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Abstract

Efficientreal-timerobotictasksusinga monocularvision
systemwere previously developedwith simpleobjects(e.g.
white pointson a bladk badground),within a visual servo-
ing context. Due to recentdevelopmentsit is now possible
to designreal-timevisual tasksexploiting motion informa-
tionin theimage, estimatedy robustalgorithms.Thispaper
proposesud anappoad to track comple objects sud as
a pedestrianlt consistsn integrating the measued 2D mo-
tion of theobjectto recoverits 2D-positionin theimage. The
principle of the tracking taskis to contmol the camen pan
andtilt suc that the estimatedcenterof the objectappeas
at the centerof the image. Real-timeexperimentalresults
demonstatethe efficiencyandthe robustnes®f the method.

1. Introduction

An ohviousapplicationof collaboratiorbetweerrobotics
and computervision, in particularwith “eye-in-hand”sys-
tems,is the pursuitof a moving object. It mayindeedbe of
greatinterestto performsurwillancetasks. Several papers
have dealtwith thisissue,on bothsidesof theproblem.

First,researcliealingwith theroboticsaspects generally
notinterestedn visionproblemshputin controlstratgy. Asa
consequenceéhereis oftena very stronga priori knowledge
on the obsened object,in orderto validatethe control law.
Mostof theseworks|[3, 6, 8, 14] usea quasi-binarymageto
easilyseparatehetargetfrom the background.

On anotherhand,several works have emphasizedn the
visual processingroblemof recovering the target centerof
gravity (c.o.g.) while usingwell set-onmethodsto control
thisestimategosition. For example,methodsusedin [2, 12]
only allow to track a small object, or at the best, an ob-
jectwhich coversa muchsmallerpart of theimagethanthe
backgroundA 2D affine motionmodelis computedetween
two successieimagesandthesecondmageis compensated
with the oppositemotion. Thresholdingthe differencebe-
tweenthisreconstructeimageandtheoriginal onegivesthe
positionof the object. Theideain [10] is quitethe sameex-
ceptcompensatioris basedon the measurednotion of the
cameraand thus larger objectscan be tracked. In [16], a
cornerdetectionalgorithmyieldsthe positionof a particular

point of the object. Finally, in [1, 4, 9, 11] a stereo-vision
systemis usedto build a 3D modelof the objectmotion.
Recentlyit wasshavn thatvisual senoing basedon dy-
namicmeasurement{s, 15, 18] canbeexploitedin real-time
applications. The main interestis that estimationof 2D-
motion model doesnot requireary visual marks, but only
a sufficiently contrastingtexture to reliably measurespatio-
temporalgradients.Hence,a singlemoving objectcould be
tracked by regulatingits apparenspeedto zero. However,
applicationof thevision-basedontrolin this caseraisesthe
problemof increasinghederivationorderby onecompared
to usinggeometrianeasurement§-his mayleadto comple
and quite unstablecontrol laws. Therefore,we proposeto
retrieve the target c.0.g. by integratingits speed.Then,we
canapplyclassicatontrollaws,designedor geometrianea-
surementsin orderto keepthe moving objectof interestat
theimagecenterto achieve the pursuittask.In Section2, we
briefly recallhow we canestimatehemotionmodelandhow
we candeducethe objectc.o.g.. In Section3, we detailthe
wholetrackingtaskandreportexperimentakesults.In Sec-
tion 4, we outlinetheapplicationof our methodto pedestrian
tracking.Section5 containsconcludingremarks.

2. Object location from 2D-motion

Ouraimis to controltherobotmotionby classicaimage-
basedechniquesbut without any a priori knowledgeonthe
imagecontent.Thesolutionproposedis to retrieve geometric
featuredyy integratingdynamicmeasurementsvertime.

Let usdenotes = (x,y)7, the 2D projectionattime ¢ of
a 3D point M, ands its apparenspeedn theimage. s can
obviouslyberecoveredknowing theprojectionpositionsg at
time0 andtheevolu}ion of s overtime, by:

s=so+/ $dt
0

k
s=so+ » & 0t; (indiscreteform)
i=1

(in continuougsform)

1)

with §; beingtheith measurementf § anddt;, thetime
durationbetweer(i—l)th andit" measurements.
Themotionmodelusedo approximatespeedn theimage
is anaffine onewith 6 parameterasfollows (se€[7, 17)):
:{U = a1 + a2 + asy @)
Yy = a4+ asr+ agy
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whereT = (T, Ty, T.) andQ = (2, 2y, Q2.) respectiely
representhe translationakindthe rotationalcomponent®f
thekinematicscrev associatevith therelative rigid motion
betweerthe camera@rameandthe objectframe. Z = Z, +
v1 X +72Y istheequatiorof theplanarapproximatiorof the
objectsurfacearoundthe consideregoint, expressedn the
camerdrame. Of course pthermodels(e.g. constantcould
be usedto estimatethe positionof theimagecenter In fact,
thereis anecessargompromiseo find betweeraccurag of
theestimatiomrandcomputatiodoad.

