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Abstract

Estimatingthe numberof peoplein a crowdedervironment
is a cential taskin civilian surveillance Mostvision-based
countingtechniquesdependon detectingindividualsin or-
derto count,an unrealisticpropositionin crowdedsettings.
Wk proposean alternativeapproach that directly estimates
the numberof people In our systemgroupsof image sen-
sors sggmentforeground objectsfrom the badkground, ag-
gregatethe resultingsilhouettesover a network,and com-
putea planar projection of the scenes visual hull. We in-
troducea geometricalgorithm that calculatesboundson
the numberof personsin ead region of the projection, af-
ter phantomregions havebeeneliminated. The computa-
tional requirementsscalewell with the numberof sensos
andthe numberof people andonly limited amountf data
are transmittedover the network. Becausef theseproper
ties,our systenrunsin real-timeandcanbedeployedasan
untetheedwirelesssensometwork.\e describethe major
component®f our systemand report preliminary experi-
mentswith our r stprototypeimplementation.

1. Intr oduction

Real-timeestimatesof a crowd size are valuablein mary

situations.A real-timecountcanbe usedto enforcetheoc-

cupang limit in abuilding, to actively manageity services
andallocateresourcedor public events,to aid with crowd

controlduringrallies,andto detectunusuakituationsat an

airport. Currently thereare no proven techniquedor es-
timating crowd size. Existing techniqueseither useaerial
photographsr requirepeopleto estimatehow mary peo-
ple passby several checkpoints.The rst approachs only

possibleoutdoors Also, automateatountsfrom aerialpho-

tographsaredif cult becausef limited resolutionandoc-

clusions. Furthermorethis countis only valid for the in-

stancdn time whenthephotographsveretaken. In thesec-
ondapproachthecountsfrom thedifferentcheckpointsan
be combinedto approximatethe total countof the crowd.

However, peoplemay have dif culty estimatingthe count
at a busy checkpoint. Both of theseapproachesre labor
intensve, andneithercanproducereal-timeresults.
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Countingcrowdsis dif cult because¢herearemary oc-
clusions. Evenwith strongprior assumptiongndno com-
putationallimitations, often it is impossibleto count the
crowd from asingleview. A possiblesolutionto this prob-
lem is to usemary sensorsn a sensometwork. The sen-
sornetwork canform clustersaccordingto the geometryso
that eachclustercancountthe numberof peopleat a local
checkpoint.The clusterscancommunicatevith eachother
to determinethe global countof the crowd in the areathat
all the checkpointsnclose.The sensomodeshave limited
computatiorandthe network haslimited bandwidth.Thus,
only simple processinganbe doneon the imagesandthe
datamust be aggreyated ef ciently. Moreover, the algo-
rithmsmustbelightweightenoughto runin real-time.

In this sensometwork setting,we describean approach
to countcrowds. Our current prototype cluster consists
of 8 imagesensomodesnetworked to a centralnodethat
countspeoplein real-time. The systemis scalableandro-
bust,somary of theseclusterscanbecombinednto amuch
largersensometwork to countover amuchlargerarea.

Traditionally, countinginvolves rst locatingall thein-
dividual objects. However, locatingall the objectsis a de-
mandingtask becausenbjectsoften look alike or occlude
eachother making dataassociatiordif cult. In crowvded
situationssomeobjectsmay be completelyhiddenfrom all
views andthereforeimpossibleto localizeindividually. To
avoid thesepitfalls, our techniqueis basedon the compu-
tation of boundson the numberof objectsin a region and
noton localizingindividual objects.This crucial difference
allows oursystento functionwell evenin crovdedsettings.

In our system,eachsensorextractsforegroundobjects
from the backgroundand sendsthe resultingbitmaps(i.e.,
silhouettespver the network. Both the processingandnet-
work bandwidthrequiredfor this arelow. The datafrom
all sensorss aggreatedin orderto computea planarpro-
jection of the scenes visual hull. This projectionis used
to boundthe numberand possiblelocationsof people,a
non-trivial task given that portionsof the visual hull may
in factbe empty The systemtracksregionsof spacethat
aredeterminedo be occupied.Our approachis not based
on the explicit detectionof peoplein the images,so there
is no pairwisematchingof peopleacrossframes.Thus,our



computationalequirementscalewell with the numberof
sensorandthe numberof people. Also, the resultingsys-
temis robustto failuresof individual sensors.

