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Many surveillancesitesareheavily crowded.Occlusionis a majorfactorto becon-
sideredin building surveillancesystemsfor thesesites. To achieve a certaindegree
of visibility, onerequiresmultiple camerasandcollaborationbetweenthemso thatan
objectis detectedusinginformationavailablefrom all thecamerasin thescene.In this
thesis,wedevelopmethodsfor sensorplanningthatcandeterminetheminimumnumber
of sensorsrequiredandtheir configurationsothata certainminimumlevel of visibility
is achieved. Then,we presentan algorithmthat integratesinformationfrom multiple
widely separatedcamerasandobtainsagloballyoptimumdetectionandtrackingresult,
takingocclusioninto consideration.Lastly, we presentanalgorithmfor bodyposeesti-
mationthatusesshapeanalysisof thesilhouettesof apersonobservedin multipleviews.
Thesealgorithmsarefast,work underpartial occlusionsandarefully automatic.Due
to thesefeatures,they canform the basisfor a fully automatic,real-timesurveillance
systemfor usein areaswith highdensityof objects.
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Chapter 1

Intr oduction and RelatedWork

1.1 Intr oduction

Many surveillancesites(for e.g. airports,subway stationsand railway stations)are
heavily crowded. Occlusionis a major factorto beconsideredin building surveillance
systemsfor thesesites. Typically, multiple sensors(i.e. cameras)areusedto increase
visibility.

In mannedsystemswheresecuritypersonnelarelooking at the video stream,vis-
ibility is the guiding factor for the selectionof the sensorarrangement.In automated
systems,whereadvancedalgorithmsareusedto detectandtrackpeople,occlusionhan-
dling is againan importantissue. In order to dealwith this condition, suchsystems
rely on the generationof motion modelsduring visibility. Motion informationis then
usedto “fill” in the trajectoriesduringocclusion[58, 115]. Objectscanthenbe found
andcorrectlylabeledwhenthey becomevisibleagain.However, if objectsareoccluded
for a significantamountof time, themotionmodelsbecomeunreliableandthetracking
unstable.Theuseof appearancemodelscanbeconsideredto label thesetrackssothat
commonobjectsaredetected.Theaccuracy of sucha labelingdependsto agreatextent
on thefrequency anddurationof theocclusion.Above a certainlevel of occlusion,the
probability of recovering an inaccurateresult is quite high. Therefore,it is important
to limit the rateof occlusionby having a sufficient numberof sensorsandarranging
themproperly. Sucharrangementhasto guaranteethata minimumlevel of visibility is
attainedat all positionsin theareaundersurveillance.

In chapter2 of this thesis,we developa theoreticalframework to calculatetherate
of occlusionat different locationsin an areafor a certainsensorconfiguration. This
analysiscanbeusedto determinetheminimumnumberof camerasrequiredandtheir
optimalplacementw.r.t. agivenvisibility requirement.

Thenext chapterdescribesa systemthatusesa singlecamerafor “sweeping”over
a wide field of view andmaintainsa mixture-of-Gaussiansmodelfor eachpixel in the
panoramicscene.We havedevelopedanadaptive framework wherebytwo methodsfor
developingthemodels,i.e. aconstantweightupdatingschemeandexponentialweight-
ing scheme,areintegratedsuchthattheprogramautomaticallychoosestheschememost
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appropriatefor a givensituation.This not only helpsusobtainrobustestimatesof the
background,but alsoyields goodestimatesfor the “new” objectsin the scene,which
canbefurthertrackedandusedin surveillanceapplications.Themethodalsoprovides
improved resultsin mosaicingasthe new framesareregisteredagainsta background
imageformedfrom themixturemodels.This backgroundimagedoesnot containany
moving objectsin thesceneandtheoretically, containsonly thebackgroundpixels.This
helpsus obtain improved resultsfor mosaicingastraditionalmethodsregisteragainst
a mosaicformedfrom the mostrecentpixels andthe pixels in the moving objectget
matchedto pixelsin themosaicbelongingto thisobject,thusdistortingtheregistration.