Motion model estimation algorithm Motion parameters
a; arecomputedusingthemulti-resolutionrobustestimation
method(RMR algorithm)describedn [13]. A Gaussianm-
agepyramid is constructedat eachinstant. Let ©; be the
vector of the six affine motion model parameterst instant
t. Onthecoarseslevel, thefirst estimationof ©; consistan
minimizing with respecto ©; thefollowing criterion:

C(©) =Y p(r(p,01))

with 7(p, ©;) = VI(p,t).we,(p) + I:(p,t), wherepointsp
areall thepointsof theimage,! is theintensityfunction,VI
andl, its spatialgradientandtemporalderivative, we, (p) is
the velocity vectorat point p providedby ©;. p is arobust
estimatorwe take Tukey’s biweightfunction.

Then,we useanincrementaktratayy. Let ©F bethe esti-
mateof ©, atiterationk. We have ©F = ©; + A®F. Suc-
cessierefinementsA®@Faregivenby:

A®F = arg glér; ; p(r' (ABF))
with r'(A®F) = VI(p + wgy (p),t + 1).-waer (p) + I(p +

~ ~ —k
wg (p),t+1) —I(p,t). Then,we geter = 0, + AO, and
we iterate.Estimationat a finer resolutionlevel is initialized
by the valueobtainedat the precedingcoarseione.

3. Tracking a moving obj ect

The goalof thetrackingtaskis to controlthe camergpan
andtilt suchthata detectednobile objectremainsprojected
atthecenterof theimage.We arenotinterestederein prob-
lemssuchasocclusionsor multiple moving objects.

3.1. Detection of the maobile object

The detectionof the mobile object hasto be first per
formedto obtainits initial projectionmaskon the image.
Sincewe donotexploit ary apriori informationonthetamet,
thisdetectiorstepis achievedusingtheonly propertytheob-
jectundegoesmotion. Thecameraemainingstaticuntil the

mobileobjectis detectedthe objectlocationis simply deter
minedby differencebetweerntwo successieimages.n prac-
tice, becausef noisein the images,we usea local spatial
averageof imageintensities.Then,by consideringa thresh-
old differencebetweenwo successie averagedmageswe
getabinaryimageseparatingnoving zonedrom staticones.
Thecenterof gravity of the maskgivestheinitial positionto
beregulatedto zero.

3.2. Control law

Oncethe centerof gravity (c.0.g.) of thetamgetestimated
from (1), we canresortto a standarccontrol law to realize
theregulationof this estimated®D position.

The desiredpositions* of s = (z,y)7 beingtheimage
center(s* = (0,0)T), s canbeviewedasthevectorof error.
Thevisualserwinggoalis thento bringandmaintainthis er-
ror to zeroby controllingthe cameravelocity. To designthe
controllaw, we usetherelationbetweerthetemporalvaria-
tion of s andthe cameramotion. As this motionis restricted
to rotationsaroundthe z andy axes,we getfrom (2):

. Qc,m Os : _ Ty (_1 - 1'2)
s_L< Qe >+ ot with L = [

1+y*) —ay
where% representshe 2D motion of the targetc.o.g. and
Q. the camerarotation. Specifyingan exponentialdecayof
theerrorwith gain A (§ = —\s), thecontrollaw is givenby:

Q ds
Cc,T — _ L—l _L—l_
(o )=wms-g o

Thefirst term of this controllaw allows usto reachcorver
gencewhenthe obsenedobjectbecomesnotionless.To re-
move the tracking errorsdueto the objectown motion, the
secondterm hasto be addedand can be estimatedas ex-

plainedin [5] by: —~
Os

ot
wheres is suppliedby (2) andthe motion parametergro-
vided by the estimationalgorithm,and (. is the measured
camerarotationalvelocity. As describedn [5], the estima-
tion 22 of 22 is filtered using a Kalmanfilter involving a
constantaicceleratioomodelwith correlatechoise.

=35-IQ. 4)

3.3. Results

Thetrackingtaskhasbeentestedwith a cameramounted
onapanandtilt cell. Imagesof size256 x 256,acquiredby
aSunMdeoboardareprocessedn anUltraSparcstation.

To evaluatethe accurag of our control law, we have to
comparethe true c.o.g. of the objectto the estimatedone.
As we cannotextractin a real-timeschemean exact mea-
suremenbf the c.0.g. whendealingwith a comple object,
thecontrollaw hasbeerfirst testedwith a simpletargetfrom
which we can easily extract geometricfeatures. The posi-
tion usedin our controlloop of courseremaingheestimated



one. The consideredobjectin this first experimenthasa
blacksurfacewith four white disksforming asquargseethe
initial imageon Fig 1a). An imageprocessinglgorithmrun-
ning at videoratedeliversthe positionof the c.o.g. for each
disk. The computeddisplacementsf this four centersand
the measuredime intenval betweentwo successie images
provide thevelocity of eachof them,andthusparametera;
usingthelinearsystem(2).

