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Abstract

In this paper we studyhowto taskcamen sensomodes
to reasonabout the occupancyof the area around them.
Occupancyinformationis valuablebecauset canbe used
to answermanyother queriessud as determiningobject
tracksor thecountofthenumberof peoplein anarea. Cam-
era sensos are challengingto include in a wirelesssen-
sor network(WSN)becausehey are high dataratedevices.
To saveenegy andto satisfythe bandwidthconstaint, our
camen nodeswill only senda verylimited amountof data
andonly a limited numberof camer nodeswill betaslked.
Our r stresult,from simulation,givesan upperboundon
the numberof cameras neededor a givenaccuracyin the
occupancy Giventhis numberof cameas, we thencom-
pare several approadesto taskingthe mostrelevantcam-
eras both in simulationand in a real systemof 16 cam-
era nodes.Our incrementalgreedytaskingalgorithm per
formedthe best. Finally, we appliedthis taskingalgorithm
to atrackingapplication.\We showthatthetradker thatused
taskingoutperformedhe sametracker withouttasking

1 Intr oduction

Recentadvancesn CMOSfabricationhave madeit pos-
sible to integrate processingand communication)ircuits
with theimagesensof7, 13]. With thisintegrationcapabil-
ity andtoday'sfeaturesizes,it is possibleto producemage
sensomodeswith processingand communicatiorcapabil-
ity at very low cost. This type of cameranodeis anideal
candidatefor a sensomodein a wirelesssensometwork
(WSN).

Themainlimitation of WSNsis enegy, whichtranslates
into constraintson communicationand computation. For
cameranodestheseconstraintareparticularlylimiting be-
causecamerasarehigh dataratedevices(asopposedo low
dataratedeviceslike microphonesandthermometersand
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Figure 1. Comparison of 2 diff erent camera
taskings to localiz e 2 circular objects in the
plane

thevisionalgorithmsrequiredto procesgsheimagedataare
often very computationallyexpensve. To overcomethese
constraintsit is critical to bothhave cheafdocal processing,
andbe ableto taskusefulsubsetof cameasto collabora-
tively answermgueries.

Tasking cameranodesis particularly importantin a
WSN.A goodtaskingschemawill save enegy, becauséess
camerasare neededo answera particularquery Tasking
allows the network to scaleto very large numbersof cam-
eranodes.However, taskingcamerags moredif cult than
taskingmary othertypesof sensorsbecausecamerasan
seefar avay andconsequentlyhe datais nonlocal. Simply
taskinglocal cameranodesmayleadto poorresults.

In this paper we taskcameranodesto reasoraboutoc-
cupang. Figurel illustratestwo differenttaskingstratejies
of choosingwo camerasutof three andshavsthatintelli-
genttaskingmakesa hugedifferencan the quality of infor-
mationthatcanbeobtainedrom thecollaboration.Tasking
thetwo camerasn (b) yieldsbetterinformationthanin (a)
becausehetaskingin (b) is ableto localizethetwo circular
objects.

In additionto theinformationquality of the tasled cam-
eras,we shouldalso consideref cient updates.Sinceob-



jectsaremoving aroundsmoothly afterasmalltime step,a
goodsubsebf camerass not likely to changemuch. This
suggestghatit might be possibleto computethe new set
of camerady updatingthe previous set. This is alsovery
importantin termsof enegy consumption.

We introduce ef cient cameratasking heuristics that
minimizeareasthatare potentiallyoccupiedoy moving ob-
jects and comparetheir performancen simulationandin
areal systemof 16 camerasWe arguethatthe occupanyg
informationis usefulfor mary applicationslike tracking,
countingandmonitoring. Theresultshows thatour heuris-
tic is enegy-efcient andselectsgoodsubsetf cameras.
We alsoimplementa simple tracking algorithm basedon
the occupanyg informationprovided by our taskingheuris-
tic andshaws thatthe tracker basedon our taskingoutper
formsthetracker with no tasking.

