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Abstract

Estimatingthenumberof peoplein a crowdedenvironment
is a central taskin civilian surveillance. Mostvision-based
countingtechniquesdependon detectingindividualsin or-
der to count,anunrealisticpropositionin crowdedsettings.
We proposean alternativeapproach that directlyestimates
thenumberof people. In our system,groupsof image sen-
sors segmentforegroundobjectsfrom the background,ag-
gregatethe resultingsilhouettesover a network,andcom-
putea planar projectionof the scene's visual hull. We in-
troducea geometricalgorithm that calculatesboundson
thenumberof personsin each region of theprojection,af-
ter phantomregionshavebeeneliminated. Thecomputa-
tional requirementsscalewell with the numberof sensors
andthenumberof people, andonly limitedamountsof data
are transmittedover thenetwork.Becauseof theseproper-
ties,our systemrunsin real-timeandcanbedeployedasan
untetheredwirelesssensornetwork.We describethemajor
componentsof our system,and report preliminary experi-
mentswith our �r st prototypeimplementation.

1. Intr oduction
Real-timeestimatesof a crowd sizearevaluablein many
situations.A real-timecountcanbeusedto enforcetheoc-
cupancy limit in abuilding, to actively managecity services
andallocateresourcesfor public events,to aid with crowd
controlduringrallies,andto detectunusualsituationsat an
airport. Currently, thereareno proven techniquesfor es-
timating crowd size. Existing techniqueseitheruseaerial
photographsor requirepeopleto estimatehow many peo-
ple passby severalcheckpoints.The�rst approachis only
possibleoutdoors.Also, automatedcountsfrom aerialpho-
tographsaredif�cult becauseof limited resolutionandoc-
clusions. Furthermore,this count is only valid for the in-
stancein timewhenthephotographsweretaken. In thesec-
ondapproach,thecountsfrom thedifferentcheckpointscan
be combinedto approximatethe total countof the crowd.
However, peoplemay have dif�culty estimatingthe count
at a busy checkpoint. Both of theseapproachesare labor
intensive,andneithercanproducereal-timeresults.

Countingcrowdsis dif�cult becausetherearemany oc-
clusions.Evenwith strongprior assumptionsandno com-
putationallimitations, often it is impossibleto count the
crowd from a singleview. A possiblesolutionto this prob-
lem is to usemany sensorsin a sensornetwork. The sen-
sornetwork canform clustersaccordingto thegeometryso
thateachclustercancountthenumberof peopleat a local
checkpoint.Theclusterscancommunicatewith eachother
to determinetheglobalcountof thecrowd in theareathat
all thecheckpointsenclose.Thesensornodeshave limited
computationandthenetwork haslimited bandwidth.Thus,
only simpleprocessingcanbedoneon the imagesandthe
datamust be aggregatedef�ciently . Moreover, the algo-
rithmsmustbelightweightenoughto run in real-time.

In this sensornetwork setting,we describeanapproach
to count crowds. Our current prototypecluster consists
of 8 imagesensornodesnetworked to a centralnodethat
countspeoplein real-time. The systemis scalableandro-
bust,somany of theseclusterscanbecombinedinto amuch
largersensornetwork to countoveramuchlargerarea.

Traditionally, countinginvolves�rst locatingall the in-
dividual objects.However, locatingall theobjectsis a de-
mandingtaskbecauseobjectsoften look alike or occlude
eachother, makingdataassociationdif�cult. In crowded
situationssomeobjectsmaybecompletelyhiddenfrom all
views andthereforeimpossibleto localizeindividually. To
avoid thesepitfalls, our techniqueis basedon the compu-
tation of boundson the numberof objectsin a region and
not on localizingindividual objects.This crucialdifference
allowsoursystemto functionwell evenin crowdedsettings.

In our system,eachsensorextractsforegroundobjects
from thebackgroundandsendsthe resultingbitmaps(i.e.,
silhouettes)over thenetwork. Both theprocessingandnet-
work bandwidthrequiredfor this are low. The datafrom
all sensorsis aggregatedin orderto computea planarpro-
jection of the scene's visual hull. This projectionis used
to boundthe numberand possiblelocationsof people,a
non-trivial taskgiven that portionsof the visual hull may
in fact be empty. The systemtracksregionsof spacethat
aredeterminedto be occupied.Our approachis not based
on the explicit detectionof peoplein the images,so there
is no pairwisematchingof peopleacrossframes.Thus,our
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computationalrequirementsscalewell with thenumberof
sensorsandthenumberof people.Also, the resultingsys-
temis robustto failuresof individual sensors.

