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ABSTRACT
This paperpresentsa real time graphicalsimulatorbased
on a client-server architecture.Therenderingengine,sup-
portedby a specializedclient applicationfor theautomatic
generationof goalorientedmotionof syntheticcharacters,
is usedto producerealisticimagesequencesfor extensive
performanceassessmentof computervisionalgorithmsfor
peopletracking.
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1 Intr oduction

Vision is humanmostimportantsensorychannelanda de-
tailed understandingof its inner workings is one of the
greatchallengesof modernscience.

Arti�cial vision researchtriesto matchhumanvisual
competenceby developing algorithmsable to infer from
bi-dimensionalimages,or imagesequences,the contents
of thecorresponding3D staticor dynamicscenes.Exten-
sive evaluationof algorithmperformanceis necessarybut
in many casesextremelycostlyto perform.Let usconsider
a simple algorithm to detectall personswithin a camera
�eld of view, providing abinaryimagedistinguishingmov-
ing peoplefrom staticbackground.Preciseevaluationof
theaccuracy of thealgorithmwould requiremanualanno-
tationof eachsinglepixel for every imageof thecaptured
sequences.Reliableestimationof the performanceunder
differentoperatingconditionsrequirestheuseof many se-
quences,furtherincreasingthecostof performanceevalua-
tion. A similarsituationcanbefoundin thedevelopmentof
systemsbasedon the learningby exampleparadigm.This
approachhasdemonstratedits validity in several applica-
tions but its feasibility restson the availability of a setof
examplescoveringtherangeof operatingconditionsof the
system.Again, gatheringa representative setof examples
maybetoocostly, ruling out theuseof otherwisepowerful
techniques.

In this paperwe focuson thepossibilitiesofferedby
currentcomputergraphicstechniquesto generaterealistic
syntheticimagerysupportedby extensive groundtruth in-
formationat framerate.Amongthemany topicscurrently
investigated by the computervision community, the de-
velopmentof indoor surveillancesystemsis of increasing
scienti�c andpracticalinterest. The evaluationof people
trackingalgorithms,especiallyin thecaseof crowdeden-
vironments,is particularly dif�cult and hasnot beenad-

dressedso far in a principledway. This paperpresentsa
graphicalsimulatorwhosearchitecturehasbeendesigned
to improve the work-�o w of algorithm developmentand
evaluationfor third generation surveillancesystemsbased
on distributedmulti camerasystemsfor museummonitor-
ing. Thearchitectureof thesystemandtherenderingstrate-
giesarepresentedin Section2. Animation techniquesare
describedin Section3 while �rst resultsandforeseenex-
tensionsarereportedin Section4.

2 RenderingAr chitecture

Oneof thetrendsin thedevelopmentof novel surveillance
systemsis representedby the useof multiple sensorsco-
operatingin monitoring multi room environments. The
designof computervision algorithmswithin this frame-
work is particularlychallengingbothonthetheoreticalside
(effective integrationof multiple informationstreams)and
on thepracticalside(settingup largesensornetworksand
evaluatingalgorithmperformance).Theproposedsimula-
tor derives its architecturalfeaturesfrom the necessityof
mimicking thestructureof suchsurveillancesystems:

� network wide operation,supportingmultiple connec-
tionswith several imageprocessingsystems(emulat-
ing asetof intelligentactive cameras).

� managementof virtual environments comprising
staticstructuresandmoving objectssuchaspeople;

� generationof believable motion patternsfor people
groups;

� synthesisof imagesequencesproviding realisticinput
to imageprocessingalgorithms;

� ef�cient imagegenerationto effectively supporttight
developtestre�ne work-�o ws;

� automaticgenerationof scenegroundtruth dataupon
which automatic evaluation of algorithms can be
based.

The adoptedsolution is basedon the client-server archi-
tectureschematicallyreproducedin Figure1. The server
managestheenvironmentandprovidesclientswith access
to dynamicobjects,currentlycharactersandcameras.Each
client canthentake controlof anavailablecamerato geta
personalizedview of theenvironmentor join thesimulation
from thepointof view alreadycontrolledby anotherclient.
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Figure1. Systemarchitecture

Syntheticcharacterscanalsobecontrolledby aclient
andthe next sectionwill provide a detaileddescriptionof
thecurrentlyavailablemodulefor thecontrolof groupsof
charactersvisiting a museum.Eachclient canthenrequest
from the server the imagesof the scene,their depthmap
(that canbe usedto simulateotherkind of sensors)anda
segmentedimagewhereeachpersonis representedwith a
uniquecolor (seeFigure2). This provides the necessary
groundtruth to evaluatethe performanceof peopletrack-
ing algorithms.Thefeaturesetof therenderingenginehas

Figure2. Theinformationgeneratedby thesimulator:the
visualstimuli, adepthmap,andthe'oracle'.

beendrivenby therequirementof providingausefulsubsti-
tuteof realcamerasignalsto imageprocessingalgorithms.
In particularthechosenscenariorequires:

� effective managementof complex geometryin order
to simulatemulti roomenvironmentswith many char-
acters;

� easycontrol of characteranimationto createbeliev-
ablehumanmotion;

� realisticlighting of staticanddynamicgeometry.