This paperwill be organizedas follows: In section2,
we will introducethe sensortaskingproblem. In section3
and4, wewill explainthenumberof camerasasledandthe
heuristicsor taskingthe cameraslin sections, we will give
simulationandexperimentakesults.A trackingapplication
will be presentedn section6. In section7, we will givea
brief overview of relatedwork andin section8, we conclude
anddiscusduturework.

2 SensorTasking Problem
2.1 Local Processing

In a WSN, eachsensomodeis operatedunderenegy
constraintlt is crucialto performasmuchlocal processing
aspossibleto reducethe amountof informationthatneeds
to becommunicatedo othernodeshecaus¢hecommunica-
tion costis muchhigherthanthecomputatiorcost[12]. For
imagesensorsa light-weightlocal processinglgorithmis
alsoimportant,sincemary imageprocessingandcomputer
vision algorithmsare extremelycomputationallyexpensve
andcancausesigni cant enegy consumptiorateachnode.

Oneof thesimplesimageprocessinglgorithmsis bad-
ground subtaction, wherea backgroundmage (
matrix) is subtractedrom eachnew imageto segmentthe
objectregions. We further compresghe backgroundsub-
tractedmageby summingthecolumnsto getal-D scanline
( dimensionalvector) that describeshe foregroundob-
jects! Figure?2 illustratesthe backgroundsubtractionand
1-D scanline.A scanlineis avery compactsummarization,
sinceonly  numbersare neededandthis canbe further
compressedby run-lengthcoding. This will resultin big
savingsin thecommunicatiorcost.

1To increaseobustnessour actualimplementatiorwasmoresophisti-
cated.Pleaseseesection5.2.2for details.
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Figure 2. Background subtraction and 1-D
scanline
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Figure 3. Visual hulls

2.2 Occupancyand Visual Hulls

Although a single scanlinecan be computedvery ef -
ciently and hasa very compactrepresentationit provides
little information,sinceit only tellswhetheraspeci c direc-
tion (cone)is occludedby one or more objects. However,
by combiningmary 1-D scanlinesve canreasoraboutthe
regionsthat are potentially occupiedby objects. The in-
tersectionof the occludedconesfrom the 1D scanliness
calledvisualhulls. Thisis the maximalareathatcould be
occupied gure 3).

Many applicationslike people counting, multi-object
tracking, and group behaior monitoring dependon occu-
pang information,soit is critical to have anaccuratevisual
hull thatresultin thetightestoccupany. If we do nothave
enegy constraintsye canuseall the camerasvailableto
computethe bestvisual hull sincethe areamonotonically
decreasessthe numberof cameradncreases.However,
this is not a realistic scenariofor a WSN becauseas the
numberof usedcamerasiodesincreasesthe network will
quickly run out of enegy. Therefore,it is importantto be
ableto taska subsebf cameasnodesto save enepy.

2.3 ProblemFormulation and Assumptions

Given  objectsand cameraswe want to task
cameraghatminimizethevisualhull area.For sim-
plicity, we make the following assumptions All the cam-
erasaremodeledby perspectie projectionandhave a



eld of view. The camerasare pointing toward the center
of the room, so the only parameteiis the position on the
perimeterof theroom. The objectsarediscs.

Problem1: For randomlyplacedobjectswhatis the
expectednumberof cameras neededo guaranteea visual
hull areathatis within a certainfactor of theareaactually
occupied?

For a given cameraandobjectplacementwe cancom-
putethevisualhull area put we donotknow how to express
this areaasa function of the cameraand object positions
thatcanbe easilyusedto calculatethe expectednumberof
camerasieeded We solve this problemin the next section
usinga Monte-Carlosimulation.

Problem?2: For randomlyplacedobjectsand cam-
eras,whatis the optimalcamea placemenfor minimizing
thevisualhull area?

It makes sensethat the optimal cameraplacementfor
randomlyplacedobjects(with unknown positions)should
be uniform, but we have not provedthis yet. We will con-
siderthe following simpler problemof taskinga subsetof
positionedcameras.