The paperis organizedasfollows: Section2 describes
backgroundwork. Section3 introducesthe techniquesde-
velopedfor our sensornetwork. The systemarchitecture
andexperimentsarepresentedin Section4. Finally, in Sec-
tion 5, wemakeclosingremarksanddescribefuturework.

2 Background

Detecting People Several multi-camerasystemstackle
theproblemof trackingobjectsacrossmultipleviews[1, 4].
Someusestereotechniquesto aggregate the information
from different cameras. For example, in [5, 8], a stereo
camerais usedto locatethepeople,whereasin [17] two sets
of stereocamerasareused.Similarly, in thereal-timesys-
temproposedin [24] astereo-likealgorithmis appliedto all
pairsof omnidirectionalcameras.Althoughmulti-baseline
stereocouldbeusedto aggregatethedatafrom morethan
two pairsof cameras,theapplicabilityof thismethodis lim-
iteddueto its computationalcost.

Other techniquesdependon using a shape[8, 9] or
color [5, 17, 22] model to distinguishdifferentobjectsin
eachview. For instance,in [21], individual objectsareex-
tractedusingboth color andshape,andtheir locationsare
determinedby pairwisematchingbetweencameras.Prob-
abilistic models[12, 21] canbeusedto determinewhether
objectsobservedin differentviews arethesame.However,
matchingobjectsacrosspairsof viewscanbecomputation-
ally intensive dueto thelargenumberof possiblematches.

Multiple objectshave also beentracked from a single
view. In [15], aparticle�lter is usedto trackseveralpeople.
In [27], anMCMC approachis usedto segmentindividual
peoplefrom a crowd. However, thesetwo approachesare
currentlytooexpensive in thesensornetwork setting.

Countingoftenfollowstracking.If wecantrackobjects,
thenwe cancount them. Onescenariofor countingis to
usenon-overlappingsensorsplacedalonga route[12, 16]
andcountthenumberof passingobjects.Objectcorrespon-
dencesacrossviews canbe calculatedusingmotion mod-
els. This approachstill dependson trackingindividual ob-
jectsasthey movebetweensensoranddoesnotscaleasthe
numberof objectsgetslargeasin thecaseof acrowd.

Countingbecomesmostinterestingwhenit is infeasible
to track all the peoplein a scene.This situationtypically
arisesin crowdedscenes(Figure1), wherepeopleareoften
occludedfrom all views andthereforeimpossibleto detect.

SensorNetwork Ar chitecture Oursensornetwork is as-
sumedto becomposedof simpleelements.ModernCMOS
fabricationtechniquesallow groupsof logic gatesto be
etchednext to eachpixel without signi�cantly increasing

Figure1: Typical viewsof 7 peoplein oursetup.

the costof the sensor[18]. But this addedpower is only
usefulfor computationsinvolving neighboringelementsto
eachpixel. Thus,complex operationssuchasobjectdetec-
tion or separationstill requirethe useof a dedicatedcom-
puter, andarethereforedisallowedin ourarchitecture.

Thesensornetwork alsohaslimited bandwidth.It is un-
desirableto transmitimagesfrom all sensorsto a powerful
centralcomputerin orderto computepairwisematchingbe-
tweenall sensors.At bestwe canassumethat imagescan
be comparedonly amongneighboringsensors.But even
thisassumptioncausescomplicationsin practice.

Additionally, our simplesensorshave no objectmodel
andonly do backgroundsubtractionat the local level. No
objectdetectionor separationis donefor individual views.

For morebackgroundon sensornetworks andtheir ar-
chitecturalconstraints,see[6, 10, 13, 20, 23].

Visual Hulls The visual hull is the intersectionof all
conessweptout by thesilhouettesof objectsseenfrom all
cameraviews. It is thelargestvolumein which objectscan
residethatis consistentwith all thesilhouetteinformation.

