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Abstract

Efficientreal-timerobotictasksusinga monocularvision
systemwere previouslydevelopedwith simpleobjects(e.g.
whitepointson a black background),within a visual servo-
ing context. Due to recentdevelopments,it is nowpossible
to designreal-timevisual tasksexploiting motion informa-
tion in theimage, estimatedbyrobustalgorithms.Thispaper
proposessuch anapproach to track complex objects,such as
a pedestrian.It consistsin integrating themeasured2D mo-
tion of theobjectto recover its 2D-positionin theimage. The
principle of the tracking task is to control the camera pan
andtilt such that theestimatedcenterof theobjectappears
at the centerof the image. Real-timeexperimentalresults
demonstratetheefficiencyandtherobustnessof themethod.

1. Introduction

An obviousapplicationof collaborationbetweenrobotics
and computervision, in particularwith “eye-in-hand”sys-
tems,is thepursuitof a moving object. It may indeedbeof
greatinterestto performsurveillancetasks. Several papers
havedealtwith this issue,onbothsidesof theproblem.

First,researchdealingwith theroboticsaspectis generally
notinterestedin visionproblems,but in controlstrategy. As a
consequence,thereis oftena verystronga priori knowledge
on the observedobject,in orderto validatethe control law.
Mostof theseworks[3, 6, 8, 14] useaquasi-binaryimageto
easilyseparatethetargetfrom thebackground.

On anotherhand,severalworks have emphasizedon the
visualprocessingproblemof recoveringthe targetcenterof
gravity (c.o.g.) while usingwell set-onmethodsto control
thisestimatedposition.For example,methodsusedin [2, 12]
only allow to track a small object, or at the best, an ob-
ject which coversa muchsmallerpartof the imagethanthe
background.A 2D affinemotionmodelis computedbetween
two successiveimages,andthesecondimageis compensated
with the oppositemotion. Thresholdingthe differencebe-
tweenthisreconstructedimageandtheoriginalonegivesthe
positionof theobject.Theideain [10] is quitethesameex-
ceptcompensationis basedon the measuredmotion of the
cameraand thus larger objectscan be tracked. In [16], a
cornerdetectionalgorithmyieldsthepositionof a particular

point of the object. Finally, in [1, 4, 9, 11] a stereo-vision
systemis usedto build a 3D modelof theobjectmotion.

Recently, it wasshown thatvisualservoing basedon dy-
namicmeasurements[7, 15, 18] canbeexploitedin real-time
applications. The main interestis that estimationof 2D-
motion modeldoesnot requireany visual marks,but only
a sufficiently contrastingtexture to reliably measurespatio-
temporalgradients.Hence,a singlemoving objectcouldbe
tracked by regulating its apparentspeedto zero. However,
applicationof thevision-basedcontrolin this caseraisesthe
problemof increasingthederivationorderby onecompared
to usinggeometricmeasurements.Thismayleadto complex
andquite unstablecontrol laws. Therefore,we proposeto
retrieve the targetc.o.g. by integratingits speed.Then,we
canapplyclassicalcontrollaws,designedfor geometricmea-
surements,in orderto keepthemoving objectof interestat
theimagecenterto achievethepursuittask.In Section2, we
briefly recallhow wecanestimatethemotionmodelandhow
we candeducetheobjectc.o.g.. In Section3, we detail the
wholetrackingtaskandreportexperimentalresults.In Sec-
tion 4, weoutlinetheapplicationof ourmethodto pedestrian
tracking.Section5 containsconcludingremarks.

2. Object location from 2D-motion

Ouraimis to controltherobotmotionby classicalimage-
basedtechniques,but without any a priori knowledgeon the
imagecontent.Thesolutionproposedis to retrievegeometric
featuresby integratingdynamicmeasurementsover time.