Chapter4 describesa distributedsystemthat integratesinformationfrom multiple
widely separatedcamerasandobtainsagloballyoptimumdetectionandtrackingresult,
taking occlusioninto consideration.The systemusesmultiple synchronizedcameras.
A Bayesianclassificationmethodis developedthat usesocclusion-encodedpriors to
obtaingoodimagesegmentationsusinginformationavailablefrom approximateobject
positions.This methodcombinestheocclusioninformationwith thecolor information
availablein orderto obtainanoptimalsegmentation.Also developedis a novel region-
basedstereothat is capableof finding 3D pointsin spaceusingonly informationabout
theprojectionsof theobjectsontotheimageplanesof thecameras.No exactmatching
of pixelsacrossviews (asin traditionalstereo)is requiredandthemethodyieldspoints
insideobjects(asopposedto surfacepoints). Thesepointsareusedto determinethe
locationof the objectson the groundplane. The position information from different
camerapairsis combinedusinganocclusionanalysisschemethatgivesmoreweight-
ageto pairs that have a clear view of a personas opposedto pairs whoseviews are
obstructedby otherpeopleor objects.Thesegmentationandobjectpositiondetermina-
tion algorithmsareiteratedtill convergenceandtheobjectlocationsaretrackedusinga
kalmanfilter.

Thealgorithmhasseveralnovel featuresthatdistinguishesit from existingmethods:
(1) We do not assumethata foregroundconnectedcomponentbelongsto only oneob-
ject; rather, we segmenttheviews takinginto accountcolor modelsfor theobjectsand
thebackground.
(2) It is fully automaticanddoesnot requireany manualinput or initializationsof any
kind.
(3) Insteadof taking decisionsaboutobjectdetectionandtrackingfrom a singleview
or camerapair, wecollectevidencesfrom eachpairandcombinetheevidenceto obtain
a decisionin the end. This helpsus to obtainmuchbetterdetectionand trackingas
opposedto traditionalsystems.

Finally, in chapter5, we describea systemfor humanbody poseestimation.The
requirementsof sucha systemfor surveillancetasksare that it mustbe able to work
underocclusionsandpartial occlusions.A rigid 3D modelof thepersonis not given,
nor an initial poseis known. Sucha systemshouldalsobe reasonablyfast. However,
very accuratebody posevaluesaretypically not required,andan answercloseto the
actualbodyposemightbeadequate.Ourgoalin thischapteris to makeanadvancement
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towardsthedevelopmentof sucha system.
We make useof recentwork in decompositionof a silhouetteinto 2D parts.These

2D partprimitivesarematchedacrossviewsto build assembliesin 3D. In orderto search
for thebestassembly, weusea likelihoodfunctionthatintegratesinformationavailable
from multipleviewsaboutbodypartlocations.Occlusionis modeledinto thelikelihood
functionso that thealgorithmis ableto work in a crowdedsceneevenwhenonly part
of thepersonis visible in eachview.

Thedistinguishingfeatureof our work is that it is ableto work in a crowdedscene
sothatin all of theviews,thepersonmightbefully or partiallyoccluded.Thisis accom-
plishedby explicitly modelingocclusionanddevelopingprior modelsfor personshapes
from thescene.This helpsusto decoupletheproblemsof poseestimationfor multiple
peoplesothatthedegreesof freedomof theproblemaredecreasedsubstantially.

1.2 PreviousWork

1.2.1 SensorPlanning

Sensorplanninghasbeenresearchedquite extensively andthereareseveral different
variationsdependingon theapplication.

Onesetof methodsuseanactivecameramountedon a robot. Theobjective thenis
to movethecamerato thebestlocationin thenext view basedon theinformationin the
currentview. Thesemethodsarecallednext-view planning[86, 85, 99, 88, 81, 72, 91,
54,63,9, 109, 67, 111,75,79,55].