Theexactvisualhull is computedin [19]. Voxel approx-
imationsarecomputedin [3, 25, 26]. [3, 19] computethe
visual hull in real-time(15 fps) on a dedicatedcomputer.
In this paper, only a planarprojectionof the visual hull is
required,reducingthecomputationalcostevenfurther.

Our projectionapproximatesa top view of the scene.
In [14], anoverheadcameratracksobjectsin aclosed-world
setting.However, their techniquerepresentsobjectsexplic-
itly andrequiresknowledgeof theexactobjectcount,which
maybeunavailable,especiallyfor crowdedenvironments.

3 Techniquesand Algorithms

Our goal is to determineboundsfor thecountandlocation
of peoplein a room from a planarprojectionof the visual
hull. The�rst stepis to computethisprojectionfrom thesil-
houettesmeasuredby thesensorsthroughbackgroundsub-
traction. The projectionis a setof polygons. The second
stepis to computeboundsto thenumberof objectsin each
polygon.As objectsmove, theseboundschangeandcanbe
improved over time. A treeis usedto recordtheir history.
Finally, the treeandits associatedpolygonsareusedto lo-
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(a) (b)

(c) (d)

Figure 2: Projectionof a silhouettecone. (a) and (c) are side
views; (b) and(d) arethe correspondingtop views showing the
projectionontothegroundplane.

Figure3: Differentobjectarrangementscanbe consistentwith a
givenvisualhull. Polygonsdevoid of objectsarecalledphantoms.

calizethoseworkspaceregionsthatareoccupiedby people.
All of thesestepsareexplainedin detail in thissection.

3.1 Projection of the Visual Hull

Ordinarily, peoplemove alonga plane.Therefore,thepro-
jection of the 3D visual hull onto this planecontainsthe
informationmostusefulfor countingandlocalizingpeople.

Figure2 shows how we projectthe3D visualhull. Each
measuredsilhouettesweepsa cone in 3D space. These
conesareprojectedontoa planeandintersectedin 2D. The
side view of a cameralooking at a personis depictedin
(a), with the planeof projectionparallel to the �oor . The
box shown in the�gure marksthelower andupperbounds
of the projectionthat is to be �attened to the plane. The
shadedregion is a cross-sectionof the3D coneformedby
thesilhouetteof theperson.Thisconeis projectedontothe
planeasseenfrom the top in (b). The shadedareain (b)
representsthe projectedvisual hull from onecamera.(c)-
(d) show theprojectionwith adifferentcamerapositionand
narrowerupperandlowerboundsfor theprojection.

Ourplanarprojectionof thevisualhull is theintersection
of the projectedsilhouetteconesfrom all cameras.Note
thatwe projectthesilhouetteconesandthenintersectthem
in 2D. This is not exactly equalto �rst computingthe 3D
visual hull and then projectingthe result. The latter can
be a subsetof the former, but in our problemsetting,both
arecloseto equalbecausepeopletend to occupy mostof
theverticalspaceof their projection.Theadvantageof our
projectionis thatit is muchcheaperto compute.

Figure4: Two successiveviewsshowing anappearingphantom.

Pruning Polygons The polygons composing the pro-
jectedvisualhull representall possibleregionsin theplane
that may containan object. The projectedvisual hull is
ambiguous,becauseseveralarrangementsof objectscanbe
consistentwith a givenvisualhull (Figure3). Someof the
polygonsin theprojectionmaybeemptyandwe call these
polygonsphantoms. The next stepis to pruneasmany of
thephantomsaspossibleusinggeometricconstraints.

Polygonsareprunedbasedon sizeandtemporalcoher-
ence.Thefollowing mustbephantomsandarepruned:

- Polygonssmallerthantheminimumobjectsize.

- Polygonsthatappearfrom nowhere.

Thesecondtypeof phantomis a propertyof threeor more
camerasasshown in Figure4. Two objectsareobserved
in two successive time steps,anda phantomappearson the
right. To checkthetemporalcoherenceof apolygonwetest
if it intersectsa polygonin thepreviousstep.This assumes
thatobjectscannotleavetheareacreatedby theirvisualhull
in a singlestep. This maximumspeedassumptioncanbe
adjustedby growing the polygonsin the previous stepbe-
forecomputingtheintersection.

