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Abstract

In this paper, westudyhowto taskcamera sensornodes
to reasonabout the occupancyof the area around them.
Occupancyinformationis valuablebecauseit canbeused
to answermanyother queriessuch as determiningobject
tracksor thecountof thenumberof peoplein anarea.Cam-
era sensors are challengingto include in a wirelesssen-
sornetwork(WSN)becausethey arehighdataratedevices.
To saveenergyandto satisfythebandwidthconstraint, our
camera nodeswill only senda very limited amountof data
andonly a limited numberof camera nodeswill be tasked.
Our �r st result,from simulation,givesan upperboundon
thenumberof camerasneededfor a givenaccuracy in the
occupancy. Given this numberof cameras, we thencom-
pare several approachesto taskingthemostrelevantcam-
eras both in simulationand in a real systemof 16 cam-
era nodes.Our incrementalgreedytaskingalgorithmper-
formedthebest.Finally, weappliedthis taskingalgorithm
to a trackingapplication.Weshowthatthetracker thatused
taskingoutperformedthesametracker withouttasking.

1 Intr oduction

Recentadvancesin CMOSfabricationhavemadeit pos-
sible to integrateprocessing(andcommunication)circuits
with theimagesensor[7, 13]. With this integrationcapabil-
ity andtoday's featuresizes,it is possibleto produceimage
sensornodeswith processingandcommunicationcapabil-
ity at very low cost. This type of cameranodeis an ideal
candidatefor a sensornodein a wirelesssensornetwork
(WSN).

Themainlimitation of WSNsis energy, whichtranslates
into constraintson communicationandcomputation. For
cameranodes,theseconstraintsareparticularlylimiting be-
causecamerasarehighdataratedevices(asopposedto low
dataratedeviceslike microphonesandthermometers)and

(a) (b)

Figure 1. Comparison of 2 diff erent camera
taskings to localiz e 2 cir cular objects in the
plane

thevisionalgorithmsrequiredto processtheimagedataare
often very computationallyexpensive. To overcomethese
constraints,it is critical to bothhavecheaplocalprocessing,
andbeableto taskusefulsubsetsof cameras to collabora-
tively answerqueries.

Tasking cameranodes is particularly important in a
WSN.A goodtaskingschemewill saveenergy, becauseless
camerasareneededto answera particularquery. Tasking
allows thenetwork to scaleto very largenumbersof cam-
eranodes.However, taskingcamerasis moredif�cult than
taskingmany other typesof sensorsbecausecamerascan
seefar awayandconsequentlythedatais nonlocal.Simply
taskinglocal cameranodesmayleadto poorresults.

In this paper, we taskcameranodesto reasonaboutoc-
cupancy. Figure1 illustratestwo differenttaskingstrategies
of choosingtwo camerasoutof three,andshowsthatintelli-
genttaskingmakesahugedifferencein thequalityof infor-
mationthatcanbeobtainedfrom thecollaboration.Tasking
thetwo camerasin (b) yieldsbetterinformationthanin (a)
becausethetaskingin (b) is ableto localizethetwo circular
objects.

In additionto theinformationquality of thetaskedcam-
eras,we shouldalsoconsideref�cient updates.Sinceob-
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jectsaremoving aroundsmoothly, afterasmalltimestep,a
goodsubsetof camerasis not likely to changemuch. This
suggeststhat it might be possibleto computethe new set
of camerasby updatingthepreviousset. This is alsovery
importantin termsof energy consumption.

We introduce ef�cient cameratasking heuristics that
minimizeareasthatarepotentiallyoccupiedbymovingob-
jectsandcomparetheir performancein simulationand in
a realsystemof 16 cameras.We arguethat theoccupancy
information is useful for many applicationslike tracking,
countingandmonitoring.Theresultshows thatour heuris-
tic is energy-ef�cient andselectsgoodsubsetsof cameras.
We also implementa simple tracking algorithm basedon
theoccupancy informationprovidedby our taskingheuris-
tic andshows that the tracker basedon our taskingoutper-
formsthetrackerwith no tasking.

