchstartsat the projectedmodel
point p; andthe traversalcontinuessimultaneouslyn op-
posite searchdirectionsuntil the rst local maximumis
found. The size of the searchregion s is adaptve and
inverselydependsn the distanceof the objectsfrom the
camera.

After the normal displacementsare available, the
methodproposedn [10] is used. Lie groupandLie al-
gebraformalismareusedasthe basisfor representinghe
motionof arigid bodyandposeestimation. Themethodis
alsorelatedto thework presentedn [33] and[34]. Imple-
mentationdetailscanbefoundin [19].

5.4 Sewoing Basedon ProjectedModels

Oncethe poseof the objectis available,ary of the seno-
ing approachegan be employed. The following section

presenthow a model basedtracking systemcan be used
bothfor imageandpositionbasedvisual senoing.

5.4.1 Position BasedServoing

Let us assumehe following scenario:the taskis to align
the end-efectorwith respecto anobjectandmaintainthe
constantposewhen/if the objectstartsto move. It is as-
sumedherethata modelbasedrackingalgorithmis avail-
ableandonestand—aloneamergnotattachedo therobot)
is usedduringthe executionof thetasks seeFig 13. Here,

Figure 13: Relevant coordinateframesandtheir relation-
shipsfor the“Align—and-track’task.

OX s representthedesiredposebetweertheobjectandthe
end—efectorwhile ©Xg representshe current(or initial)
posebetweenthem. To performthe task using the posi-
tion basedsenoing approachthe transformatiorbetween
the cameraandthe robot coordinateframes,©Xg, hasto
beknown. The poseof theend-efectorwith respecto the
robot basesystem,?X is known form the robot's kine-
matic. The modelbasedvisual tracking systemestimates
theposeof theobjectrelative to the cameracoordinatesys-
tem,©Xo.

Let us assumehatthe manipulatoris controlledin the
end-efectorframe.Accordingto Fig. 13,if 9Xg = ©Xg



Figure 14: A sequenceof a 6DOF visual control: From an arbitrary starting position (upperleft), the end—efector is
controlledto a prede nedreferencepositionwith respecto thetargetobject,(upperright). Whenthe objectstartsmoving,
the visual systemtracksthe poseof the object. The robotis thencontrolledin a position basedframevork to remaina

constanposebetweerthe gripperandthe objectframe.

Figure15: Startpose destinatiorposeandtwo intermediatgposesn animagebasedvisualseno approach.

then RXg = RXg. The error functionto be minimized
may thenbe de ned asthe differencebetweerthe current
andthe desiredend-efectorpose:

DRtc= Rtg  Rtg

(30)
DRac= "oc  Rag

Here, Rtg and Rgg are known from the forward kine-

maticsequationsand Rt and Rgg have to be estimated.

The homogeneougransformationbetweenthe robot and

desiredend—efectorframeis givenby:

FXg= "Xc “Xo Xg (31)

The posebetweenthe cameraand the robot is estimated
off-line andthe poseof the objectrelative to the camera
frameis estimatedusingthe modelbasedrackingsystem
presentedn Section3. Expandingthe transformationsn
(Eq.31)weget:

RtG = RRC Céo OIG + RRC Cfo+ th (32)
where ©Ro and St represenpredictedvaluesobtained
from thetrackingalgorithm. Similar expressiorcanbeob-
tainedfor the changein rotationby usingthe addition of

angularvelocities(seeFig. 13) and[8]:

RWG = RV\b + RRC C\’ivo+ RRC cﬁo OWG (33)

Assuminghatthe RRc and R areslowly varyingfunc-
tionsof time, integrationof "W gives[30]:

Rast Rac+ RRc Cdo+ "Re “Ro ©gg (34)
Substituting(Eg. 32) and(Eqg. 34) into (Eq. 30) yields:
DRts= Rt Rtc RRc o RRc °Ro Ctg
DRict Roc Rac "RcCdo  RRc “Ro Cdg 49
whichrepresentsheerrorto be minimized:
= pre (36)

After the error function is de ned, a simple proportional
controllaw is usedto drive the errorto zero. The velocity
scrav of therobotis de ned as':

gt Ke (37)

Using the estimateof object's poseandde ning the error
functionin termsof pose all six degreesof freedomof the
robotarecontrolledasshovnin Fig. 14.