The paperis organizedas follows: Section2 describes
backgroundwvork. Section3 introducesthe techniquesie-
velopedfor our sensometwork. The systemarchitecture
andexperimentsarepresentedn Sectiond. Finally, in Sec-
tion 5, we male closingremarksanddescribeuture work.

2 Background

Detecting People Several multi-camerasystemstackle
theproblemof trackingobjectsacrosanultiple views|[1, 4].
Someuse stereotechniqueso aggreate the information
from different cameras. For example, in [5, 8], a stereo
camerds usedto locatethepeople whereasn [17] two sets
of stereocamerasareused. Similarly, in the real-timesys-
temproposedn [24] astereo-lile algorithmis appliedto all
pairsof omnidirectionalcameras Although multi-baseline
stereocould be usedto aggrejate the datafrom morethan
two pairsof camerastheapplicabilityof thismethodis lim-
ited dueto its computationatost.

Other techniquesdependon using a shapel[8, 9] or
color [5, 17, 221 modelto distinguishdifferent objectsin
eachview. Forinstancejn [21], individual objectsareex-
tractedusing both color and shapeandtheir locationsare
determinedby pairwisematchingbetweencameras.Prob-
abilistic models[12, 21] canbe usedto determinewhether
objectsobsenredin differentviews arethe same.However,
matchingobjectsacrosgairsof views canbe computation-
ally intensve dueto thelarge numberof possiblematches.

Multiple objectshave also beentracked from a single
view. In [15], aparticle lter is usedto trackseveralpeople.
In [27], an MCMC approachs usedto segmentindividual
peoplefrom a crowd. However, thesetwo approachesre
currentlytoo expensve in the sensometwork setting.

Countingoftenfollows tracking. If we cantrackobjects,
thenwe can countthem. One scenariofor countingis to
usenon-overlappingsensorglacedalonga route[12, 16]
andcountthenumberof passingobjects.Objectcorrespon-
dencesacrossviews canbe calculatedusing motion mod-
els. This approachstill dependson trackingindividual ob-
jectsasthey move betweersensomanddoesnot scaleasthe
numberof objectsgetslargeasin the caseof acrowd.

Countingbecomesnostinterestingwhenit is infeasible
to track all the peoplein a scene. This situationtypically
arisesn crovdedscenegFigurel), wherepeopleareoften
occludedrom all views andtherefore@mpossibleto detect.

SensorNetwork Architecture Oursensomnetwork is as-
sumedo becomposeaf simpleelementsModernCMOS
fabricationtechniquesallow groupsof logic gatesto be
etchednext to eachpixel without signi cantly increasing

Figurel: Typicalviews of 7 peoplein our setup.

the costof the sensor{18]. But this addedpower is only
usefulfor computationsnvolving neighboringelementgo
eachpixel. Thus,comple« operationsuchasobjectdetec-
tion or separatiorstill requirethe useof a dedicatedcom-
puter andarethereforedisallovedin our architecture.
Thesensomnetwork alsohaslimited bandwidth.It is un-
desirableto transmitimagesfrom all sensorgo a powerful
centralcomputelin orderto computepairwisematchingbe-
tweenall sensors.At bestwe canassumehatimagescan
be comparedonly amongneighboringsensors. But even
this assumptiorcausesomplicationsn practice.
Additionally, our simple sensorshave no objectmodel
andonly do backgroundsubtractionat the local level. No
objectdetectionor separations donefor individual views.
For more backgroundon sensometworks and their ar
chitecturalconstraintsseg[6, 10, 13, 20, 23].

Visual Hulls The visual hull is the intersectionof all
conessweptout by the silhouettef objectsseenfrom all
cameraviews. It is thelargestvolumein which objectscan
residethatis consistentvith all the silhouetteinformation.