This paperwill be organizedas follows: In section2,
we will introducethesensortaskingproblem. In section3
and4,wewill explainthenumberof camerastaskedandthe
heuristicsfor taskingthecameras.In section5, wewill give
simulationandexperimentalresults.A trackingapplication
will bepresentedin section6. In section7, we will give a
briefoverview of relatedworkandin section8,weconclude
anddiscussfuturework.

2 SensorTaskingProblem

2.1 Local Processing

In a WSN, eachsensornodeis operatedunderenergy
constraint.It is crucialto performasmuchlocalprocessing
aspossibleto reducetheamountof informationthatneeds
tobecommunicatedtoothernodesbecausethecommunica-
tion costis muchhigherthanthecomputationcost[12]. For
imagesensors,a light-weight local processingalgorithmis
alsoimportant,sincemany imageprocessingandcomputer
vision algorithmsareextremelycomputationallyexpensive
andcancausesigni�cant energy consumptionateachnode.

Oneof thesimplestimageprocessingalgorithmsis back-
ground subtraction, wherea backgroundimage( �����

matrix) is subtractedfrom eachnew imageto segmentthe
object regions. We further compressthe backgroundsub-
tractedimagebysummingthecolumnsto geta1-Dscanline
( � dimensionalvector) that describesthe foregroundob-
jects.1 Figure2 illustratesthebackgroundsubtractionand
1-D scanline.A scanlineis a verycompactsummarization,
sinceonly � numbersareneeded,andthis canbe further
compressedby run-lengthcoding. This will result in big
savingsin thecommunicationcost.

1To increaserobustness,ouractualimplementationwasmoresophisti-
cated.Pleaseseesection5.2.2for details.

-
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Figure 2. Backgr ound subtraction and 1­D
scanline

c

a

a 1D scan line
a
b

a

b

c

Figure 3. Visual hulls

2.2 Occupancyand Visual Hulls

Although a single scanlinecan be computedvery ef�-
ciently andhasa very compactrepresentation,it provides
little information,sinceit only tellswhetheraspeci�c direc-
tion (cone)is occludedby oneor moreobjects. However,
by combiningmany 1-D scanlineswe canreasonaboutthe
regions that are potentially occupiedby objects. The in-
tersectionof the occludedconesfrom the 1D scanlinesis
calledvisualhulls. This is themaximalareathat couldbe
occupied(�gure 3).

Many applicationslike people counting, multi-object
tracking,andgroupbehavior monitoringdependon occu-
pancy information,soit is critical to haveanaccuratevisual
hull thatresultin thetightestoccupancy. If we do not have
energy constraints,we canuseall thecamerasavailableto
computethe bestvisual hull sincethe areamonotonically
decreasesas the numberof camerasincreases.However,
this is not a realistic scenariofor a WSN becauseas the
numberof usedcamerasnodesincreases,thenetwork will
quickly run out of energy. Therefore,it is importantto be
ableto taska subsetof camerasnodesto save energy.

2.3 ProblemFormulation and Assumptions

Given � objectsand � cameras,we want to task 	


��

��
 camerasthatminimizethevisualhull area.For sim-
plicity, we make the following assumptions.All the cam-
erasaremodeledby perspectiveprojectionandhavea �������
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�eld of view. The camerasarepointing toward the center
of the room, so the only parameteris the position on the
perimeterof theroom.Theobjectsarediscs.

Problem1: For � randomlyplacedobjects,whatis the
expectednumberof camerasneededto guaranteea visual
hull areathat is within a certainfactor of theareaactually
occupied?

For a givencameraandobjectplacement,we cancom-
putethevisualhull area,but wedonotknow how to express
this areaasa function of the cameraandobjectpositions
thatcanbeeasilyusedto calculatetheexpectednumberof
camerasneeded.We solve this problemin thenext section
usinga Monte-Carlosimulation.

Problem2: For � randomlyplacedobjectsand � cam-
eras,what is theoptimalcamera placementfor minimizing
thevisualhull area?