3.2 Object BoundsUsinga History Tree

After pruning,thenext stepis to boundthenumberof ob-
jects insideeachpolygon. We cannotdo this exactly be-
causeobjectsmay be fully occludedby otherobjects. In-
stead,we keeptrackof the lower andupperboundsof the
numberof objectsin eachpolygon. If theseboundscon-
vergeover time thenwe have anexactcountof theobjects
in thatpolygon.

Upper Bound Constraint (UBC ) A constrainton theup-
per boundis the areaof the polygondivided by the min-
imum objectsize. This boundis very loosebecauseit as-
sumestheworstpossiblescenario:objectsclusterandmove
collusively togetherasa singletarget. This boundalsoas-
sumesthatobjects�ll theentireareaof thepolygonsregard-
lessof their geometry(actinglikewater).

Lower Bound Constraint (LBC ) A ray from a camera
intersectsa polygononly if thecorrespondingline of sight
wasblocked by an object. If only onepolygon intersects
that ray thensaidobjectmustbecontainedin thepolygon.
Therefore,a polygon containsat leastone object if there
existsa ray from acamerathatintersectsonly thatpolygon.
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This constraintis differentfrom UBC in that it countsdis-
tinct objectsdirectly. A real objectwasobserved alonga
ray andcounted. In contrast,UBC hypothesizesaboutthe
maximumnumberof objectsthatcould�ll apolygon.

TreeStructur e (T ) AlthoughLBC only tells usif a poly-
gon containsat leastoneobject,its behavior throughtime
conveys additionalinformation.To this end,we keeptrack
of thebound's historywith a treestructureupdatedat each
time step. By propagating the boundsalong this tree the
numberof objectsin thescenecanbefurtherconstrained.

At time t, eachleaf in the treestoresa newly observed
polygon and its associatedobject bounds. A nodein the
treerepresentsthe implicit unionof all thepolygonsof its
descendants— it containstheboundsto thenumberof ob-
jectsinsidethis union. Fromthis, we have the following 4
propertieson theobjectboundsacrossthetree:

l i = max(l i ;
X

8 j 2 children( i )

l j ) (1)

l i = max(l i ; lparent( i ) �
X

8 j 2 siblings( i )

uj ) (2)

ui = min(ui ;
X

8 j 2 children( i )

uj ) (3)

ui = min(ui ; uparent( i ) �
X

8 j 2 siblings( i )

l j ) (4)

Eqn.(1) statesthat if thereareat least
P

l j objectsin the
childrenpolygonsthenthe original parentmustcontainat
leastthis many objects. Eqn. (2) statesthat if thereareat
leastlparent objectsin the parent,and

P
usiblings objects�t

insidethe sibling polygons,thenthe differencemustbe in
the child. Reverseconstraintsapply for the upperbounds.
At the leaf level we have the constraintsUBC andLBC for
individualpolygonsdescribedbefore.

3.3 Updating the Tree

Let T bethestructureof thetreeat time t. Let �( t + 1) be
thepolygonsobservedat time t + 1. T is updatedin three
steps:addnew leavesto T , remove redundantnodesfrom
T , andupdateboundsacrossT .

Add Leaves EachP 2 �( t + 1) is addedasa leaf to T
usingthefollowing operations:

ADD (P ) TO (Q) : P intersectsexactly onepolygonQ 2 �( t)
—that is, objectsin P musthave originatedfrom Q. P is
addedasachild of Q. Theboundsof thenew leafcontaining
P areinitializedby UBC andLBC .

ADD (P ) TO (Q1 ; Q2) : P intersects exactly two polygons
f Q1 ; Q2g 2 �( t). Objectsin eitherQ1 or Q2 could have
movedto P . AddingP asachild to bothQ1 andQ2 creates
acycle in T . Instead,wecreateanew nodeQ(1 ;2) , addedas
a child to nodeN 2 T —the closestcommonancestorof
Q1 andQ2 . Now P, Q1 andQ2 becomechildrenof Q(1 ;2) :

P

Q1 Q2

N

P Q1 Q2

Q(1,2)

N

The bounds of the leaf containing P are initialized by
UBC andLBC . Additionally, in orderto keeptheproperties
of the tree correct, the boundsof Q(1 ;2) are initialized to
be the combinedboundsof Q1 andQ2 . The lower bounds
of all the nodesalongthe pathfrom Q1 to Q2 (beforethey
weremoved)aredecreasedby theupperboundof P . These
includeQ1 andQ2 , but notN .