Theexactvisualhull is computedn [19]. Voxel approx-
imationsarecomputedn [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 reducingthe computationatostevenfurther

Our projection approximatesa top view of the scene.
In [14], anoverheadcameraracksobjectsn aclosed-vorld
setting.However, their techniquerepresentsbjectsexplic-
itly andrequiresknowledgeof theexactobjectcount,which
may be unavailable,especiallyfor crovdedervironments.

3 Techniguesand Algorithms

Our goalis to determineboundsfor the countandlocation
of peoplein aroomfrom a planarprojectionof the visual
hull. The rst stepis to computethis projectionfrom thesil-
houettesmeasuredy the sensorghroughbackgroundsub-
traction. The projectionis a setof polygons. The second
stepis to computeboundsto the numberof objectsin each
polygon.As objectsmave, theseboundschangeandcanbe
improved over time. A treeis usedto recordtheir history
Finally, thetreeandits associategholygonsare usedto lo-



Figure 2: Projectionof a silhouettecone. (a) and(c) are side
views; (b) and(d) arethe correspondingop views shaving the
projectionontothe groundplane.
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Figure 3: Differentobjectarrangementsanbe consistentwith a

givenvisualhull. Polygongdevoid of objectsarecalledphantoms.

calizethoseworkspaceegionsthatareoccupiedby people.
All of thesestepsareexplainedin detailin this section.

3.1 Projection of the Visual Hull

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

Figure2 shavs how we projectthe 3D visualhull. Each
measuredsilhouettesweepsa conein 3D space. These
conesareprojectedontoa planeandintersectedn 2D. The
side view of a cameralooking at a personis depictedin
(a), with the planeof projectionparallelto the oor. The
box shavn in the gure marksthelower andupperbounds
of the projectionthat is to be attened to the plane. The
shadedegion is a cross-sectiof the 3D coneformedby
thesilhouetteof the person.This coneis projectedontothe
planeasseenfrom thetop in (b). The shadedareain (b)
representshe projectedvisual hull from onecamera.(c)-
(d) shaw theprojectionwith adifferentcamergpositionand
narraver upperandlower boundsfor the projection.

Ourplanarprojectionof thevisualhull is theintersection
of the projectedsilhouetteconesfrom all cameras. Note
thatwe projectthe silhouetteconesandthenintersecthem
in 2D. This is not exactly equalto rst computingthe 3D
visual hull and then projectingthe result. The latter can
be a subsef the former, but in our problemsetting,both
arecloseto equalbecausepeopletendto occupy mostof
the vertical spaceof their projection. The advantageof our
projectionis thatit is muchcheapeto compute.

Figure4: Two successie views shaving anappearingphantom.

Pruning Polygons The polygons composingthe pro-
jectedvisualhull represenall possibleregionsin the plane
that may containan object. The projectedvisual hull is
ambiguousbecauseseveralarrangementsf objectscanbe
consistenwith a givenvisual hull (Figure3). Someof the
polygonsin the projectionmay be emptyandwe call these
polygonsphantoms The next stepis to pruneasmary of
the phantomsaspossibleusinggeometricconstraints.
Polygonsare prunedbasedon sizeandtemporalcoher

ence.Thefollowing mustbe phantomsandarepruned:

- Polygonssmallerthanthe minimumobjectsize.
- Polygonghatappeafrom nowhere.

The seconadype of phantomis a propertyof threeor more
camerasasshawvn in Figure4. Two objectsare obsered
in two successie time stepsanda phantomappear®n the
right. To checkthetemporalcoherencef apolygonwe test
if it intersectsa polygonin the previousstep.Thisassumes
thatobjectscannoteave theareacreateddy theirvisualhull
in a single step. This maximumspeedassumptiorcan be
adjustedby growing the polygonsin the previous stepbe-
fore computingtheintersection.