The renderingenginerelies the OpenGLAPI, for which
very ef�cient hardware implementationsexist, and man-
agescomplex geometryusingBinarySpacePartition(BSP)
Trees[1] andprecomputedPotentiallyVisibleSets(PVS).

While fast,plain OpenGLbasedrenderingdoesnot
provide realistic images. The available lighting model is
simpleand,amongotherlimitations,doesnot take into ac-
count environmentdiffusions. In order to generatehigh
quality images,the renderingengineexploits a precom-
putedglobal illumination for the staticenvironmentmade

availablethrougha setof lightmaps, mappedby OpenGL
onto surfacetextures,modulatingtheir lighting. Moving
objectsmustinsteadbeshadeddynamicallyusingOpenGL
lights. Themaximumnumberof supportedlights depends
on the implementationand the renderingenginekeepsa
sortedlist of lights for eachvolumecell generatedby the
BSPtree,sothatonly themostrelevantlightsareactivated
for lighting (andfor shadowing).

As the basic OpenGL primitives are polygons, all
scenegeometriesarede�ned by their polygonalapproxi-
mations.Characteranimation,an importantfeatureof the
proposedsimulator, would thenrequirethe positionof all
moving verticesasafunctionof time. As thiswouldbeim-
practical,animationsarebroken down into cyclic actions
thatarein turnspeci�edthrougha limited setof snapshots,
thekey frames,with all interveningpositionsinterpolated
by the system.The �e xibility of the systemin specifying
composedactionscanbe further increasedusingthe tech-
niqueof skeletalanimation. Eachmodelis representedby
ahierarchicalskeleton:eachbonehasspeci�c rotationcon-
straintsandis furthercharacterizedby anin�uence sphere
whichidenti�es theverticesthatwill follow themovements
of the bone. This systemrequiresthe interpolationof ro-
tationsthat canbe accomplishedneatlyusingquaternions
andsphericallinearinterpolation[8]. In thedescribedsys-
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Figure3. Characteris moving upwards:animationis cho-
senbasedonspeeddirectionandmagnitude
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Figure 4. Pipelinefor the computationof joint rotation.
Theadditionaldegreeof freedomgrantedby personalized
rotationspermitstheintroductionof new characterposes.

tem, charactersare animatedthrougha hybrid technique



usedin currentvideo games. The approachtries to gain
thespeedof vertex animationapproachesandthe �e xibil-
ity of skeletalanimationtechniques.Eachcharacteris rep-
resentedby a very simpleskeletonwith threebonescon-
nectedto the head,the torso,andthe legs. The �e xibility
of skeletalanimationis exposedto client applications,al-
lowing themto specifypersonalizedrotationsfor the joint
(as describedin Figure 4). This is particularly useful in
the simulationof a museumenvironmentasthe character
attentionmay be directedto a given point, suchasan ex-
hibit, througha combinedrotationof headandtorso(see
Figure5). In the currentsystem,characterpositionis not

Figure5. A characterposecanbe controlledthroughthe
rotationof his joints.

controlledby therenderingengineitself but is providedby
a specializedclient application.This implies that the ren-
deringenginemustdeducefrom characterorientationand
speedtheappropriateanimationclassamongtheavailable
ones:run, walk, strideleft, strideright (seeFigure3). As
thekinematicsof thecharactermaysuddenlyresultin the
choiceof a new animation,the renderingenginesmooths
the transitionbetweenthe animationsto avoid annoying
artifacts. The transitionbetweenanimationclassesis ob-
tainedby creatingtemporaryadditionalkey-framesandin-
terpolatingtowardsthecharactercon�gurationspeci�edby
thenew motionclass(seeFigure6). A majorsourceof dif-
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Figure 6. Interpolatedtransitionbetweentwo animation
classes

�culties in thedevelopmentof computervision algorithms
for surveillanceis given by dynamiclighting conditions,
including shadows due to moving objectssuchaspeople
andvehicles[2, 6]. Fastbut geometricallyaccuraterender-
ing of shadows, coherentwith environmentglobal illumi-
nation,is oneof thekey featuresof thedevelopedrender-
ing engine. Geometricalaccuracy of charactersshadows
hasbeenobtainedgeneratingshadow volumesusinga non

standardOpenGLperspective projectionmatrix, obtained
by moving to in�nity thefar clippingplaneof thestandard
matrix [9].