Problem 3: For randomly placed objectsand
placedcamers (knownpositions) whatis the optimalsub-
setof camemsfor minimizingthe visualhull area? If the
objectpositionsare known,whatis the optimalsubset?

For randomlyplacedobjects,onceagainit makessense
thattaskinga uniform (as evenly spacedand separateds
possible)subsetof camerashouldbe optimal. Giventhe
objectpositions(or approximatepositionsfrom the previ-
oustimestep)theoptimaltaskingcanbecomputedy eval-
uating all different camerataskings. However, each
evaluation involves computinga visual hull, so this ap-
proachis too costly Therefore,in section4 we compare
heuristicsfor nding goodcameraaskingsquickly. There
is alsoanadditionalconsideratiorthatasobjectsmove, the
new subsetof cameragdasked shouldnot be too different
from the previous subsetsothatcamerasarenot turnedon
and off too frequently This will alsobe accountedor in
designingour heuristics.

3 Number of Camerasfor Tasking

In this section,we presentan empirical solutionto the
problemof determiningthe numberof cameragequiredto
guarante@visualhull areawithin afactorof the minimum.
Speci cally, wewantto know, for agivennumberof objects
in aroom,how mary camerasve need.To thisend,we per
formeda Monte-Carlosimulation. We randomlydropped
circular objectsof radius0.1 inside a circular room of ra-
dius1. Objectswerenot allowedto overlap- overlapping
objectswere removed and droppedagain. Camerasvere
placeduniformly aroundthe perimeterof the room. For a
given numberof objectsand a given numberof cameras,

thevisual hull areawascomputed.For eachsetting,we re-
peatedhis500timesandaveragedto computeheexpected
areaof thevisualhull.
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Figure 4. Residual error in the VH due to oc-
clusion

An importantnote is that the visual hull areadoesnot
converge to the actualtotal object areaas the numberof
cameragyoesto in nity for 2 or moreobjects. This is be-
causeof occlusion. In the caseof 1 object, thereis no
occlusion,so asthe numberof camerasncreasesthe cir-
cumscribingtangentlines of the visual hull closein on the
objectfrom all sidesand the visual hull corvergesto the
object( gure 4a.).In the caseof 2 objects( gure 4b.), Ob-
ject2occludesall tangentinesin theregion Q, resultingin
theresidualareaR thatoverestimate©bjectlevenwith an
in nite numberof camerasFor morethan2 camerasin ad-
dition to theseocclusionfrom pairsof objects therearealso
occlusiondrom multiple objects.Figure5 shavsthe
residualareaof the visual hull, normalizedby the areaof
an object, of 1 to 10 objectsseenby 2000 cameras. As
thenumberof objectsincreasestheresidualareaincreases
dueto moreocclusions.The2000cameracasewasusedto
approximatehe casewhenthe numberof cameragjoesto
in nite.

The main resultfor this sectionis plottedin gure 6,
which shows the accurag of the visual hull for different
numbersf objectsandcamerasTheresidualof thevisual
hull is scaledby the “in nite” cameracasefor the corre-
spondingnumberof objects,becausehat correspondgo
theminimumpossiblevisualhull area.

Observation 1 For a single object, theresidualof the ex-
pectedvisualhull areadeceaseas — for cameas.
Thisis asexpectedecauseheresidualofaregular circum-
scribedN-gonof a circle also deceasesas —. For 2 or
mote objects theresidualdecreasest a slowerandslower
rate dueto anincreasingnumberof occlusions.

For anapplicationthatrequireshevisualhull areato be
within a certainfactorof the minimum,thentheplotin g-
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Figure 5. Residual of the expected VH with
“in nite” number of cameras

ure6 canbeusedto decidethe expectechumberof cameras
needed.This resultwasfor uniformly placedcamerasbut
for cameratasking heuristicsthat perform betterthan the
uniform case we will getalower residualarea,hencethis
resultprovidesanempiricalupperboundon the numberof
camerag ) to task.