3.2 Object BoundsUsinga History Tree

After pruning,the next stepis to boundthe numberof ob-

jectsinside eachpolygon. We cannotdo this exactly be-
causeobjectsmay be fully occludedby otherobjects. In-

stead,we keeptrack of the lower and upperboundsof the
numberof objectsin eachpolygon. If theseboundscon-
verge over time thenwe have an exact countof the objects
in thatpolygon.

Upper Bound Constraint (UBC) A constrainontheup-
per boundis the areaof the polygon divided by the min-
imum objectsize. This boundis very loosebecauseét as-
sumegheworstpossiblescenarioobjectsclusterandmove
collusively togetherasa singletarget. This boundalsoas-
sumeghatobjectsll theentireareaof thepolygonsregard-
lessof theirgeometry(actinglike water).

Lower Bound Constraint (LBC ) A ray from a camera
intersectsa polygononly if the correspondindine of sight
was blocked by an object. If only one polygonintersects
thatray thensaidobjectmustbe containedn the polygon.
Therefore,a polygon containsat leastone objectif there
existsaray from acamerahatintersectonly thatpolygon.



This constraintis differentfrom uBc in thatit countsdis-
tinct objectsdirectly. A real objectwasobsered alonga
ray andcounted. In contrast,usc hypothesizesaboutthe
maximumnumberof objectsthatcould Il apolygon.

TreeStructure(T) AlthoughLBc only tellsusif apoly-
gon containsat leastone object,its behaior throughtime
corveys additionalinformation. To this end,we keeptrack
of the bounds historywith a treestructureupdatedat each
time step. By propagting the boundsalong this tree the
numberof objectsin the scenecanbe furtherconstrained.
At time t, eachleafin the tree storesa newly obsered
polygon andits associatedbjectbounds. A nodein the
treerepresentshe implicit union of all the polygonsof its
descendants- it containsthe boundsto the numberof ob-
jectsinsidethis union. Fromthis, we have the following 4
propertieon the objectboundsacrosghetree:

X
o= max(li; 1) @
8j 2 children(i)
i = max(li ) |pa[en(i) Uj ) (2)
8j 2 siblinggi)
X
ui = min(u; uj) 3)
8j 2 children(i)
Ui = min(Uui; Uparengiy lj) 4)
8j 2 siblinggi)

Egn. (1) stateghatif thereareat IeastP lj objectsin the
children polygonsthenthe original parentmustcontainat
leastthis mary objects. Eqn. (2) statgsthat if thereareat
leastlparent Objectsin the parent,and  Usiplings Objects t
insidethe sibling polygons,thenthe differencemustbein
the child. Reverseconstraintsaapply for the upperbounds.
At the leaf level we have the constraintsusc andLBc for
individual polygonsdescribedefore.

3.3 Updating the Tree

Let T bethestructureof thetreeattimet. Let ( t + 1) be
the polygonsobseredattimet + 1. T is updatedn three
steps:addnew leavesto T, remove redundannodesfrom
T, andupdateboundsacrossT .

Add Leaves EachP 2 ( t+ 1)isaddedasaleaftoT
usingthefollowing operations:

ADD (P) TO(Q) : P intersectsxactly onepolygonQ 2 ( t)
—thatis, objectsin P musthave originatedfrom Q. P is
addedasachild of Q. Theboundsof thenew leafcontaining
P areinitialized by usc andLBC .

ADD (P) TO0(Q1;Q2) : P intersects exactly two polygons
fQ1;Q209 2 ( t). Objectsin eitherQ, or Q2 could have
movedto P. Adding P asachildto bothQ; andQ; creates
acyclein T . Insteadwe createanew nodeQ . ;») , addedas
achild to nodeN 2 T —the closestcommonancestornf
Q1 andQz. Now P, Q1 andQ2 becomechildrenof Q(;.»):

aé —
[P]

The boundsof the leaf containing P are initialized by

uBcC andLBC . Additionally, in orderto keepthe properties
of the tree correct, the boundsof Q, ., areinitialized to

be the combinedboundsof Q1 andQ.. Thelower bounds
of all the nodesalongthe pathfrom Q1 to Q» (beforethey

weremoved) aredecreasetly the upperboundof P. These
includeQ: andQ2, butnotN .

intersects fQq;:::;Q«kg
2 ( t). Thisis handledby several nestedcalls to ADD.
Initially, ADD (P) TO (Q1;Q2) is called. For subsequent
calls, P is removed from Q( iy, and ADD (P) TO

(Q 1i);Qi+1) iscalled.