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

Problem 3: For � randomlyplaced objectsand �

placedcameras(knownpositions),whatis theoptimalsub-
setof 	 camerasfor minimizingthevisualhull area? If the
objectpositionsareknown,whatis theoptimalsubset?

For randomlyplacedobjects,onceagainit makessense
that taskinga uniform (asevenly spacedandseparatedas
possible)subsetof camerasshouldbe optimal. Given the
objectpositions(or approximatepositionsfrom the previ-
oustimestep),theoptimaltaskingcanbecomputedby 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 goodcamerataskingsquickly. There
is alsoanadditionalconsiderationthatasobjectsmove,the
new subsetof camerastasked shouldnot be too different
from theprevioussubset,sothatcamerasarenot turnedon
andoff too frequently. This will alsobe accountedfor in
designingour heuristics.

3 Number of Camerasfor Tasking

In this section,we presentan empiricalsolutionto the
problemof determiningthenumberof camerasrequiredto
guaranteeavisualhull areawithin a factorof theminimum.
Speci�cally, wewantto know, for agivennumberof objects
in aroom,how many camerasweneed.To thisend,weper-
formeda Monte-Carlosimulation. We randomlydropped
circular objectsof radius0.1 insidea circular room of ra-
dius 1. Objectswerenot allowed to overlap- overlapping
objectswere removed and droppedagain. Cameraswere
placeduniformly aroundtheperimeterof the room. For a
given numberof objectsand a given numberof cameras,

thevisualhull areawascomputed.For eachsetting,we re-
peatedthis500timesandaveraged,to computetheexpected
areaof thevisualhull.

R

Q

Object2

Camera

Object1

(a) (b)

Figure 4. Residual error in the VH due to oc­
clusion

An importantnote is that the visual hull areadoesnot
converge to the actual total object areaas the numberof
camerasgoesto in�nity for 2 or moreobjects.This is be-
causeof occlusion. In the caseof 1 object, there is no
occlusion,so asthe numberof camerasincreases,the cir-
cumscribingtangentlinesof thevisualhull closein on the
object from all sidesand the visual hull convergesto the
object(�gure 4a.). In thecaseof 2 objects(�gure 4b.), Ob-
ject2occludesall tangentlinesin theregion Q, resultingin
theresidualareaR thatoverestimatesObject1evenwith an
in�nite numberof cameras.For morethan2 cameras,in ad-
dition to theseocclusionfrom pairsof objects,therearealso
occlusionsfrom multiple


����


 objects.Figure5 showsthe
residualareaof the visual hull, normalizedby the areaof
an object, of 1 to 10 objectsseenby 2000 cameras. As
thenumberof objectsincreases,theresidualareaincreases
dueto moreocclusions.The2000cameracasewasusedto
approximatethecasewhenthenumberof camerasgoesto
in�nite.

The main result for this sectionis plotted in �gure 6,
which shows the accuracy of the visual hull for different
numbersof objectsandcameras.Theresidualof thevisual
hull is scaledby the “in�nite” cameracasefor the corre-
spondingnumberof objects,becausethat correspondsto
theminimumpossiblevisualhull area.

Observation 1 For a singleobject,the residualof the ex-
pectedvisualhull areadecreasesas  


"!

�$#


 for � cameras.
Thisis asexpectedbecausetheresidualof a regularcircum-
scribedN-gonof a circle also decreasesas

!

�
#

. For 2 or
moreobjects,theresidualdecreasesat a slowerandslower
ratedueto an increasingnumberof occlusions.

For anapplicationthatrequiresthevisualhull areato be
within a certainfactorof theminimum,thentheplot in �g-
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Figure 5. Residual of the expected VH with
“in�nite” number of cameras

ure6 canbeusedto decidetheexpectednumberof cameras
needed.This resultwasfor uniformly placedcameras,but
for camerataskingheuristicsthat perform betterthan the
uniform case,we will geta lower residualarea,hencethis
resultprovidesanempiricalupperboundon thenumberof
cameras( 	 ) to task.