5.4.2 ImageBasedSewoing

In mary caseghe changen the poseof the objectis sig-
ni cant andcertainfeaturesarelikely to getoccluded.An

11t is straightforvardto estimatehedesiredvelocity scrav in theend+
effectorcoordinatdrame.



Figure 16: An experimentwherethe robot movesup to the table,recognizesherice box, approached, picksit up and

handst overto theuser

exampleof suchmotionis presentedn Fig. 15. A model
basedtracking systemallow usto useimagepositionsof
features(for example,end—pointf object's edges)even
if they arenot currentlyvisible dueto the poseof the ob-
ject. An imagebasedapproactcanthereforesuccessfully
be usedthroughouthe whole senoing sequenceln addi-
tion, sincea larger numberof featureds availableaswell
asthe depthof the object,a feedbackirom onecamerais
sufcient for performingthetask.

In ourexample theerrorfunction,e(f), is de nedwhich
is to beregulatedto zero. Thevectorof the nal (desired)
imagepoint featurepositionsis denotecby f andthevec-
tor of their currentpositionsby f¢. The task consistsof
moving the robot suchthat the Euclidian norm of the er-
ror vector(f %) decreasesHence,one may constrain
theimagevelocity of eachpoint to exponentiallyreachits
goalpositionwith time. Thedesiredbehaior is then:

f=Kef)=K(f (38)

whereK is adiagonalgainmatrix thatcontrolsthe corver-
gencerateof thevisualserwing. From[1] arobotvelocity
scrav may becomputedising:

Ca=K J'(a) ) (39)
whereJ' is a (pseudo-)imerseof theimageJacobian.

6 Example Tasks
The following two sectionsshav additionalexamplesof

how the presentedvisual systemswere usedfor robotic
tasks.

6.1 Mobile Robot Grasping

Here, we considerthe problemof real manipulationin a
realisticervironment- aliving room. Similarly to the pre-
vious example, we assumethat a numberof prede ned
graspss given andsuitablegraspis generateaiepending
on the currentposeof the object. The experimentshavs
a XR4000 platform with a hand-mountedccamera. The
taskis to approachthe dinnertable wherethereare sev-
eral objects. Therobotis instructedto pick up a package
of rice having an arbitrary placement. Here, Distributed
Control Architecture[22] is usedfor integrationof thedif-
ferentmethodsdnto afully operationakystem.To perform
thetask,objectrecognition,voting based?D trackingand
modelbased3D trackingareused. The detailsof the sys-
tem implementationare reportedin [2]. Theresultsof a
missionwith theintegratedsystemareoutlinedbelow.

The sequencén Fig. 16 shovs therobotstartingat the
far endof theliving room, moving towardsa point where
agoodview of thedinnertablecanbe obtained.After the
robotis instructedto pick up therice packageit locatesin
the sceneusingthe systempresentedn Section3.1. Af-
ter that, the robot moves closerto the table keepingthe
rice packagecenteredin the image using the 2D track-
ing systempresentedn Section4. Finally, the gripperis
alignedwith the objectandgraspings performed.Thede-
tails aboutthe alignmentcanbefoundin [27].