Let usdenote�������
	���
�� , the2D projectionat time � of
a 3D point � , and �� its apparentspeedin the image. � can
obviouslyberecoveredknowing theprojectionposition ��� at
time0 andtheevolutionof �� over time,by:����� �������� ���� � (in continuousform)������� �"!# $&%(' �� $*) � $ (in discreteform)

(1)

with �� $ beingthe ith measurementof �� and

) � $ , the time
durationbetween(i-1)th andith measurements.

Themotionmodelusedto approximatespeedin theimage
is anaffineonewith 6 parametersasfollows(see[7, 17]):+ �� � , ' � ,.-/� � ,.0/��� � ,21 � ,.3/� � ,.4/� (2)
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where KL�M��KNIO	�K A 	�KPFH
 and ?Q�R�S?�IO	T? A 	T?�FH
 respectively
representthe translationalandthe rotationalcomponentsof
thekinematicscrew associatedwith therelativerigid motion
betweenthecameraframeandtheobjectframe. UV�WU(X �B 'ZY � B�-/[ is theequationof theplanarapproximationof the
objectsurfacearoundtheconsideredpoint, expressedin the
cameraframe.Of course,othermodels(e.g.constant)could
beusedto estimatethepositionof theimagecenter. In fact,
thereis a necessarycompromiseto find betweenaccuracy of
theestimationandcomputationload.

Motion model estimation algorithm Motion parameters, $ arecomputedusingthemulti-resolutionrobustestimation
method(RMR algorithm)describedin [13]. A Gaussianim-
agepyramid is constructedat eachinstant. Let \ � be the
vectorof the six affine motion modelparametersat instant� . On thecoarsestlevel, thefirst estimationof \ � consistsin
minimizingwith respectto \ � thefollowing criterion:] �^\ � 
_� # Xa` ��b��dc
	Z\ � 
�

with b��dc
	Z\ � 
E�aegf*�dc(	���
Zh ikjml��nc*
 � f � �dc(	���
 , wherepoints c
areall thepointsof theimage,f is theintensityfunction, egf
and f � its spatialgradientandtemporalderivative, ikjmlo�dcN
 is
thevelocity vectorat point c providedby \ � . ` is a robust
estimator, we take Tukey’sbiweightfunction.

Then,weuseanincrementalstrategy. Let \ !� betheesti-
mateof \ � at iteration p . We have \ !� �M\ � �Cq \ !� . Suc-
cessive refinementsq \ !� aregivenby:q \ !� �CrtsTu�vgw&xy j
zl # X{` �|b<}~� q \ !� 
�

with b } � q \ !� 
��Qegf*�dc � i��j zl �nc*
Z	�� �C� 
Zh i y j(zl �dcN
 � f*�dc �i �j(zl �dc*
/	�� ��� 
N9�f*�dc
	���
 . Then,weget �\ !� �{�\ � ���q \ !� and
we iterate.Estimationata finer resolutionlevel is initialized
by thevalueobtainedat theprecedingcoarserone.

3. Tracking a moving object

Thegoalof thetrackingtaskis to control thecamerapan
andtilt suchthata detectedmobileobjectremainsprojected
atthecenterof theimage.Wearenot interestedherein prob-
lemssuchasocclusionsor multiplemoving objects.

3.1. Detection of the mobile object

The detectionof the mobile object has to be first per-
formed to obtain its initial projectionmaskon the image.
Sincewedonotexploit any apriori informationonthetarget,
thisdetectionstepis achievedusingtheonly propertytheob-
jectundergoesmotion.Thecameraremainingstaticuntil the

mobileobjectis detected,theobjectlocationis simplydeter-
minedby differencebetweentwo successiveimages.In prac-
tice, becauseof noisein the images,we usea local spatial
averageof imageintensities.Then,by consideringa thresh-
old differencebetweentwo successive averagedimages,we
getabinaryimageseparatingmoving zonesfrom staticones.
Thecenterof gravity of themaskgivestheinitial positionto
beregulatedto zero.