ADD (P ) TO (Q1 ; : : : ; Qk ) : P intersects f Q1 ; : : : ; Qk g
2 �( t). This is handledby several nestedcalls to ADD.
Initially, ADD (P ) TO (Q1 ; Q2) is called. For subsequent
calls, P is removed from Q( i � 1;i ) and ADD (P ) TO

(Q( i � 1;i ) ; Qi +1 ) is called.

Remove Redundant Onceall new polygonsin �( t + 1)
areadded,we proceedto remove thosenodesin T thatare
redundant:

REMOVE REDUNDANT(T ) : Every elementN 2 T with one
child or lessis removed, unlessN 2 �( t + 1) (i.e., N is
a newly addedpolygon). Theboundsfor thechild of N (if
any) areupdatedto bethetighteramongthetwo.

This stageguaranteesthatonly thosepolygonsin �( t +
1) areleavesof T , andthatany othernodein T hasat least
two children.Therefore,thenumberof leavesin T is equal
to thenumberof observedpolygonsn, thedepthof thetree
is lessthanor equalto n, andjT j < 2n.

Update Bounds Object boundsare updatedacrossthe
treeto ensurethatEqns.(1-4) hold for every node.This in-
volvestwo sweeps:First, new informationfrom the leaves
is propagatedup to theroot of T . Afterwards,theupdated
boundsfor therootarepropagatedbackdown to theleaves.

3.4 Counting Algorithm

Thebasicstructureof thecountingalgorithmis asfollows:

1. Getnew readingsfrom eachsensor. Computethepla-
narprojectionof eachsilhouette.

2. Computethe intersectionof all projections.Storethe
resultantpolygonsin �( t + 1).

3. Removesmallpolygonsandphantomsfrom �( t + 1).

4. UpdatethetreestructureT .

5. Reportthenew boundsonthenumberof objectsin the
workspace.

Repeatfor t  t + 1.

At �rst glance,Step2 appearsto be an expensive op-
eration. In fact the cost is only linear in the numberof
camerasandtakesvery little time. In our implementation,
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theworkspaceis discretizedto bea 144� 144grid (corre-
spondingto 12 feetsquared).Theprojectionsof all silhou-
ettescanbe discretizedand intersectedin real-timeusing
graphicsaccelerationhardware. This operationis trivial in
amoderngraphicscard.

Step 4 is O(n2), where n is the numberof observed
polygons. This is becausethe amortizedcost of adding
oneleaf is O(n). However, this costis very differentfrom
thequadraticnumberof comparisonsassociatedwith most
pairwise-matchingalgorithms. There,eachcomparisonis
expensivebecauseit is dependentonboththeimageresolu-
tion andthenumberof cameras.Their overall costis more
thanquadratic. In contrast,our overall cost is O(n2 + c),
wherec is the numberof cameras.Moreover, the actual
cost of maintainingT in practiceis small and T can be
maintainedin realtime for very largevaluesof n.

ObjectsEntering or Exiting the Workspace If weallow
objectsto enterandexit theworkspace,thensomepolygons
in �( t + 1) will not intersectany polygonsin �( t). The
basiccountingalgorithmmustbeextended.

As objectsenteror exit, their correspondingpolygons
touchtheworkspaceboundary. We call theseborder poly-
gons. Borderpolygonsatt+ 1 thatdonotintersectpolygons
in �( t) couldbeobjectsenteringtheworkspace.Therefore,
thesepolygonsareaddedaschildrenof theroot nodeof T
andits upperboundis increasedaccordingly.

In contrast, border polygons that intersect polygons
in �( t) could be objects either entering or exiting the
workspace. But thesepolygonshave alreadybeenadded
to T . For eachof theseborderpolygons,we setthe lower
boundto zero. We decreasethe lower boundsof its ances-
tors by the upperboundof the borderpolygonto account
for thepossibilityof anobjectexiting. Likewise,theupper
boundof theancestorsof aborderpolygonareincreasedto
accountfor thepossibilityof anobjectentering.