4 CameraTasking Algorithms

Given the numberof camerago task ( ), we want to
taskthe mostrelevant ones. Assumingthereare  cam-
eras( ), wewishto nd thesubsebf cameraghat
will minimizethevisualhull area.We testedthe following
approacheso taskingcameras:

4.1 Uniform

The simplestapproachis to pick camerago cover the
spaceas evenly as possible. Given no other information,
this is probablythe bestapproach. Besidesinitialing by
taskingthe uniform setof camerasthis approachdoesno
additionaltasking.

4.2 Clustering

For 2 objectsand2 camerasif isthevectorconnecting
theobjectsand and aretheunitvectorsdescribinghe
directionof the cameraswe know thatchoosing and

givesa goodplacemenbecauséheresultingvisual
hull hasno phantomareaq gure 7). Motivatedby this, we
generalizehis ideato objectsand cameras.
Now, for every pair of objects,we try to maximizethe
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Figure 6. Residual of expected visual hull area
as a function of the number of cameras

and placemenfor somecamera.Speci cally, giventhe
objectlocations we maximize:

(1)

where is the vectorconnectingthe and  object.
It turns out that the solutionto this optimizationproblem
caneasilybe approximatedy -meansclustering[1]. We
simply perform -meansclusteringon the angles and

, , to getthek optimalcameradirections.Thecam-
eraswith the closestirectionsarethentasled.

Figure 7. Good placement for 2 objects and 2
cameras



4.3 Optimal

Given the objectand cameralocations,the optimal ap-
proachcomputeghe subsebf cameraghatgivesthetight-
estoccupanyg . This requiresthe bruteforce searchof all
possiblecameracon gurations,andreturnsthe con gura-
tion with the smallestvisualhull area.The costis

4.4 Greedy

This approachinvolves greedily searchingfor the sub-
setof cameraghat givesthe tightestoccupanyg. Instead
of searchingall possiblesubsetsit greedily picks the best
cameraoneatatime. Thefollowing pseudo-coddescribes
thealgorithmin detail:

Algorithm GreedyTasking

Select of cameragreedilyto minimizethevisualhull area

Output:aset ofthe selecteccameras

1. =emptyset

2.for =1to

3. MinimumArea= in nite;

4. for Camera= 1to

5. if (Camera )

6. addCamerao

7. = visualhull areausingcamerasn
giventheobjectlocations

8. if ( MinimumArea)
9. MinimumArea=
10. BestCanr Camera
endif
11. remove Camerarom
endif

endfor Camera
12. addBestCanto
endfor

Note that the the objectlocationsare usedin the algo-
rithm. Whenthis informationis not available,an estimate
is usedbasedn thevisualhull from the previoustime step.
The polygoncentersof the previousvisual hull areusedas
theobjectlocations.The costof greedytaskingis

4.5 IncrementalGreedy

This assumeshata subsebf camerathaspreviously
beentasled and the objectshave not moved far, so only
someof thecamerasieedto beupdatedInsteadof greedily
picking all the cameragachtime, only asubset of the
camerass greedilyupdated.

First, camerasiregreedilyremoredoneatatimefrom
thetasledsubset.Next, cameraaregreedilyaddedone
atatime. Greedyremove andaddoperationsarevery simi-
lar to thefull greedyalgorithmdescribedibove. For remov-
ing greedily thefollowing linesneedto bereplaced:

2.for =1to
5.if (Camera )
6. remove Camerdrom
11.addCamerao
12.remove BestCanfrom

After remaving thecameras, new camerasaddedwith
the samealgorithmasthefull greedyalgorithm, with only
thefor loop atline 2 runningfrom 1to . Thecostof this
is . For our experimentswe will use

5 Simulations and Experiments

We testedthe abore mentionedheuristicsin both simu-
lation andin therealsystem.