3.2. Control law

Oncethecenterof gravity (c.o.g.)of thetargetestimated
from (1), we canresortto a standardcontrol law to realize
theregulationof thisestimated2D position.

The desiredposition �<� of �������
	���
�� beingthe image
center( �<���a����	T� 
�� ), � canbeviewedasthevectorof error.
Thevisualservoinggoalis thento bringandmaintainthiser-
ror to zeroby controllingthecameravelocity. To designthe
control law, we usetherelationbetweenthetemporalvaria-
tion of � andthecameramotion. As this motionis restricted
to rotationsaroundthe � and � axes,wegetfrom (2):����C�Q� ?k��� I?k��� A�� �a� �� � with ����� ��� ��9 � 9�� - 
� ��� � - 
 9k��� �
where �H�� � representsthe 2D motion of the targetc.o.g. and? � thecamerarotation. Specifyinganexponentialdecayof
theerrorwith gain � ( ����:9E��� ), thecontrollaw is givenby:� ?k��� I?k��� A � �:9E���k� ' ��9��k� '��� �� � (3)

Thefirst termof this control law allows us to reachconver-
gencewhentheobservedobjectbecomesmotionless.To re-
move the trackingerrorsdueto the objectown motion, the
secondterm hasto be addedand can be estimatedas ex-
plainedin [5] by:

� � �� � � � ��E9�� �?k� (4)

where � �� is suppliedby (2) and the motion parameterspro-
vided by the estimationalgorithm,and

�? � is the measured
camerarotationalvelocity. As describedin [5], the estima-

tion

� �H�� � of �J�� � is filtered using a Kalman filter involving a
constantaccelerationmodelwith correlatednoise.

3.3. Results

Thetrackingtaskhasbeentestedwith a cameramounted
ona panandtilt cell. Imagesof size256 � 256,acquiredby
aSunVideoboardareprocessedonanUltraSparcstation.

To evaluatethe accuracy of our control law, we have to
comparethe true c.o.g. of the object to the estimatedone.
As we cannotextract in a real-timeschemean exact mea-
surementof thec.o.g. whendealingwith a complex object,
thecontrollaw hasbeenfirst testedwith asimpletargetfrom
which we caneasilyextract geometricfeatures. The posi-
tion usedin ourcontrolloopof courseremainstheestimated



one. The consideredobject in this first experimenthas a
blacksurfacewith four whitedisksformingasquare(seethe
initial imageonFig 1a).An imageprocessingalgorithmrun-
ning at videoratedeliversthepositionof thec.o.g. for each
disk. The computeddisplacementsof this four centersand
the measuredtime interval betweentwo successive images
provide thevelocityof eachof them,andthusparameters, $
usingthelinearsystem(2).

The samekind of experimenthasbeencarriedout with
a texturedsquarefrom which no geometricfeaturescanbe
easilycomputed(seetheinitial imageon Fig 1b). To ensure
aprocessingrateascloseaspossibleto thevideorate,only a
constantmotionmodelis consideredin theRMR algorithm.
Theprocessingratereachedis about20 imagespersecond.

Thesameinitial conditionsweretakenfor thetwo exper-
iments,concerningpositionsof thetargetandof thecamera.
In both cases,the target is translatingalong a rail alterna-
tively to the right andto the left at constantspeed,with a 4
secondspausebetweenthe two motionphases.First (till it-
eration800),theobjectspeedwas8 cm/sandthen,it was30
cm/s.Thecamerais about1 m awayfrom theobjectwhichis
in thefieldof view beforeit startsmoving,butnotnecessarily
at thecenter. � wassetto 1.5.

a b
Figure 1. a) Four points object. b) Real square

For the first experiment,the differencebetweenthe esti-
matedc.o.gandthetrueonewasalwayslessthan0.5pixel.
Thus,sinceintegratingcausesno drift, we canconcludethe
estimationof the c.o.g. is reliable. Furthermore,previous
experimentswereconductedto compareestimationerrorsof
theconstantparametersbetweentheRMR algorithmandthe
oneusedfor the four pointsobject. They showed that esti-
mationerrorsarenotgreaterwith theRMR algorithm.