Localizing Objects The treestructurecanbeusedto lo-
calizeobjectsby usingtheboundsandleaf polygons.Each
leaf polygon is �tted with circles,which approximatethe
crosssectionsof people.If a polygoncontainsa singleob-
ject, then the polygon — and its correspondingcircle —
is a goodapproximationof the object inside. Whenthese
polygonsmerge,we computethelocally optimumarrange-
mentof circlesinsidethenew polygon. Thecirclesinside
all polygonsareanestimateof all possiblelocationsof ob-
jects. Theselocationsareprunedby choosingonly circles
insidepolygonswith lower boundgreaterthanor equalto
thenumberof circles,to pruneoutpossiblephantoms.

4 Implementation and Experiments

Cameraswereplacedpointedhorizontally. Wechoseto test
this casebecauseit is themostdif�cult caseandresultsin

12 feet

1 2

8

7

6 5

4

3

Figure5: Topview of workspacewith thecameras'FOV lines.

themostocclusions.Theprojectionof thesilhouettecones
ontothegroundplaneis theleastconstrainingfor horizon-
tal cameras.In Figure2, the projectionfrom a horizontal
camera(b) is muchlarger thanthat from a cameralooking
downwards(d). Theotherextremeis to placethecameras
directlyoverheadpointeddownwards.Thismakestheprob-
lemtrivial becausethereis almostnoocclusionandthepro-
jectionfrom anoverheadcameramatchestheactualobjects
very accurately. Our countingalgorithmbecomesmoreac-
curatewith camerasthataremoredirectly overhead.How-
ever, in many realworldsituations,it is notpossibleto cover
a spacewith overheadcameras.So we decidedto testthe
worstcasescenariowhenall thecamerasarehorizontal.

Our systemconsistsof 8 calibratedcamerasarranged
arounda rectangularroom. Eachcamerais roughly4 feet
off the groundandpointshorizontally towardsthe room's
center. Thecamerassurrounda 12 � 12 ft workspace.No
singlecameracoverstheentirearea(Figure5).

The8 camerasareconnectedto a pair of dualprocessor
933 MHz PentiumIII computers.Backgroundsubtraction
is doneusingthe techniquedescribedin [11]. Eachcom-
putergrabsimagesfrom 4 cameras,andundistortsandruns
backgroundsubtractionon eachimage.Eachcamera,with
its backgroundsubtractionprocess,is modelledasa simple
imagesensorandestablishesits own TCP/IPconnectionto
the centralcomputer. The centralcomputer, a 800 MHz
PentiumIII, querieseachsensorover TCP/IP for the sil-
houettes,computesthe projectedvisual hull, andrunsthe
countingalgorithmdescribedin Section3

The sensorsare not synchronizedand only senddata
whenqueried. At a resolutionof 640x240,the sensorsdo
backgroundsubtractionat 15 fps and constitutethe sys-
tembottleneck.With specializedhardwarefor background
subtraction,the ratecanbe muchhigher. The foreground
bitmapscan be transmittedvery ef�ciently over the net-
work. Thecentralcomputeris actuallycapableof running
thecountingalgorithmat60 fps.

In theimplementation,polygonsarerepresentedasacol-
lectionof grid points.Thismakesthepolygonsmorerobust
to noisysilhouettes.Grid pointsareincrementedwhenthey
becomepart of a projectedsilhouette.However, asa grid
point ceasesto be part of the visual hull, its valuedecays
exponentiallyinsteadof beingresetto zero— grid points
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Figure6: Syntheticobjectsmoving in asquareroomwith width 1.
Plottedarethe maximumnumberof objectsthat a given number
of cameraswasableto countexactly.

arepersistent.If thereis a suddenerroneouscut througha
polygonbecauseof anoisysilhouette,persistentgrid points
prevent the polygonfrom fragmentinginto smallerpieces.
Theoverall effect is a temporalsmoothingof thepolygons
(theweightdropsto 10%in 0.22seconds).

4.1 SyntheticExperiments

Syntheticexperimentswith noise-lessdataweredoneto de-
terminethebest-caseresultsfor a groupof horizontalcam-
eras. The syntheticcameraswere evenly locatedalong a
circle surroundinga squareroom and directedto its cen-
ter. Objects(people)weremodeledasverticalellipsoidsof
known dimensions.The objectsmoved randomlyaround
theroom,while avoidingcollisions.