5.1 Simulations

The simulationsassumeéhereare5 circularobjectsin a
roomof radiusl. Theobjectshaveradius0.1. Thecameras
areassumedo be placedalongthe perimeterof the room
and have eld of view. Perspectie projectionis as-
sumedin constructinghe visual hull of a givenobjectand
cameracon guration. For all the simulationsand experi-
ments,the polygonsin the visual hull thataretoo smallto
be real objects(smallerthanthe objectarea)areremoved.
Simulationsfor both static objectsand moving objectsare
performed.

5.1.1 Static Objects

For thesesimulations,5 objectsare randomlydroppedin
the room. Thenthe camerasare placedaccordingto the
uniform, clustering,greedy and optimal algorithms,using
the actualobjectlocations.Actual locationsare usedsince
objectsarerandomlydroppedandthereis no previousesti-
mateof their positions.

Uniform placementrequiresno computation,andit is
the bestbet whenthereis no a priori information on the
objects'locations. It is chosenas a referenceto compare
againstthe otheralgorithms.The residualareavs. number
of cameradasked are shavn for thesealgorithmsin g-
ure 8. For agivennumberof camerasandtaskingscheme,
mary randomdropsaresimulatedandaveragedo generate
theexpectedvisualhull area.

Clusteringdoesmuch worsethan the greedyand opti-
mal algorithms. The reasonfor this is becausehe greedy
andoptimal algorithmstry to minimizethe visualhull area
directly, while the clusteringalgorithm tries to maximize
the metricwe hadin equationl. The hopewasthis would
help minimize the visual hull area. While it still cando
betterthanuniform placemenfor small numberof tasked
camerasit is inferior comparedo the greedyalgorithm.
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Figure 8. Performance of the tasking algo-
rithms with static objects

Optimal placementperformsthe best, as expected,but
is expensve to compute. Still, the greedyplacementlgo-
rithm canachieve very closeresultsto optimal. This algo-
rithm andtheincrementavariationof it whenthereis object
motionwill bediscussedn thenext section.

5.1.2 Moving Objects

For thesesimulations,the objectsare initialized with ran-
dom drops, and assumedo be moving accordingto the
randomwaypointsmotion model. The objectseachpick
arandomdestinationn theroomandtry to headtherein a
straightline ata constanwelocity. If two objectsblockeach
other, eachtriesto getaroundthe otherby circling around
to theright.

At eachtime step,the centersof the polygonsfrom the
visualhull of the previoustime steparefound. Thesepoly-
gon centersarethenusedby the taskingalgorithmsasthe
objectcenterdor thecurrenttime step.Thevisualhull area
is computedover a period of time, and a time-averageof
the residualvisual hull areais computedfor the different
taskingalgorithmsandfor differentnumberof cameras.

Anotherheuristicthatis usedhere,but not in the static
objectscasejs theincrementareedyalgorithm(explained
in section4.5). It is lessexpensie computationallycom-
paredto the greedyalgorithm andis suitablefor moving
objectsbecauseahe scenedoesnot changedrasticallyin a
time step.

The resultsfor uniform, greedyandincrementabreedy
taskingalgorithmsare shavn in gure 9. It is clearthat
both greedytaskingalgorithmsperform much betterthan
uniform tasking. Incrementalgreedyplacementachieves

almostasgoodperformanceasgreedilyplacingall cameras
ateachtime step.
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Figure 9. Performance of the tasking algo-
rithms with moving objects

Incrementalgreedyalgorithmis alsotestedwith differ-
entupdaterates.Thatis, insteadof incrementallyupdating
thetasledcameragteachtime step,we updatecevery

and  time step. Theresultsof thesesimulationsare
shavnin gure 10
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Figure 10. Performance of the incremental
greedy algorithm with diff erent update rates

As expectedthe performanceyetsworseasupdaterates
getslower, however, it could be arguedthatevenwith very
slow updateratessuchas every time step, much bet-
ter performancehanuniform is achiesed, and updaterate



canbetradedoff with lesscomputatiorandcommunication
cost.