Theactualdrawing of shadow boundariesrelieson a
modi�cation of theoriginal stencilalgorithm,proposedby
Heidmann[3], known asCarmack'sReversethatsolvesthe
problemsof theoriginal formulationwhenever thecamera
is locatedwithin theshadow volume[4]. However, deter-
mining shadows boundariesdoesnot completelysolve the
problem.Shadowedregionsshouldbe�lled in accordance
to aglobalilluminationsolutionfor thegivenenvironment.
While a correctsolution is computationallyexpensive, a
goodapproximationcanbeobtainedrelying on thecorrect
contributionof eachlight to theilluminationof staticgeom-
etry andusingOpenGLlights for theshadowing (andself
shadowing) of thedynamiccharacters(seeFigure2). For
eachlight, shadows are generatedby substractive blend-
ing of light contribution,providing full supportfor colored
lightsandshadows. Themajordrawbackis givenby thene-
cessityof generatinga global illumination solutionof the
given environmentfor eachof the lights, as the resulting
lightmapsareneededto paint theshadowson thestaticen-
vironment.

Figure7. Thedifferentstepsin thegenerationof accurate
shadows

Therenderingengineimplementedfor theserverside
of thearchitectureis thenableto generaterealisticimages
for multiple clients, from differentviewpoints,managing
bothstaticanddynamicgeometry. While theenginetakes
careof thelow level actuationof charactermotion,thegen-
erationof believable,purposive, motion for the simulated
charactershasbeenassignedto a specializedclient of the
simulatorto bedescribedin thenext section.Thisarchitec-
tural choicehastheadvantagethatdifferentalgorithmsfor
generatingcomplex behaviour canbetestedandcompared
with minimuminterventionon thestructureof thesimula-
tor.



3 ChoreographedAnimation

Living beingsperceive theirenvironmentandreactaccord-
ing to subjective criteria, making realistic simulation of
moving peoplea dif�cult task. Although renderingthe
charactersis by itself acomplex task,thecreationof asuit-
ablechoreography of groupsmoving purposively in a be-
lievable way posesadditionalchallenges.The variety of
collective humanmotion patternsin a complex environ-
ment suchas a museumare due to many factorsamong
whichwecancite:

visual perception, the interpretation of visual stimuli
from theenvironment;

prior knowledge, alreadyacquiredinformationontheen-
vironment;

decisioncapability, goaldrivenreactionto perceived im-
pressions;

group behaviour, aggregationbasedonsimilar interests;

experienceaccumulation, dynamicallyreshapinggoals.

In orderto createbelievablemotionpatterns,a setof syn-
theticcharactersmustbeendowedwith thesamefunction-
alities, albeit in a simpli�ed version. In our implementa-
tion, visual perceptionis simply responsiblefor �ltering
out informationon theenvironmentthat is not availableto
thecharactersdueto occlusionsandlimited �eld of view.
Theinterpretationof perceivedstimuli canbebypassedby
giving the characterdirect accessto scenegeometry, mu-
seumexhibit locationsanddescriptions,exactpositionand
velocitiesof mates. The strategy usedfor the simulation
of museumvisiting groupsrelieson a hybrid approachin-
tegrating secondorder dynamicsfor global motion coor-
dination and indirect control of groupsthrough invisible
leaders. In fact, while plausible�ock behavior naturally
emergesfrom the simplerulesproposedin [7], consistent
goalorientedbehavior cannotbeeasilycreatedin thesame
way.

Our approachis relatedto the conceptof Co-Fields
introducedin [5]. In theoriginal formulation,eachmoving
character(agent)perceivesthepositionof theotheragents
through a force �eld and coordinatedbehavior emerges
from the agentsfollowing the force �eld, dynamicallyre-
shapingit by changingtheir position. In our implemen-
tation the potential�elds do not only dependon time and
characterpositionbut alsoonhervelocity. Modelingwalls
andotherstaticanddynamicobstacleswith purepositional
�elds mayresultin strangemotionpatternsthatpreventthe
agentsfrom reachingthe expectedobjectives. The short-
comingof a purepositionalapproachis alsoevidentin the
modelingof groupdynamics,aspeopleclearly useinfor-
mationonvelocity to adapttheir trajectoriesandavoid col-
lisions.Charactermotion(x (t);

:
x (t)) overapotential�eld

E(x ;
:
x ; t) is governedby a secondorderdifferentialequa-

tion:

F (x ;
:
x ; t) =

d2x
dt2 (t) = � r x E(x ;

:
x ; t)

x (t + � t) = x (t) +
:
x (t)� t + 1

2 F (x ;
:
x ; t)� t2

:
x (t + � t) =

:
x (t) + F (x ;

:
x ; t)� t

Although the pioneeringwork of Reynolds [7] addressed
thesimulationof groupbehavioursof animals,similarrules
canbeappliedto humancharacters.In ourimplementation,
thepotential�eld E is de�ned by thesuperpositionof the
following components:

EC , to avoid collisionswith staticanddynamicobstacles;

EL , driving themembersof a grouptowardstheir (invisi-
ble) leader;

EF , responsiblefor �ock behaviour;

EV , urging matchthe velocity of nearbymembersof the
samegroup.

In scenarioswith complex geometryandfrequentcrowding
it is important to �nd plausiblecollision avoidancepoli-
cies. If an agentwalks away from a wall thereis no rea-
sonto be repelledby it, independentlyof how closeit is.
On theotherhand,if two personsmove towardeachother
they have to changetheir pathsin advance. But again, if
they walk in thesamedirectionthey canstayvery closeto
eachother. Positionalinformationwith additionalvelocity
datacanthenbeusedto implementmorerealisticcollision
avoidancestrategies. If a polygonalscenemodelis avail-
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Figure 8. Collision avoidance�eld � (to): the larger the
relativevelocity thegreaterthevisibility of theobstacle.

able,collision detectioncanbecarriedout by ray-polygon
intersection.Given the impact locationx o of the nearest
objectand the surfacenormalversorn o, thesebehaviors
canbesimulatedby thefollowing �eld component:

r x EC (x ;
:
x ; t) = � � (to)n o; to = kx � x o k2

(
:
x �

:
x o ) �(x � x o )

and� (t0) is a positive decreasingfunctionof theexpected
impact time (e.g. a Gaussian,seeFigure 8). Given the



positionsx i of membersi in the setof nx
v (close)visible

agentsAx
v , �ock behaviour canbesimulatedby introducing

thefollowing �eld:
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sothatanagentis attractedby thecenterof massof nearby
groupmateswith a forceproportionalto its distance.In a
similarway, velocitymatchingis governedby

r x EV (x ;
:
x ; t) /

0

@ :
x �

1
nx
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X
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v
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x i

1

A

Althoughconsistentgoal-orientedbehaviour canbeincor-
poratedin agentdynamicsthroughanadditional,dynamic
interest �eld, groupbehaviour canbe moreappropriately
maintainedthrougha (invisible) leaderfollowing policy.
The correspondingpotentialcomponentis expressedby a
radial�eld centeredat theleaderpositionx l (t):

r x EL (x ;
:
x ; t) / (x � x l (t))

Theleaderscanthenbemovedonagraphwhosenodesrep-
resentphysical locationsin the museum.However, naive
implementationof follow-the-leaderbehaviour may result
in unacceptablemotion patternswhenever the character
loosessight of the leader. If geometryconstraintsare ig-
nored,thecharactermaybesubjectedto accelerationdriv-
ing hertowardstheobstacles.Ontheotherside,if thecon-
straintsareconsidered,thecharactermayhaveno leaderto
follow in sight. Thesolutionusedin thepresentedsystem
is to endow eachcharacterwith a memoryof thelatestpo-
sitionsof thegroupguidesothatmotioncanbedirectedby
the most recentpositionof the leaderthat is visible from
thestandingpointof themoving character̂x l (x ; t):

r x EL (x ;
:
x ; t) = � (x � x̂ l (x ; t))

Thenodescorrespondingto theexhibits aregivena setof

? !

Figure9. Endowing characterswith memoryof leaderstra-
jectorieseasesthe implementationof realistic follow-the-
leaderstrategies.

descriptive labelsfrom which an interestscoreis derived
basedon the grouppro�le while the arcsarelabeledwith
the correspondingspatialdistances. In this case,people
motioncanbeplannedin advance,optimizing the fruition

of the exhibits (sum of the scores)subjectto prede�ned
temporalconstraintson the lengthof the visit. However,
suchan approachis not completelysatisfactoryaspeople
do not, usually, optimizetheir visit this way. Furthermore,
theimpactof localevents(suchasovercrowding)ongroup
trajectoriescannotbe modeledwith the necessaryspatial
detail unlessa large numberof nodesis insertedinto the
graph.