Thesimulationwasrun for differentnumberof cameras
anddifferentobjectsizes.Eachsimulationlastedthelength
of timeit wouldtakeoneobjectto travel tentimesthelength
of theroom.Thenumberof objectswas�x edin eachrun.

The maximumnumberof objectsfor which we get an
exact object count is plotted in Figure 6 (i.e., upperand
lower boundsconverge). As expected,more objectscan
be countedas the numberof camerasincreases.But this
eventuallylevelsoff whenthescenebecomestoo crowded.
When the peopledensitybecomessuf�ciently high, there
will bepairsof peoplethatcannotbeseparated(andthere-
fore distinguished)by any of the cameras. In the simu-
lations, the lower boundconverges fasterthan the upper
bound. This is due to the fact that the LBC constraintis
actuallycountingdistinctrealobjects.

Thecountingalgorithmcanberunatvery fastrates.For
example,anAthlon 1900+computercanprocessasceneof
20objectsat200fps.

4.2 Experimentswith RealData

In the real experiments,we alsoused8 camerasto count
(Figure5). Weallow peopleto enterandexit theworkspace
region throughany point in its boundary. In relationto the
syntheticexperiment,peoplecorrespondto an object size
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Figure7: Countof 5 peoplewalkingintoandoutof theworkspace.
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Figure8: Countof 8 peoplewalkingintoandoutof theworkspace.

between0:11-0:14. With 8 cameras,9-12peoplecouldbe
countedin the ideal syntheticcase,so this is the perfor-
manceceiling for therealcase.

Counting Experiments The purposeof these experi-
ments is to test the accuracy of the counting algorithm.
We had several peopleenter, walk around,and exit the
workspace.Figures7 and8 show two runswith 5 and8 peo-
ple, respectively. The lower boundandthe actualcountis
plotted.Theupperboundwasvery high andis not plotted.
The lower boundmatchesthe actualcountvery well. As
explainedearlier, the lower boundis tighter thantheupper
boundbecauseof thenatureof theLBC constraint.In ad-
dition, theUBC constraintis evenweaker herebecausethe
actualobjectsizeis unknown anddifferentfor eachperson.
The smallestminimum object size must be used,making
theupperboundevenbigger.

Also, allowing people to enter and exit weakens the
boundsfor polygonsnearthe edge. To get a betterlower
boundfor theseedgepolygons,whena polygoninsidethe
workspacemovesto the edge,the lower boundis not im-
mediatelysetto zero(becausepeoplecouldhave exited) as
would be requiredto guaranteecorrectness.Instead,the
lower bound is set to zero when the polygon disappears
from theedge.Thetradeoff is thatwhenpeoplewalk along
theedge,the lower boundis tighter, but whenpeopleexit,
therewill bea lag in thelowerboundbeforeit catchesupto
theactualcount.This is why in the�gures thelowerbound
lagsbehindtheactualcountwhenpeopleexit.

The erroneousspikes in the lower boundplots aredue
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Figure9: Actualpathsof 4 peoplein theworkspace.

Figure10: Left: Predictedlocationsin unused8th view. Right:
Correspondingprunedprojectedvisualhull.

to noise.A noisysilhouettecauseda personto besplit and
thuscountedtwice. This happenedtwice over 4000frames
andbothtimesthealgorithmquickly recovered.Also, in the
run with 5 people,oneof thecamerasfailed,so thewhole
runonly usedinformationfrom 7 of thecameras.

In theseruns,thelower boundis almostalwaysequalto
theactualcount.This is becausetheLBC constraintis very
goodandbecausepeopledonotalwaysmovecollusively. If
peoplewalk independently, even if their pathscrossoften,
the lower boundshouldbetight andwill tendto bea good
approximationof theactualcount.

Localization Experiment The purposeof this experi-
mentis to testthe accuracy of localizingpeople.We used
7 of the camerasto count and localize. The 8th camera
view was not usedin the computationand served as the
groundtruth. We projectedthe computedlocationsof the
peopleinto theunused8thview andmeasuredtheaccuracy
by checkingwhenthecomputedlocationswerecenteredon
people. The datawasgeneratedby 4 peoplewho entered,
walkedaround,andexited theworkspaceover a run of 700
frames.Figure9 shows theactualpathsof the4 people.