5.2 Real Experiments

We testedtheabove algorithmsin anexperimentaketup
with realnetworkedcamerasThe experimentaketupis ex-
plainedbelow.

5.2.1 Experimental Setup

Thesetupconsistof 16 webcameraplacedarounda

room. The horizontalFOV of thecamerass , and
they all look inward. Therelative positionsof the cameras
in theroom canbe seenin gure 11. A view of theroom
(from camerab) shaws a typical scenewith threepeoplein
theFOV (gure 12).
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Figure 11. Positions of the cameras in the real
setup. The cones show the FOV of the cam-
eras and the grid spacing is 1 foot

The camerasare hooked up to a PC via IEEE 1394
(FireWire) interfaceandcanprovide 8-bit 3-channe(RGB)
raw videoat 7.5 frames/s. The PC connectedo a camera
modelsasensonodein thenetwork with processingpower.
EachPCis connectedo 2 camerasbut the datafrom each
camerais processedndependentlyfrom the other These
PCsarethennetworkedto a centralPC,wherefurther pro-
cessings performed.The networking is implementedn a
wired medium,becausehe limited bandwidthis our only
concernof WSNsandotherconcerndik e collusion,fading,
etc. arenottopicsof thisresearch.

Raw datafrom eachcameras gatheredatthenodePCs
and are locally processedoward our applications needs.
This will be explainedin detail in section5.2.2. When

Figure 12. View of part of the room seen by
camera #5

tasled, the reduceddatais thensentto the centralproces-
sor, wherethe occupanyg is computed. The PC's are all
Intel PentiumbasedPC's runningRedHatLinux 9.0

5.2.2 Local Processing

Eachframeconsistof 3 channel§RGB),andeachchannel
is 640 480 pixels, 8 bits per pixel. The local processing
rst implementsa simple versionof the backgroundsub-
traction algorithm given in [11]. This stepmainly calls

a pixel foreground,if its [R,G,B] color vector's angleis

morethana thresholddifferentfrom the backgrounds cor

respondingpixel. This givesa binary indicatorimage of

foreground. To suppresdalse positives, a morphological
openingoperatioris alsoimplementedTheresultingimage
is correctedor lensdistortion. Thenthisimageis summed
vertically to generatethe scanline. A spatialand tempo-
ral smoothinganda median Iter is appliedto thescanline
to further suppresdalsenegatives,which would otherwise
causesplits. Theresultingscanlines just 640bits, whichis

sentoverto thecentralcomputerfor nal decisionmaking.
All of theaboveis donein realtime at 7.5 frames/s.

5.2.3 Experimental Results

Forthissectiondatawastakenusingtheexperimentaketup
with 3 people. Fewer peoplewere usedherebecausehe
camerahiaveasmall eld of view andtherealdataincludes
noise,thusmakingthe problemmoredif cult.

Uniform taskingneededo be modi ed for the experi-
mentalsetupbecausehe roomin our setupis not circular
andthe camerashave x ed positions. For 8 camerasthe
odd numberedccamerasareselectedSee gure 11). For 6



camerascamerasiumbered and9 areremovedfrom the
8 cameracase. For 10 camerascamerasiumbered and
16 areaddedo the8 camerecase.

The performanceof the taskingalgorithmscanbe seen
in gure 13. Theplotsshav the normalizedresidualvisual
hull areavs. numberof camerasised.Thenormalizationis
doneby dividing all visualhull areashy the minimumarea
thatwasachie/ed by all 16 camerasover all times. We do
notknow the actualobjectareassothisis our bestapprox-
imation. Time averagesveretakenoverthewholerun.
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Figure 13. Performance of the tasking algo-
rithms on the real system

Again, the greedyalgorithmsperformedbetterthanuni-
form. For certain number of cameras,the incremental
greedydoesslightly betterthanthegreedyalgorithm,which
is unexpected.Thesealgorithmsassumehatthe centersof
the polygonsfrom the previoustime steparetherealobject
centerswhich is only aroughapproximation.Severalbad
approximationgrobablycausedhe full greedyalgorithm
to performworse.In thelongrun, we expectgreedyto per
form betterthanincremental. The importantresultis the
incrementabreedyperformswell in therealsetting.