The proposedsolutionis basedon the ideaof domi-
nant interest �eld . Eachexhibit in the museumgenerates
anattractive �eld driving themotionof eachgroupleader.
In orderto getfeasibleleaderpaths,scenegeometryinfor-
mationmustbe incorporatedin the interest�elds. In the
proposedapproach�elds aregeneratedby propagating in-
terestraysfrom eachexhibit thataresubjectto occlusions
by sceneobstacles.Theraysmove linearly in a discretized
spaceandmarkeach�oor cell with theminimumdistance
to theexhibit, giving riseto thedistance�eld D i (x) of the
i th exhibit. In orderto cover thewholeenvironment(in a
way not dissimilarto diffuseillumination) eachpixel acts
as a new source. The following algorithm computesthe
spatiallysampleddistance�eld for apolygonalscenemap:

setdistancesof accessiblepixelsto 1 ;
activatesourceonexhibit locationandsetdistanceto 0;

while there is anactivesourcedo
emit light from currentsource;
ds = currentsourcedistance;
foreachilluminatedpixeldo

d = ds + distancefrom currentsource;
if d < currentpixeldistancethen

setcurrentpixel distanceto d;
labelpixel with displacementfrom currentsource;
if currentpixel is ona cornerthen

activatenew sourceoncurrentpixel;
end

end
turnoff currentsource;

end

Algorithm 1: Computationof distancemap

The resulting�elds canbe effectively modulatedby
thecomplexity of thepathleadingto theexhibit aswell as
themeredistanceto betraveled(seeFigure10):

E i
I (x ;

:
x; t) = � i ( t )

1+ D i (x ;t ) � i (x ;
:
x)

Here� i 2 (0; 1] accountsfor exhibit visibility andfor ac-
quiredprior knowledgeaboutthemuseum,e.g.by consult-
ing a exhibit planbeforehand.Themodulatingfactor� i (t)
de�nesthegroupinterestin thei thexhibit, whichdecreases
while lookingat theexhibit (experienceaccumulation):

� i (t + � t) = � i (t) � � e
�

D 2
i ( x l )

2 � 2
i � t

where� characterizesthefruition rateand� representsthe
spatial scalefrom which the exhibit becomesenjoyable.
Eachgroupcanthenbecharacterizedby a speci�c pro�le
� i (0) that will affect its museumtour. Leadermotion is
thengovernedby

x l (t + � t) = x l (t) + v l � t
kr x E �̂

I (x ;
:
x ;t )k

r x E �̂
I (x ;

:
x; t)



wherevl denotesconstantleadervelocityand

�̂ = argmax
i

f E i
I (x ;

:
x; t)g

representsthecurrentdominantinterestof thegroupleader.
Due to the consistentformulation, the interest �eld can
directly be usedasan additionalcomponentof agentdy-
namics. The implementedsystempermitsthe simulation
of groupswith different interestsin museumexhibits as
well asdifferentvisiting strategies(detailedplanning,ca-
sual,time limited etc.) by appropriatemodulationof inter-
est�elds.

Figure10. The two columnsreportstheevolution in time
of theco-�elds originatedfrom two differentexhibits: the
darker the �eld the strongerthe attractionof the exhibit.
Thevisitor is at �rst attractedby theonecorrespondingto
the left. As time passby, shegetslessandlessinterested
in it till her attentionis capturedby the nearbyexhibit to
which her attentionturns. Field discontinuitiesaredueto
thedepressionof secondarysourceemission,capturingthe
effectout-of-sightout-of-interest.

4 Conclusions

This paperhaspresenteda graphicalsimulatorsupporting
the developmentof third generation surveillancesystems
basedon visual input. Fast image rendering,a �e xible
client-server architecture,perceptualoraclefunctionalities
to provideextensivegroundtruthinformationfor algorithm
evaluation,andgenerationof complex movementsof peo-
plegroupsareamongits mostimportantfeatures.Thesys-
temiscurrentlyemployedin thedevelopmentof algorithms
for peoplesegmentationwhereit is ableto provide accu-
rateperformancereports(seeFigure11 for anexampleon

theevaluationof a people/backgroundsegmentationalgo-
rithm). Thesystemwill beextendedto supportcharacters
with anincreasednumberof joints for thedevelopmentof
gesturerecognitionalgorithms.
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Figure11. Theplot reportstheerror, in pixel units,made
by asimplealgorithmfor people/backgroundsegmentation
in anindoorenvironment.After a �rst stepsegmentingthe
imageinto backgroundandforegroundplus shadows, the
algorithm tries to identify shadows using a set of classi-
�ers combinedthroughscoring. Manual computationof
algorithmperformanceat this level of detailwould beex-
tremelycostlyandthe accuracy would not reachthe level
possiblewith theproposedapproach.
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