Remove Redundant Onceall new polygonsin ( t + 1)
areaddedwe proceedo 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
anewly addedpolygon). The boundsfor the child of N (if
ary) areupdatedo bethetighteramongthetwo.

This stageguaranteethatonly thosepolygonsin ( t +
1) areleavesof T, andthatary othernodein T hasatleast
two children. Thereforethenumberof leavesin T is equal
to thenumberof obsenedpolygonsn, the depthof thetree
is lessthanor equalto n, andjT j < 2n.

Update Bounds Object boundsare updatedacrossthe
treeto ensurehatEqgns.(1-4) hold for every node.Thisin-

volvestwo sweepsFirst, new informationfrom the leaves
is propa@tedup to theroot of T. Afterwards,the updated
bounddfor therootarepropagtedbackdown to theleaves.

3.4 Counting Algorithm

Thebasicstructureof the countingalgorithmis asfollows:
1. Getnew readingsrom eachsensar Computethe pla-
narprojectionof eachsilhouette.

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

3. Remare smallpolygonsandphantomdrom ( t + 1).
4. Updatethetreestructurer .

5. Reportthenew boundsonthenumberof objectsin the
workspace.

Repeafort t+ 1.

At rst glance,Step2 appeardo be an expensve op-
eration. In fact the costis only linear in the numberof
camerasandtakesvery little time. In our implementation,



theworkspacaes discretizedo bea 144 144grid (corre-
spondingto 12 feetsquared).The projectionsof all silhou-
ettescan be discretizedand intersectedn real-timeusing
graphicsacceleratiorhardware. This operationis trivial in
amoderngraphicscard.

Step4 is O(n?), wheren is the numberof obsered
polygons. This is becausethe amortizedcost of adding
oneleafis O(n). However, this costis very differentfrom
the quadraticnumberof comparisonsssociatedvith most
pairwise-matchinglgorithms. There,eachcomparisonis
expensve becausét is dependenvn boththeimageresolu-
tion andthe numberof camerasTheir overall costis more
thanquadratic. In contrast,our overall costis O(n? + ¢),
wherec is the numberof cameras. Moreover, the actual
cost of maintainingT in practiceis smalland T canbe
maintainedn realtime for very large valuesof n.

Objects Entering or Exiting the Workspace If weallow
objectsto enterandexit theworkspacethensomepolygons
in ( t+ 1) will notintersectary polygonsin ( t). The
basiccountingalgorithmmustbe extended.

As objectsenteror exit, their correspondingolygons
touchthe workspaceboundary We call theseborder poly-
gons Borderpolygonsatt+ 1 thatdonotintersecpolygons
in ( t) couldbeobjectsenteringtheworkspaceTherefore,
thesepolygonsareaddedaschildrenof theroot nodeof T
andits upperboundis increasedccordingly

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 decreas¢he lower boundsof its ances-
tors by the upperboundof the borderpolygonto account
for the possibility of anobjectexiting. Likewise,theupper
boundof theancestoref aborderpolygonareincreasedo
accounfor the possibility of anobjectentering.

Localizing Objects Thetreestructurecanbe usedto lo-

calizeobjectsby usingthe boundsandleaf polygons.Each
leaf polygonis tted with circles, which approximatethe

crosssectionsof people.If apolygoncontainsa singleob-

ject, thenthe polygon— andits correspondingircle —

is a good approximationof the objectinside. Whenthese
polygonsmemge, we computethelocally optimumarrange-
mentof circlesinsidethe new polygon. Thecirclesinside
all polygonsarean estimateof all possiblelocationsof ob-

jects. Theselocationsare prunedby choosingonly circles
inside polygonswith lower boundgreaterthanor equalto

thenumberof circles,to pruneout possiblephantoms.