6 Application: Tracking

Thevisual hull is a powerful primitive that canbe used
by mary otherapplicationsaswe statedbefore. Applica-
tionssuchastrackingpeople detectingunusuakvents,and
countingpeoplein anareausuallydependon having good
occupany information. Our camerataskingschemepre-
cisely minimizesthe maximal areathat can be occupied.
This maximum occupanyg information can then be used
by all thoseoccupang dependentpplications. We will

demonstratéhebene tsof usingourtaskingschemen one
particularapplication:tracking.

Supposeave wantto trackmoving objectsin aroomwith
our cameranetwork. We candothisby rst generatinghe
visual hull of the moving objects. If thereis enoughdata,
the visual hull polygonswill modelthe objectsvery well,
andthesepolygonscan be usedto track the objects. For
eachframe, we computethe centersof the polygonsand
usetemporalcoherenceo track the motionsof thesecen-
tersover multiple frames.Thesepolygoncentertrackswill
be the estimatef the actualobjecttracksin our tracking
algorithm.Clearly, thetighterthevisualhull is to theactual
objectareasthe moreaccuratehis trackingalgorithmwill
be.

We implementedhis tracking algorithm on top of our
taskingalgorithmandcomparedhe performancef thein-
crementagreedycameraaskingcasewith a uniform cam-
eracase(no tasking). The simulationwas setup with six
circular objectsof radius0.1 moving in a circularroom of
radiusl with thecamerasrrangedilongthe perimeter For
the uniform cameracase,camerasvere placeduniformly
aroundthe perimeterandall thecamerasvereused.For the
incrementalgreedycase,a subsetof 16 uniformly spaced
camerasvastaskedateachtime step.

Real Path
---- Estimated Pat

(@) (b)
6 uniformcameras  Tasking4 camerasvith
meansgrerror=0.370  incrementabreedy

meansqrerror=0.037

Figure 14. Comparison of the trackers show-
ing the real and estimated tracks of one of the
six objects

A comparisonof the tracks of one of the six objects
is shavn in gure 14. The uniform casewith 6 cameras
is comparedagainstthe incrementalgreedytasking case
whereonly 4 camerasretasked. The gure shavsthatwith
6 camerasthe uniform caselost track of the object,while
thetaskingcasedid not. Thetaskingcaseusedfewer cam-
erasthussaving enegy becausadditionalcamerasanbe
turnedoff andsaving networking bandwidthbecauselata
from lesscamerasaresent,andstill outperformeadhe uni-
form case. With 7 camerasthe uniform tracker was able



to successfullytrackthe objectwith ameansquareerror of
0.014,but tasking7 camerasstill outperformsthe uniform
casewith ameansquaresrrorof 0.009.

7 RelatedWork

Much work existsin the computervision communityon
video suneillanceand monitoring [4, 5, 9], of which the
goalis largerscalemonitoringof actuities over long time
periods. Distributed resourcetasking, however, is not the
main concernof thoseworks, sincethey useall the cam-
erasfor their tasks- tracking objectsand detectingactivi-
ties. Onething they have in commonis thateachcamera
sendssummariesof eventsto a centralizedcomputey not
the video streamitself. However the local processingnay
be computationallwery expensve.

In robotics, occupang mapsare often computedfor
robot navigation tasks. Typically, variousrange sensors
suchassonaror laserrange nders areused. Imagesen-
sorshave alsobeenused. In [10], multiple camerasietect
foregroundto determinethe occupang in real-time. The
drawbackof this systemis thata centralcomputercollects
thevideostreamfrom all thecamerago computethe occu-
pang.

In computeigraphicsarelatedproblemis theart-gallery
problem[16]. Thegoalof this problemis to cover a given
spaceusingthe minimum numberof camerasThe setting,
however, is mainly of theoreticainterestandtheresultsare
notapplicableto our context, sincetheirde nition of occlu-
sionandutilities aredifferentfrom our context.