6.2 Model BasedTracking for Slippage De-
tection

The ability of arobotic systemto generatéoth a feasible
and a stablegraspaddsto its robustness. By a feasible
grasp,a kinematicallyfeasiblegraspis considered.By a

stablegrasp,a graspfor which the objectwill not twist

or slip relative to the end-efector. Here,the latterissueis

consideredAsideto pick uptheobject,ataskfor therobot

may be to also placethe objectto somedesiredposition

in the workspace. If thatis the case,after the objectis

graspedataskmonitoringstepmaybeinitiated. Thebasic
ideais that,evenif theplanedgraspwasconsideredtable,
whenthe manipulatorstartsto move the objectmay start
to slide. If the graspis stable,therelative transformation
betweenthe manipulator(gripper) and the objectframes
shouldbe constant. Sincetactile sensingis not available
to us at this stage,our vision systemis usedto track the

objectheld by the robot and estimateits poseduring the

placementask. The estimatedposeof the objectis then

usedto estimatethe changebetweenthe objectandhand
coordinateframes. For a stablegraspthis changeshould
beideally zeroor very small.

In Fig. 18 andFig. 19, the variationin the hand/object
transformatioris presented.Two casesbtainedduring a
stablegraspandagraspwheretheobjectslid fromthehand
areshavn. Comparinghe gures, we seeasigni cant dif-
ferencein the transformatiorplots. The mostsigni cant
changds obsenedfor dX anddZ whichis for dX approx-
imately 100mmandfor dZ almost150mm.Thesechanges
arecausedy theobjectbeingremovedfrom thegripperin
Fig. 19, seeFig. 17.

Figure 17: Remwing the objectfrom the gripper - the object
is tracked during the whole sequence The poseof the objectis
usedto estimatethe changen object/grippetransformationThe
resultsarepresentedn Fig. 19.

7 Conclusion

Dueto the real-world variability, it is not enoughto con-
sider only control level robustness. It is equally impor-
tantto considethow imageinformationthatsene asinput
to the control processcanbe usedso asto achieve robust
andef cient control. In visualsenoing, providing arobust
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Figure18: Changen translatiorbetweerthe gripperandobject
framesduring a stablegrasp. The changein dX;dY anddZ is
very smallandmostlylessthan10 mm.

dX [mm]

dY [mm]

dz [mm]

0 50 100 150 300 350 00 450

o
frame number

Figure19: Changen translatiorbetweerthe gripperandobject
frameswhentheobjectwasremovedfrom thegripper Compared
totheplotfor astablegrasp(Fig. 18),thechanges approximately
100mmfor dX and150mmfor dZ component.

visual feedbackis crucial to the performanceof the over
all system. It is well known that no single visual feature
is robust to variationsin geometry illumination, camera
motion and coarsecalibration. In addition, no single vi-
sualsenoing techniquecaneasilybetailoredto copewith
large scalevariations.For constructiorof realisticsystems
thereis consequentlya needto formulatemethodsfor in-
tegrationof a rangeof differentsenoing techniques.The
techniquediffer in termsof the underlyingcontrol space
(position/image/hybridandtype of visualfeaturesusedto
provide the necessarymeasurement&D/3D). We argue
thateachof thesetechniquesnustcarefully considethow
modelsmultiple cuesandfusioncanbeutilizedto provide
thenecessaryobustness.

In this paper we have takena rst steptowardsthede-
sign of sucha systemby presentinga rangeof different
vision basedtechniquedor objectdetectionandtracking.
Particularemphasifiasbeenputon useof computationally
tractablemethodsn termsof real-timeoperationin realis-
tic settings.The ef ciency hasin particularbeenachieved



throughcarefulconsideratiorof tasklevel constraints.

Throughadaptatiorof ataskorientedframenork where
the utility of differentcuesare consideredogetherwith
methoddor integrationit is possibleto achiere desiredro-
bustnessTaskconstrainthiereallow dynamicselectionof
cues(in termsof weights),integrationandassociatedon-
trol methodologysoasto allow visualsenoingoverawide
rangeof work conditions.Suchanapproachs for example
neededn caseof mobilemanipulatiorof objectsin service
roboticsapplications.The useof the developedmethodol-
ogy hasbeendemonstrateavith a numberof examplesto
illustratethe systems performance.

An open problem in the presentedmethodologyis
the optimal balancebetweendifferentvisual serwing ap-
proachesas well asthe amountand type of information
sharedbetweenthem. An integral part of the future re-
searchwill considettheseissues.
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