4 Implementation and Experiments

Camerasvereplacedpointedhorizontally We choseo test
this casebecausat is the mostdif cult caseandresultsin
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Figure5: Top view of workspaceawith thecamerasFOV lines.

themostocclusions.The projectionof the silhouettecones
ontothe groundplaneis theleastconstrainingfor horizon-
tal cameras.In Figure 2, the projectionfrom a horizontal
camerab) is muchlargerthanthatfrom a cameradooking
downwards(d). The otherextremeis to placethe cameras
directlyoverheacpointeddovnwards.This makestheprob-
lemtrivial becausé¢hereis almostno occlusionandthe pro-
jectionfrom anoverheadcameramatchesheactualobjects
very accurately Our countingalgorithmbecomesnoreac-
curatewith cameraghataremoredirectly overhead.How-
ever, in mary realworld situationsijt is notpossibleto cover
a spacewith overheadcameras.So we decidedto testthe
worstcasescenariovhenall thecamerasrehorizontal.

Our systemconsistsof 8 calibratedcamerasarranged
arounda rectangularoom. Eachcamerais roughly 4 feet
off the groundand points horizontally towardsthe room's
center Thecamerasurrounda 12 12 ft workspace.No
singlecameracoverstheentirearea(Figureb).

The 8 camerasare connectedo a pair of dual processor
933 MHz Pentiumlll computers.Backgroundsubtraction
is doneusingthe techniquedescribedn [11]. Eachcom-
putergrabsimagesrom 4 camerasandundistortsandruns
backgroundsubtractioron eachimage. Eachcamerawith
its backgroundsubtractiorprocessis modelledasa simple
imagesensomrndestablishe#ts own TCP/IPconnectiorto
the centralcomputer The centralcomputer a 800 MHz
Pentiumlll, querieseachsensorover TCP/IP for the sil-
houettes computeghe projectedvisual hull, andrunsthe
countingalgorithmdescribedn Section3

The sensorsare not synchronizedand only senddata
whenqueried. At a resolutionof 640x240,the sensorsio
backgroundsubtractionat 15 fps and constitutethe sys-
tembottleneck.With specializechardwarefor background
subtraction the rate can be muchhigher The foreground
bitmapscan be transmittedvery ef ciently over the net-
work. The centralcomputeris actuallycapableof running
the countingalgorithmat 60 fps.

In theimplementationpolygonsarerepresentedsacol-
lectionof grid points. This makesthe polygonsmorerobust
to noisysilhouettesGrid pointsareincrementedvhenthey
becomepart of a projectedsilhouette. However, asa grid
point ceasego be part of the visual hull, its value decays
exponentiallyinsteadof beingresetto zero— grid points
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Figure6: Syntheticobjectsmoving in asquaraoomwith width 1.
Plottedare the maximumnumberof objectsthata given number
of camerasvasableto countexactly.

arepersistent.If thereis a suddererroneousut througha
polygonbecaus®f anoisysilhouette persistengrid points
preventthe polygonfrom fragmentinginto smallerpieces.
Theoverall effect is atemporalsmoothingof the polygons
(theweightdropsto 10%in 0.22seconds).

4.1 Synthetic Experiments

Syntheticexperimentswith noise-lesslataweredoneto de-
terminethe best-caseesultsfor a groupof horizontalcam-
eras. The syntheticcameraswvere evenly locatedalong a
circle surroundinga squareroom and directedto its cen-
ter. Objects(people)weremodeledasvertical ellipsoidsof
known dimensions. The objectsmoved randomlyaround
theroom,while avoiding collisions.

The simulationwasrun for differentnumberof cameras
anddifferentobjectsizes.Eachsimulationlastedthelength
of timeit would take oneobjectto travel tentimesthelength
of theroom. Thenumberof objectswas x edin eachrun.