Anotherrelatedproblemin roboticsandgraphicsis the
selectionof the next bestview. One scenariois to select
the bestviews to cover the surfaceof anobject[19]. This
allows a 3d range nder to build the best3d modelwith
theleastnumberof views. Anotherscenarias to pick the
bestviews for sceneunderstanding.[18] de nes a view-
point entropy that favors sceneswith more "information”
Projectedareasof scenepartsare corvertedinto probabil-
ities for the entrofy computation.The commonthemebe-
tweenthe next bestview work andoursis thede nition of
an objectve function thatis thenmaximizedby searching
efciently overpossiblecamergositions.

In WSNs,theresourcdaskingproblemhasbeenstudied
extensiely. In [3, 20], the authorsproposea utility-based
frameawvork thatcombinesnformationutility of asensoland
the costof taskingit in a singletargettrackingapplication.
Many otherrecentworks[2, 17] in WSN study problems
of resourcaallocationandload balancingbasecbn utilities
andgametheory but their settingis theoreticalandnot ap-
plicableto a cameranetwork. Not muchwork existson us-
ing camerasn aWSN.[15] suneysthevariousissueswith
usingcameras balancingthe computationatostof vision
algorithmswith the networking costof cameraswhich are

high dataratedevices.

The most similar work to oursis probably[14]. Here
they try to taska subsetof camerado localize a few ob-
jects. Thetaskingproblemis formulatedasa constraintsat-
isfactionproblemandsolvedin a centralizedsetting. Their
work, however, doesnot fully addresghe issuesrelatedto
occlusionsand is simply basedon the simulation results
from afour camerecase.

8 Discussion

We have presentedheuristicsfor reducingthevisualhull
areashoth for staticandmoving objects. If anapplication
were to usethe visual hull information, like multi-object
trackingor counting,thenthe visual hull areacould be fur-
therreducedby pruningthe phantompolygonsthatappear
from nowhere (becauseeal objectshave temporalcoher
ence). This additional processingcan be fed backto the
occupanyg tasking algorithm to improve the visual hull.
Also, additionallow level local processingsuchas color
histogramsand motion vectorscan be usedto further re-
ducethevisualhull area.

For the currentexperimentalsetup,the scanlinesfrom
thetaslednodesaresentto a x edcentralnodethataggre-
gatesthe scanline€o computethe occupang. We canfur-
ther distribute the computation by automaticallyselecting
theaggrayatingnode.Oneideato electclusterheaddo task
the nearbycamerasindaggreatethe information. Cluster
headscanthenbe queriedfor the occupanyg in a particu-
lar region. A distributedalgorithmfor clusterformationis
describedn [8] andcanbeusedfor this purpose.

For simplicity, we have sofar only placedcameraslong
the perimeterof a simple corvex shape(circle and rect-
angle). Our tasking heuristic, however, can be extended
to generalnon-corvex shapespacegsuchas hallway with
branchingrooms)andto cameragplacedinside the space.
Theonly differenceis thatsomeof the visualhull polygons
will benon-comwvex, whichis nota problembecauseur al-
gorithmsdo notdependon the shapeof the polygons.

Sometheoreticalstudiesarenecessaryor betterunder
standingof visualhullsandcameraasking.For example,in
section3, theresidualbf theexpectedvisualhull areascales
as— for oneobjectandit hasnicetheoreticakxplanation
in [6]. For morethanoneobject,however, we do notknow
how theresidualscalesxceptfor theempiricalobsenation
we made.It would be niceto understandf theresidualac-
tually scalesas — and, if so, determinethe valuesof the
exponent for differentconditionsto give abetterestimate
on the numberof camerador tasking. Anotherinteresting
theoreticalstudyis to prove if the uniform cameraplace-
mentis optimalin termsof thevisualhull areawhenobject
positionsarenotknown.
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