The samekind of experimenthasbeencarriedout with
a textured squarefrom which no geometricfeaturescanbe
easilycomputedseetheinitial imageon Fig 1b). To ensure
aprocessingateascloseaspossibleto thevideorate,only a
constanimotionmodelis consideredn the RMR algorithm.
Theprocessingatereacheds about20imagespersecond.

The sameinitial conditionsweretakenfor thetwo exper
iments,concerningpositionsof thetargetandof thecamera.
In both casesthe tamgetis translatingalong a rail alterna-
tively to the right andto theleft at constanspeedwith a4
secondgausebetweerthe two motion phasesFirst (till it-
eration800),the objectspeedvas8 cm/sandthen,it was30
cm/s. Thecameras aboutl m away from theobjectwhichis
in thefield of view beforeit startsmoving, but notnecessarily
atthe center A wassetto 1.5.
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Figure 1. a) Four points object. b) Real square

For the first experiment,the differencebetweenthe esti-
matedc.o.gandthe true onewasalwayslessthan0.5 pixel.
Thus,sinceintegratingcausesho drift, we canconcludethe
estimationof the c.0.g. is reliable. Furthermore previous
experimentsvereconductedo compareestimationerrorsof
theconstanparameterbetweerthe RMR algorithmandthe
oneusedfor the four pointsobject. They shoved that esti-
mationerrorsarenot greatemwith the RMR algorithm.

The estimateddisplacementf the objectcenterfor the
real squareexperiment,is plottedin Fig 2. This experiment
shaws that corvergenceis correctly obtainedfor an initial
gapof about40 pixels (it is broughtto zeroin lessthan40
iterationsevenif theobjectmotionis initially ontheopposite
directionof theimagecenter).At eachabruptchangen the
target motion (stop or start), thereis an overrundueto the
Kalmanfilter reactingtime, but corvergences still obtained.

4. Tracking a pedestrian

The previous applicationwas devotedto the tracking of
rigid objects.Let us point out thatthe estimationof 2D mo-
tion parametersvith the robust RMR methodinvolvesthe
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Figure 2. Estimated c.o0.g. (in pixel)
discardingof non-coherentocal motionsconsideredisout-
liers. Therefore secondarymotionsrelatedto deformations
of non-rigidobjects(suchasahumanbeing)do notaffectthe
estimationof the dominantmotion. Our pursuitschemehas
thusbeentestedfor thetrackingof pedestrian.

Fig 3a displaysthe maskof a pedestriarresultingfrom
the detectionstep,wheremoving zonesappeaiin white. In
fact, the estimationusesits dilatationby the structuringele-
mentcorrespondingo a5x 5 pixel square Fig 3bpresentsn
imageacquiredduringthetrackingphase.Thewhite rectan-
gle representshe including rectangleof the detectedmask.
The motion estimationis donein this window, andthe ini-
tial weightingvaluesin the IRLS procedureare equalto 1
(resp. 0) if the point belongs(resp. doesnot belong)to the
detectedmask. At eachiteration, the computationwindow
movesto its predictedpositionprovided by the Kalmanfil-
ter. Thewhite crossis theestimated.0.g.of thepedestrian.
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Figure 3. a) Detected mask. b) Pedestrian with
the estimation window and estimated c.o0.g.

Fig 4 containsone image over 10 (approx. 2 per sec-
ond) of the sequencerocessedh real-timeby the tracking
scheme.Motion of the personis first sidevays,andnot al-
waysfacingthe camera.Thenthe pedestriarcomesbackto
thecameraOneachimage theestimated.o.gis represented
by a black cross(+) andtheimagecenterby a black square
(0). Despitethe compleity of motion andthe walk speed
(about4 km/h), the pedestriaralways appearst the center
This demonstrateshe robustnessf the motion estimation
algorithmand of the control scheme.Smalltrackingerrors
appeayrdueto alwaysvarying2D speef thepedestriamnd
reactingtime of the Kalmanfilter, but are alwayslessthan
8 pixels. Onimagesl0 to 13, anotherpersoncrosseshe
tracked one. In spite of this perturbingsupplementaryno-
tion, thecameras still fixating atthe selectecperson.

5. Conclusion

Resultgpresentedh this paperhave proventhattrackinga
realobject,displayingno prominenfeaturescanbesuccess-
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Figure 4. Tracking of a pedestrian. Every 10t frame of the sequence are displayed (approximately 2
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frames per second). Symbol + stands for c.0.g of the pedestrian and o for the center of the image

fully achieved by visual serwoing. Moreover, this was per
formedwhatesertheobjectsizeandshape Thisis solvedby
recovering positionof the objectcenterby integrationof its
apparentelocity. The proposednethodrunscloseto video
rate. It hasbeenvalidatedfor peopletrackingand provides
satishctoryresultsdespitenon-rigidity of a humanbeing. If
neededhis applicationcould be improved with a more so-
phisticatedletectiorstepwhich couldbeableto rejectmasks
thatdo not correspondo a humansilhouette.
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