4 CameraTaskingAlgorithms

Given the numberof camerasto task ( 	 ), we want to
task the most relevant ones. Assumingthereare � cam-
eras( �

�

	 ), we wish to �nd thesubsetof 	 camerasthat
will minimizethevisualhull area.We testedthefollowing
approachesto taskingcameras:

4.1 Uniform

The simplestapproachis to pick camerasto cover the
spaceasevenly as possible. Given no other information,
this is probably the bestapproach. Besidesinitialing by
taskingthe uniform setof cameras,this approachdoesno
additionaltasking.

4.2 Clustering

For 2 objectsand2 cameras,if % is thevectorconnecting
theobjects,and &

! and &(' aretheunit vectorsdescribingthe
directionof thecameras,weknow thatchoosing&

!*)

% and
&+'-,.% givesa goodplacementbecausetheresultingvisual
hull hasno phantomareas(�gure 7). Motivatedby this,we
generalizethis ideato �

�/�

objectsand 	

�0�

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 , placementfor somecamera.Speci�cally, given the
objectlocations,wemaximize:

1 2436587:9";=<
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(1)

where %

2R5

is the vectorconnectingthe SUT4V and WGT4V object.
It turnsout that the solution to this optimizationproblem
caneasilybeapproximatedby 	 -meansclustering[1]. We
simply perform 	 -meansclusteringon theanglesXI%

2R5

and
XI%

M

2E5

, YQS[Z\W , to getthek optimalcameradirections.Thecam-
eraswith theclosestdirectionsarethentasked.

c2
v

1c

Figure 7. Good placement for 2 objects and 2
cameras
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4.3 Optimal

Given the objectandcameralocations,the optimal ap-
proachcomputesthesubsetof camerasthatgivesthetight-
estoccupancy . This requiresthebruteforce searchof all
possiblecameracon�gurations,andreturnsthe con�gura-
tion with thesmallestvisualhull area.Thecostis  




� �

� � 
 .

4.4 Greedy

This approachinvolvesgreedilysearchingfor the sub-
set of camerasthat gives the tightestoccupancy. Instead
of searchingall possiblesubsets,it greedilypicks the best
cameraoneata time. Thefollowing pseudo-codedescribes
thealgorithmin detail:

Algorithm GreedyTasking
Select] of ^ camerasgreedilyto minimizethevisualhull area
Output:a set _ of the ] selectedcameras
1. _ = emptyset
2. for ` = 1 to ]

3. MinimumArea= in�nite;
4. for Camera= 1 to ^

5. if (Cameraa

b

_ )
6. addCamerato _

7. c = visualhull areausingcamerasin _ ,
giventheobjectlocations

8. if ( c�d MinimumArea)
9. MinimumArea= c

10. BestCam= Camera
endif

11. remove Camerafrom _

endif
endfor Camera

12. addBestCamto _

endfor `

Note that the the object locationsareusedin the algo-
rithm. Whenthis informationis not available,an estimate
is usedbasedonthevisualhull from theprevioustimestep.
Thepolygoncentersof thepreviousvisualhull areusedas
theobjectlocations.Thecostof greedytaskingis  




	6��
 .

4.5 Incr ementalGreedy

This assumesthata subsetof 	 camerashaspreviously
beentasked and the objectshave not moved far, so only
someof thecamerasneedto beupdated.Insteadof greedily
pickingall thecameraseachtime,only a subsete of the 	

camerasis greedilyupdated.
First, e camerasaregreedilyremovedoneatatimefrom

thetaskedsubset.Next, e camerasaregreedilyaddedone
ata time. Greedyremoveandaddoperationsareverysimi-
lar to thefull greedyalgorithmdescribedabove.For remov-
ing greedily, thefollowing linesneedto bereplaced:

2. for ` = 1 to f

5. if (Camerab

_ )
6. remove Camerafrom _

11. addCamerato _

12. remove BestCamfrom _

After removing thecameras,e new camerasaddedwith
thesamealgorithmasthe full greedyalgorithm,with only
thefor loop at line 2 runningfrom 1 to e . Thecostof this
is  




eg��
 . For our experiments,wewill useeihj� .