The estimateddisplacementof the object centerfor the
realsquareexperiment,is plottedin Fig 2. This experiment
shows that convergenceis correctly obtainedfor an initial
gapof about40 pixels (it is broughtto zeroin lessthan40
iterationsevenif theobjectmotionis initially ontheopposite
directionof the imagecenter).At eachabruptchangein the
target motion (stopor start), thereis an overrundueto the
Kalmanfilter reactingtime,but convergenceis still obtained.

4. Tracking a pedestrian

The previous applicationwasdevotedto the trackingof
rigid objects.Let uspoint out that theestimationof 2D mo-
tion parameterswith the robust RMR methodinvolves the
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Figure 2. Estimated c.o.g. (in pixel)

discardingof non-coherentlocal motionsconsideredasout-
liers. Therefore,secondarymotionsrelatedto deformations
of non-rigidobjects(suchasahumanbeing)donotaffectthe
estimationof thedominantmotion. Our pursuitschemehas
thusbeentestedfor thetrackingof pedestrian.

Fig 3a displaysthe maskof a pedestrianresultingfrom
thedetectionstep,wheremoving zonesappearin white. In
fact,theestimationusesits dilatationby thestructuringele-
mentcorrespondingtoa5 � 5 pixelsquare.Fig3bpresentsan
imageacquiredduringthetrackingphase.Thewhite rectan-
gle representsthe includingrectangleof the detectedmask.
The motion estimationis donein this window, andthe ini-
tial weightingvaluesin the IRLS procedureareequalto 1
(resp. 0) if thepoint belongs(resp. doesnot belong)to the
detectedmask. At eachiteration, the computationwindow
movesto its predictedpositionprovidedby theKalmanfil-
ter. Thewhitecrossis theestimatedc.o.g.of thepedestrian.

a b
Figure 3. a) Detected mask. b) Pedestrian with
the estimation window and estimated c.o.g.

Fig 4 containsone imageover 10 (approx. 2 per sec-
ond)of the sequenceprocessedin real-timeby the tracking
scheme.Motion of the personis first sideways,andnot al-
waysfacingthecamera.Thenthepedestriancomesbackto
thecamera.Oneachimage,theestimatedc.o.gis represented
by a blackcross(+) andthe imagecenterby a blacksquare
( ¡ ). Despitethe complexity of motion andthe walk speed
(about4 km/h), thepedestrianalwaysappearsat thecenter.
This demonstratesthe robustnessof the motion estimation
algorithmandof the control scheme.Small trackingerrors
appear, dueto alwaysvarying2D speedof thepedestrianand
reactingtime of the Kalmanfilter, but arealways lessthan
8 pixels. On images10 to 13, anotherpersoncrossesthe
tracked one. In spiteof this perturbingsupplementarymo-
tion, thecamerais still fixatingat theselectedperson.

5. Conclusion

Resultspresentedin thispaperhaveproventhattrackinga
realobject,displayingnoprominentfeatures,canbesuccess-
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Figure 4. Tracking of a pedestrian. Every 10th frame of the sequence are displayed (approximately 2
frames per second). Symbol + stands for c.o.g of the pedestrian and ¡ for the center of the image

fully achieved by visual servoing. Moreover, this wasper-
formedwhatever theobjectsizeandshape.This is solvedby
recoveringpositionof theobjectcenterby integrationof its
apparentvelocity. Theproposedmethodrunscloseto video
rate. It hasbeenvalidatedfor peopletrackingandprovides
satisfactoryresultsdespitenon-rigidity of a humanbeing.If
neededthis applicationcould be improvedwith a moreso-
phisticateddetectionstepwhichcouldbeableto rejectmasks
thatdonotcorrespondto a humansilhouette.
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