The maximumnumberof objectsfor which we getan
exact object countis plotted in Figure 6 (i.e., upperand
lower boundscorverge). As expected,more objectscan
be countedas the numberof camerasncreases.But this
eventuallylevels off whenthe scenebecomedoo crovded.
Whenthe peopledensitybecomessufciently high, there
will be pairsof peoplethatcannotbe separatedandthere-
fore distinguished)by ary of the cameras. In the simu-
lations, the lower bound corverges fasterthan the upper
bound. This is dueto the fact that the LBC constraintis
actuallycountingdistinctreal objects.

Thecountingalgorithmcanberun atvery fastrates.For
example,anAthlon 1900+computercanprocessa sceneof
20 objectsat 200fps.

4.2 Experimentswith Real Data

In the real experiments,we also used8 camerago count
(Figureb). We allow peopleto enterandexit theworkspace
region throughary pointin its boundary In relationto the
syntheticexperiment,peoplecorrespondo an objectsize

lower bound——
actual count - - -
i

0 500 1000 1500 2000
frame number

Figure7: Countof 5 peoplewalkinginto andoutof theworkspace.
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Figure8: Countof 8 peoplewalkinginto andoutof theworkspace.

between0:11-0:14. With 8 cameras9-12 peoplecould be
countedin the ideal syntheticcase,so this is the perfor
manceceiling for therealcase.

Counting Experiments The purposeof these experi-
mentsis to test the accurag of the counting algorithm.
We had several peopleenter walk around, and exit the
workspaceFigures7 and8 shav two runswith 5and8 peo-
ple, respectiely. Thelower boundandthe actualcountis
plotted. The upperboundwasvery high andis not plotted.
The lower boundmatchesthe actualcountvery well. As
explainedearlier the lower boundis tighterthanthe upper
boundbecausef the natureof the LBC constraint.In ad-
dition, the UBC constraintis evenwealer herebecausehe
actualobjectsizeis unknavn anddifferentfor eachperson.
The smallestminimum object size must be used,making
theupperboundevenbigget

Also, allowing peopleto enter and exit wealens the
boundsfor polygonsnearthe edge. To get a betterlower
boundfor theseedgepolygons,whena polygoninsidethe
workspacemovesto the edge,the lower boundis not im-
mediatelysetto zero(becausgeoplecould have exited) as
would be requiredto guaranteecorrectness.Instead,the
lower boundis setto zero when the polygon disappears
from theedge.Thetradeof is thatwhenpeoplewalk along
the edge,the lower boundis tighter, but whenpeopleexit,
therewill bealagin thelowerboundbeforeit catchesipto
theactualcount. Thisis why in the gures thelower bound
lagsbehindthe actualcountwhenpeopleexit.

The erroneousspikesin the lower boundplots are due



Figure9: Actual pathsof 4 peoplein theworkspace.

Figure10: Left: Predictedocationsin unused8th view. Right:
Correspondingrunedprojectedvisual hull.

to noise. A noisy silhouettecaused personto be split and
thuscountedtwice. This happenedwice over 4000frames
andbothtimesthealgorithmquickly recovered.Also, in the
run with 5 people,one of the cameradailed, sothe whole
run only usedinformationfrom 7 of the cameras.

In theseruns,thelower boundis almostalwaysequalto
theactualcount. Thisis becaus¢he LBC constraints very
goodandbecaus@eopledonotalwaysmove collusively. If
peoplewalk independentlyevenif their pathscrossoften,
thelower boundshouldbe tight andwill tendto bea good
approximatiorof the actualcount.

Localization Experiment The purposeof this experi-
mentis to testthe accurag of localizing people. We used
7 of the camerago countand localize. The 8th camera
view was not usedin the computationand sened as the
groundtruth. We projectedthe computedocationsof the
peopleinto the unusedth view andmeasuredheaccurag
by checkingwhenthe computedocationswerecenteredn
people. The datawasgeneratedy 4 peoplewho entered,
walkedaroundandexited the workspaceover arun of 700
frames.Figure9 shavs the actualpathsof the 4 people.
The video (881.mw) shaws the predictedlocationsof
peoplein theunusedview. Theverticallinesarethebound-
ariesof thecircles. The heightof eachhorizontalbarrepre-

sentsghe computedlistanceof eachobjectfrom thecamera
(3 framesareshavn in Figure10).