5 Simulationsand Experiments

We testedtheabove mentionedheuristicsin bothsimu-
lationandin therealsystem.

5.1 Simulations

Thesimulationsassumethereare5 circularobjectsin a
roomof radius1. Theobjectshaveradius0.1.Thecameras
areassumedto be placedalongthe perimeterof the room
andhave �����

� �eld of view. Perspective projectionis as-
sumedin constructingthevisualhull of a givenobjectand
cameracon�guration. For all the simulationsandexperi-
ments,thepolygonsin thevisualhull thataretoo small to
be real objects(smallerthantheobjectarea)areremoved.
Simulationsfor both staticobjectsandmoving objectsare
performed.

5.1.1 Static Objects

For thesesimulations,5 objectsare randomlydroppedin
the room. Then the camerasare placedaccordingto the
uniform, clustering,greedy, andoptimalalgorithms,using
theactualobjectlocations.Actual locationsareusedsince
objectsarerandomlydroppedandthereis no previousesti-
mateof their positions.

Uniform placementrequiresno computation,and it is
the bestbet when thereis no a priori information on the
objects' locations. It is chosenasa referenceto compare
againsttheotheralgorithms.Theresidualareavs. number
of camerastasked are shown for thesealgorithmsin �g-
ure8. For a givennumberof camerasandtaskingscheme,
many randomdropsaresimulatedandaveragedto generate
theexpectedvisualhull area.

Clusteringdoesmuch worsethan the greedyandopti-
mal algorithms. The reasonfor this is becausethe greedy
andoptimalalgorithmstry to minimizethevisualhull area
directly, while the clusteringalgorithm tries to maximize
themetricwe hadin equation1. Thehopewasthis would
help minimize the visual hull area. While it still can do
betterthanuniform placementfor small numberof tasked
cameras,it is inferior comparedto thegreedyalgorithm.
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Figure 8. Performance of the tasking algo­
rithms with static objects

Optimal placementperformsthe best,asexpected,but
is expensive to compute.Still, thegreedyplacementalgo-
rithm canachieve very closeresultsto optimal. This algo-
rithmandtheincrementalvariationof it whenthereisobject
motionwill bediscussedin thenext section.

5.1.2 Moving Objects

For thesesimulations,the objectsare initialized with ran-
dom drops, and assumedto be moving accordingto the
randomwaypointsmotion model. The objectseachpick
a randomdestinationin theroomandtry to headtherein a
straightline ataconstantvelocity. If two objectsblockeach
other, eachtries to getaroundtheotherby circling around
to theright.

At eachtime step,thecentersof thepolygonsfrom the
visualhull of theprevioustimesteparefound.Thesepoly-
goncentersarethenusedby the taskingalgorithmsasthe
objectcentersfor thecurrenttimestep.Thevisualhull area
is computedover a periodof time, anda time-averageof
the residualvisual hull areais computedfor the different
taskingalgorithmsandfor differentnumberof cameras.

Anotherheuristicthat is usedhere,but not in the static
objectscase,is theincrementalgreedyalgorithm(explained
in section4.5). It is lessexpensive computationallycom-
paredto the greedyalgorithm and is suitablefor moving
objectsbecausethe scenedoesnot changedrasticallyin a
timestep.

Theresultsfor uniform, greedyandincrementalgreedy
taskingalgorithmsare shown in �gure 9. It is clear that
both greedytaskingalgorithmsperform much betterthan
uniform tasking. Incrementalgreedyplacementachieves

almostasgoodperformanceasgreedilyplacingall cameras
at eachtime step.
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Figure 9. Performance of the tasking algo­
rithms with moving objects

Incrementalgreedyalgorithmis alsotestedwith differ-
entupdaterates.That is, insteadof incrementallyupdating
thetaskedcamerasateachtimestep,weupdatedevery kNl?m ,

n

T4V and o
T4V time step.Theresultsof thesesimulationsare

shown in �gure 10
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Every frame

Figure 10. Performance of the incremental
greed y algorithm with diff erent update rates

As expected,theperformancegetsworseasupdaterates
getslower, however, it couldbearguedthatevenwith very
slow updateratessuchas every oJT4V time step,much bet-
ter performancethanuniform is achieved,andupdaterate
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canbetradedoff with lesscomputationandcommunication
cost.