The video (881.mov) shows the predictedlocationsof
peoplein theunusedview. Theverticallinesarethebound-
ariesof thecircles.Theheightof eachhorizontalbarrepre-

sentsthecomputeddistanceof eachobjectfrom thecamera
(3 framesareshown in Figure10).

Peoplewere correctly localizedin the unusedview 87
percentof thetime,with 5 percentfalsepositives.Thefalse
positives are causedby the lag of the lower boundwhen
peopleexit becausethelower boundsof edgepolygonsare
not immediatelydecremented.Thesefalsepositivescanbe
eliminatedby immediatelydecrementingthe lower bound
of edgepolygonsat the cost of increasedfalsenegatives
becausepeoplewhowalk alongtheedgearemissed.

For more examples and future work, visit:
http://xenon.stanford.edu/ � dbyang/sensors.html .

5 Discussionand Futur eWork

We developeda systemthat countspeoplein a crowded
sceneusinga network of simpleimagesensors.We intro-
duceda geometricalgorithmthat computesboundson the
numberandpossiblelocationsof peopleusingsilhouettes
computedby eachsensorthroughbackgroundsubtraction.
Thesystemrequiresno initialization andrunsin real-time.
Our systemdoesnot computeany featurecorrespondences
acrossviews. Thus,thecomputationcostincreaseslinearly
with the numberof cameras.The result is a scalableand
fault tolerantsystem—the effect of a camerafailure is a
moderateincreasein the size of the projectedvisual hull
becausethereis onelesssilhouetteto intersect.

The currentprototypeusescentralizedcommunication,
which maybeeffective for a small local clusterof sensors.
The next step is to implementa decentralizedcommuni-
cationarchitecturewhich is appropriatefor a much larger
sensornetwork. This would furtherminimizetraf�c across
thenetwork, andimprove robustnessandscalability. In the
decentralizedapproach,insteadof the centralnode, local
clusterheadswould beelectedto aggregatethedata.Also,
insteadof sendingthe foregroundbitmap,the sensorscan
just aseasilysendthe2D projectionof this. For thesetup
in this paper, theprojectionwould bea 144� 144bitmap,
or a2.6kbytepacketuncompressed.Many of thesesensors
caneasilycommunicatetheirdataoverabandwidthlimited
network suchasa11megabitwirelessad-hocnetwork.

In the largernetwork, the local leaderscomputetheag-
gregated2D projectionandpasseitherthis or thecountup
thenetwork. Non-overlappingsensorsdo not needto com-
municatewith eachother. Redundantnodescanbe added
becausethe decentralizednetwork is scalable,makingthe
systemmorerobust. The larger network alsoallows us to
counta muchlarger crowd in a muchlarger area,perhaps
usingthecheckpointsstrategy describedin theintroduction.

A drawbackof thesystemis thesensitivity of silhouette
intersectionto noise. Noisy silhouettesthat underestimate
the sizeof objectsmay leadto an undercount.To prevent
this,weseta low background-subtractionthresholdto force
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silhouettesto becomeoverestimates.This convergesto the
correctvisualhull asthenumberof sensorsincreases.An-
othereffectof noiseis spuriouscutsthroughsilhouettesthat
areotherwisesolid. We addressedthis problemwith per-
sistentgrid pointson the projectionplane. Valuesat these
pointsdecayexponentiallyonceanobjectdisappears.

Usingavotingschemeamongcamerasmayimprove ro-
bustnessat thecostof moreconservativebounds.Thismay
be advantageousin a larger sensornetwork. Anotherap-
proachis to useun-thresholdeddatafrom the background
subtraction,which canbe interpretedasoccupancy proba-
bility measures.This requiresmorecommunicationband-
width but allows thebackgroundthresholdingto bepushed
forwardinto thesilhouetteintersectionstage,resultingin a
morereliablevisualhull.

In our experiments, we placed the camerason the
perimeterof the region of interest. This allows a small
numberof camerasto cover a relatively large region, as-
sumingthe region is convex. Our framework alsoallows
for camerasinsidetheregion,convex or notandover/above
theregion whenfeasible.Thenumberof sensorsandtheir
placementaffect theaccuracy of thecounting.Theoptimal
sensorplacementproblemneedsfurtherexploration [2, 7].
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