Peoplewere correctly localizedin the unusedview 87
percenif thetime, with 5 percenfalsepositives. Thefalse
positives are causedby the lag of the lower boundwhen
peopleexit becausehe lower boundsof edgepolygonsare
notimmediatelydecrementedThesefalsepositivescanbe
eliminatedby immediatelydecrementinghe lower bound
of edgepolygonsat the cost of increasedfalse negatives
becausg@eoplewho walk alongthe edgearemissed.

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

visit:

5 Discussionand Futur e Work

We developeda systemthat countspeoplein a crowded
sceneusinga network of simpleimagesensors.We intro-
duceda geometricalgorithmthat computesboundson the
numberand possiblelocationsof peopleusingsilhouettes
computedby eachsensorthroughbackgroundsubtraction.
The systemrequiresno initialization andrunsin real-time.
Our systemdoesnot computeary featurecorrespondences
acroswiews. Thus,thecomputatiorcostincreaseginearly
with the numberof cameras.The resultis a scalableand
fault tolerantsystem—the effect of a camerafailure is a
moderateincreasein the size of the projectedvisual hull
becausehereis onelesssilhouetteto intersect.

The currentprototypeusescentralizedcommunication,
which may be effective for a smalllocal clusterof sensors.
The next stepis to implementa decentralizeccommuni-
cationarchitecturewhich is appropriatefor a muchlarger
sensometwork. This would furtherminimizetrafc across
thenetwork, andimprove robustnessandscalability In the
decentralizechpproach,nsteadof the centralnode,local
clusterheadswould be electedto aggreatethe data. Also,
insteadof sendingthe foregroundbitmap, the sensorsan
just aseasilysendthe 2D projectionof this. For the setup
in this paper the projectionwould bea 144 144 bitmap,
or a 2.6 kbyte pacletuncompressedviany of thesesensors
caneasilycommunicateheir dataover a bandwidthlimited
network suchasa 11 megabitwirelessad-hocnetwork.

In the larger network, the local leaderscomputethe ag-
gregated2D projectionandpasseitherthis or the countup
the network. Non-overlappingsensorglo not needto com-
municatewith eachother Redundanhodescanbe added
becausdhe decentralizedhetwork is scalable makingthe
systemmorerobust. The larger network alsoallows usto
counta muchlarger crowvd in a muchlarger area,perhaps
usingthecheckpointstratgyy describedn theintroduction.

A drawbackof the systemis the sensitvity of silhouette
intersectionto noise. Noisy silhouetteghat underestimate
the size of objectsmay leadto an undercount.To prevent
this, we setalow background-subtractiahresholdo force



silhouettego becomeoverestimatesThis convergesto the
correctvisual hull asthe numberof sensorsncreasesAn-
othereffectof noiseis spuriouscutsthroughsilhouetteghat
are otherwisesolid. We addressedhis problemwith per
sistentgrid pointson the projectionplane. Valuesat these
pointsdecayexponentiallyonceanobjectdisappears.

Usingavoting schemeamongcamerasnayimprove ro-
bustnesstthe costof moreconserative bounds.This may
be advantageousn a larger sensometwork. Anotherap-
proachis to useun-thresholdedlatafrom the background
subtractionwhich canbe interpretedas occupang proba-
bility measuresThis requiresmore communicatiorband-
width but allows the backgroundhresholdingo be pushed
forwardinto the silhouetteintersectiorstage resultingin a
morereliablevisualhull.

In our experiments, we placed the camerason the
perimeterof the region of interest. This allows a small
numberof camerago cover a relatively large region, as-
sumingthe region is corvex. Our framevork also allows
for camerasnsidetheregion, corvex or notandover/abwe
the region whenfeasible. The numberof sensorandtheir
placementffectthe accurag of the counting. The optimal
sensomplacemenproblemneeddurtherexploration [2, 7].
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