5.2 RealExperiments

We testedtheabovealgorithmsin anexperimentalsetup
with realnetworkedcameras.Theexperimentalsetupis ex-
plainedbelow.

5.2.1 Experimental Setup

Thesetupconsistsof 16webcamerasplacedarounda
���Dp

�

�rq

p

room. The horizontalFOV of the camerasis sGqN� , and
they all look inward. Therelative positionsof thecameras
in the room canbe seenin �gure 11. A view of the room
(from camera5) showsa typical scenewith threepeoplein
theFOV (�gure 12).

1

1514131211

10

9
8

7 6 5

16

4
3

2

Figure 11. Positions of the cameras in the real
setup. The cones sho w the FOV of the cam­
eras and the grid spacing is 1 foot

The camerasare hooked up to a PC via IEEE 1394
(FireWire) interfaceandcanprovide8-bit 3-channel(RGB)
raw video at 7.5 frames/s.The PC connectedto a camera
modelsasensornodein thenetworkwith processingpower.
EachPCis connectedto 2 cameras,but thedatafrom each
camerais processedindependentlyfrom the other. These
PCsarethennetworkedto a centralPC,wherefurtherpro-
cessingis performed.Thenetworking is implementedin a
wired medium,becausethe limited bandwidthis our only
concernof WSNsandotherconcernslikecollusion,fading,
etc.arenot topicsof this research.

Raw datafrom eachcamerais gatheredat thenodePCs
and are locally processedtoward our application's needs.
This will be explained in detail in section5.2.2. When

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

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

5.2.2 Local Processing

Eachframeconsistsof 3 channels(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 step mainly calls
a pixel foreground, if its [R,G,B] color vector's angle is
morethana thresholddifferentfrom thebackground'scor-
respondingpixel. This givesa binary indicator imageof
foreground. To suppressfalsepositives, a morphological
openingoperationis alsoimplemented.Theresultingimage
is correctedfor lensdistortion.Thenthis imageis summed
vertically to generatethe scanline. A spatialand tempo-
ral smoothing,anda median�lter is appliedto thescanline
to furthersuppressfalsenegatives,which would otherwise
causesplits.Theresultingscanlineis just640bits,which is
sentover to thecentralcomputerfor �nal decisionmaking.
All of theaboveis donein realtime at7.5 frames/s.

5.2.3 Experimental Results

For thissection,datawastakenusingtheexperimentalsetup
with 3 people. Fewer peoplewereusedherebecausethe
camerashaveasmall�eld of view andtherealdataincludes
noise,thusmakingtheproblemmoredif�cult.

Uniform taskingneededto be modi�ed for the experi-
mentalsetupbecausethe room in our setupis not circular
and the camerashave �x ed positions. For 8 cameras,the
oddnumberedcamerasareselected(See�gure 11). For 6
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cameras,camerasnumbered5 and9 areremovedfrom the
8 cameracase.For 10 cameras,camerasnumbered8 and
16areaddedto the8 cameracase.

The performanceof the taskingalgorithmscanbe seen
in �gure 13. Theplotsshow thenormalizedresidualvisual
hull areavs. numberof camerasused.Thenormalizationis
doneby dividing all visualhull areasby theminimumarea
thatwasachievedby all 16 camerasover all times. We do
not know theactualobjectareas,sothis is our bestapprox-
imation.Timeaveragesweretakenover thewholerun.
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Figure 13. Performance of the tasking algo­
rithms on the real system

Again, thegreedyalgorithmsperformedbetterthanuni-
form. For certain number of cameras,the incremental
greedydoesslightly betterthanthegreedyalgorithm,which
is unexpected.Thesealgorithmsassumethatthecentersof
thepolygonsfrom theprevioustimesteparetherealobject
centers,which is only a roughapproximation.Severalbad
approximationsprobablycausedthe full greedyalgorithm
to performworse.In thelong run,we expectgreedyto per-
form betterthan incremental. The importantresult is the
incrementalgreedyperformswell in therealsetting.

6 Application: Tracking

Thevisual hull is a powerful primitive thatcanbeused
by many otherapplicationsaswe statedbefore. Applica-
tionssuchastrackingpeople,detectingunusualevents,and
countingpeoplein anareausuallydependon having good
occupancy information. Our camerataskingschemepre-
cisely minimizesthe maximal areathat can be occupied.
This maximum occupancy information can then be used
by all thoseoccupancy dependentapplications. We will

demonstratethebene�tsof usingour taskingschemein one
particularapplication:tracking.

Supposewewantto trackmoving objectsin aroomwith
our cameranetwork. We cando this by �rst generatingthe
visual hull of the moving objects. If thereis enoughdata,
the visual hull polygonswill model the objectsvery well,
and thesepolygonscan be usedto track the objects. For
eachframe, we computethe centersof the polygonsand
usetemporalcoherenceto track the motionsof thesecen-
tersovermultiple frames.Thesepolygoncentertrackswill
be the estimatesof the actualobjecttracksin our tracking
algorithm.Clearly, thetighterthevisualhull is to theactual
objectareas,themoreaccuratethis trackingalgorithmwill
be.

We implementedthis trackingalgorithmon top of our
taskingalgorithmandcomparedtheperformanceof thein-
crementalgreedycamerataskingcasewith a uniform cam-
eracase(no tasking). The simulationwassetup with six
circularobjectsof radius0.1 moving in a circular roomof
radius1 with thecamerasarrangedalongtheperimeter. For
the uniform cameracase,cameraswere placeduniformly
aroundtheperimeterandall thecameraswereused.For the
incrementalgreedycase,a subsetof 16 uniformly spaced
cameraswastaskedateachtime step.

Real Path
Estimated Path

(a) (b)
6 uniform cameras Tasking4 cameraswith

meansqrerror=0.370 incrementalgreedy
meansqrerror=0.037

Figure 14. Comparison of the trackers sho w­
ing the real and estimated tracks of one of the
six objects

A comparisonof the tracks of one of the six objects
is shown in �gure 14. The uniform casewith 6 cameras
is comparedagainstthe incrementalgreedytasking case
whereonly4 camerasaretasked.The�gure showsthatwith
6 cameras,theuniform caselost track of theobject,while
thetaskingcasedid not. Thetaskingcaseusedfewer cam-
eras,thussaving energy becauseadditionalcamerascanbe
turnedoff andsaving networking bandwidthbecausedata
from lesscamerasaresent,andstill outperformedtheuni-
form case. With 7 cameras,the uniform tracker wasable
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to successfullytracktheobjectwith a meansquareerrorof
0.014,but tasking7 camerasstill outperformstheuniform
case,with a meansquareerrorof 0.009.

7 RelatedWork

Much work existsin thecomputervisioncommunityon
video surveillanceandmonitoring [4, 5, 9], of which the
goal is larger-scalemonitoringof activities over long time
periods. Distributedresourcetasking,however, is not the
main concernof thoseworks, sincethey useall the cam-
erasfor their tasks- trackingobjectsanddetectingactivi-
ties. Onething they have in commonis that eachcamera
sendssummariesof eventsto a centralizedcomputer, not
thevideostreamitself. However the local processingmay
becomputationallyveryexpensive.

In robotics, occupancy maps are often computedfor
robot navigation tasks. Typically, various rangesensors
suchassonaror laserrange�nders areused. Imagesen-
sorshave alsobeenused.In [10], multiple camerasdetect
foregroundto determinethe occupancy in real-time. The
drawbackof this systemis thata centralcomputercollects
thevideostreamfrom all thecamerasto computetheoccu-
pancy.

In computergraphics,arelatedproblemis theart-gallery
problem[16]. Thegoalof this problemis to cover a given
spaceusingtheminimumnumberof cameras.Thesetting,
however, is mainlyof theoreticalinterestandtheresultsare
notapplicableto ourcontext, sincetheirde�nition of occlu-
sionandutilities aredifferentfrom our context.

Anotherrelatedproblemin roboticsandgraphicsis the
selectionof the next bestview. Onescenariois to select
thebestviews to cover thesurfaceof an object[19]. This
allows a 3d range�nder to build the best3d model with
the leastnumberof views. Anotherscenariois to pick the
bestviews for sceneunderstanding.[18] de�nes a view-
point entropy that favors sceneswith more ”information.”
Projectedareasof scenepartsareconvertedinto probabil-
ities for theentropy computation.The commonthemebe-
tweenthenext bestview work andoursis thede�nition of
an objective function that is thenmaximizedby searching
ef�ciently overpossiblecamerapositions.

In WSNs,theresourcetaskingproblemhasbeenstudied
extensively. In [3, 20], the authorsproposea utility-based
framework thatcombinesinformationutility of asensorand
thecostof taskingit in a singletarget trackingapplication.
Many other recentworks [2, 17] in WSN studyproblems
of resourceallocationandloadbalancingbasedon utilities
andgametheory, but their settingis theoreticalandnot ap-
plicableto a cameranetwork. Not muchwork existson us-
ing camerasin aWSN.[15] surveysthevariousissueswith
usingcameras- balancingthecomputationalcostof vision
algorithmswith thenetworking costof cameras,which are

highdataratedevices.
The most similar work to ours is probably[14]. Here

they try to task a subsetof camerasto localizea few ob-
jects.Thetaskingproblemis formulatedasaconstraintsat-
isfactionproblemandsolvedin a centralizedsetting.Their
work, however, doesnot fully addressthe issuesrelatedto
occlusionsand is simply basedon the simulation results
from a four cameracase.

8 Discussion

Wehavepresentedheuristicsfor reducingthevisualhull
areasboth for staticandmoving objects. If an application
were to usethe visual hull information, like multi-object
trackingor counting,thenthevisualhull areacouldbefur-
ther reducedby pruningthephantompolygonsthatappear
from nowhere(becausereal objectshave temporalcoher-
ence). This additionalprocessingcan be fed back to the
occupancy tasking algorithm to improve the visual hull.
Also, additional low level local processingsuchas color
histogramsand motion vectorscan be usedto further re-
ducethevisualhull area.

For the currentexperimentalsetup,the scanlinesfrom
thetaskednodesaresentto a �x edcentralnodethataggre-
gatesthescanlinesto computetheoccupancy. We canfur-
ther distribute the computation,by automaticallyselecting
theaggregatingnode.Oneideato electclusterheadsto task
thenearbycamerasandaggregatethe information. Cluster
headscanthenbe queriedfor the occupancy in a particu-
lar region. A distributedalgorithmfor clusterformationis
describedin [8] andcanbeusedfor this purpose.

For simplicity, wehavesofaronly placedcamerasalong
the perimeterof a simple convex shape(circle and rect-
angle). Our taskingheuristic, however, can be extended
to generalnon-convex shapespaces(suchashallway with
branchingrooms)andto camerasplacedinsidethe space.
Theonly differenceis thatsomeof thevisualhull polygons
will benon-convex, which is not a problembecauseour al-
gorithmsdonotdependon theshapeof thepolygons.

Sometheoreticalstudiesarenecessaryfor betterunder-
standingof visualhullsandcameratasking.For example,in
section3, theresidualof theexpectedvisualhull areascales
as

!

�$#

for oneobjectandit hasnicetheoreticalexplanation
in [6]. For morethanoneobject,however, we do not know
how theresidualscalesexceptfor theempiricalobservation
we made.It would beniceto understandif theresidualac-
tually scalesas

!

�ut

and,if so, determinethevaluesof the
exponentv for differentconditions,to giveabetterestimate
on thenumberof camerasfor tasking.Anotherinteresting
theoreticalstudy is to prove if the uniform cameraplace-
mentis optimalin termsof thevisualhull areawhenobject
positionsarenotknown.
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