Anothersetof methodsobtain3D reconstructionof amodelor sceneby moving the
cameraaroundthescene[52, 59,56, 93, 2]. Sucha reconstructionimposescertaincon-
straintsonthecameraposition,andsatisfactionof theseconstraintsguaranteesoptimum
andstablereconstruction.

Methodsthataresimilar to oursarethosethatdeterminethelocationof staticcam-
erassoasto obtainthebestviews of a scene[10, 97, 78, 103, 36, 105, 104,102, 112,
113, 62, 61]. Existingmethodsdetermineconstraintsbasedon several factorsnot lim-
ited to (1) resolution,(2) focus, (3) field of view, (4) visibility, (5) view angle,and
(6) prohibitedregions. Thesetof possiblesensorconfigurationssatisfyingall thecon-
straintsfor all thefeaturesin thesceneis thendetermined.Thereareseveralapproaches
to determiningtheoptimalsensorparameters.

Somesystems[87] take a generate-and-testapproach,in which sensorconfigura-
tions are generatedand then evaluatedwith respectto the task constraints. In order
to limit thenumberof sensorconfigurationsthatareconsidered,thedomainof sensor
configurationsis discretized.

The sensorplanningmethodsdescribedin [1, 10, 104, 105] take a synthesisap-
proach. In this approach,the taskrequirementsarecharacterizedanalyticallyandthe
sensorparametervaluesthat satisfy the taskconstraintsaredirectly determinedfrom
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theseanalyticalrelationships.
Therehasalsobeenwork relatedto sensorplanningin theareaof sensorsimulation

systems[35, 37,77]. In suchsystems,a sceneis visualizedgiventhedescriptionof the
objects,sensors,andlight sources.Thesesystemsprovide the framework for planning
of sensorconfigurations.

Themaincharacteristicof theprior work is thattheobjectsor featuresto beviewed
andthesourcesof occlusionarestationary. Many computervision applicationsreferto
non-stationarystructuresthatcancauseocclusionsandlossof visibility. This requires
statisticalmodelingof thestructuresanddeterminingprobabilisticanswersfor visibility
asopposedto hardconstraintsimposedby prior algorithms. We will investigatesuch
a scenarioin this thesis.To our knowledge,suchscenariohasnot beaddressedin the
literature.

1.2.2 SingleCameraAlgorithms

Many methodshavebeenusedfor backgroundmodeling.Althoughmostof thesemeth-
ods deal only with a fixed camera,they provide a good startingpoint for a moving
camerascene.Simplemethodsincludeaveragingthepixelsataparticularlocation,tak-
ing themedianof all thevaluesat a location,andcalculatingspatiallyweightedvalues
in orderto reducetheeffectof outliers.Suchtechniques,whichdonotexplicitly model
backgroundversusforeground,areof limited valuein practice.Koller et. al. [50], Rid-
deret. al. [80] andothersemploy a Kalmanfilter-basedbackgroundmodel.Eachpixel
is modeledusingaKalmanfilter andis updatedin eachframedifferentlydependingon
whetherit is hypothesizedto bepartof thebackgroundor not. Thisapproach,however,
is not well suitedto a changingbackgroundor a multi-modalbackground.Moreover
even when an observed pixel value is part of the foreground, it hasan effect on the
backgroundmodel.

FriedmanandRussell[24] andStauffer et. al. [98] take approachesbasedon using
mixture modelsto representthe background.FriedmanandRusselltry to classifythe
pixels into threedistributions, correspondingto the road color, the shadows and the
carcolors. This makestheir work somewhat restrictedto suchscenarios,althoughthe
methodcan probablybe appliedto other ones. Stauffer et. al. usea more general
scheme,which is thebasisof themethodusedin our work also.

Thereis a large literatureon imagemosaictechniquesfor constructingpanoramic
views ([101], [3], [41]). Most approachesto this problemassumethat thereis not sig-
nificantmotionparallax,that is, depthvariationsin thescenearenot apparentfrom the
motionof thecamera.This canbeguaranteedby rotatingthecameraaboutits optical
center(anapproachtakenby commercialsystemssuchasQuicktimeVR),andalsoholds
truefor mostcamerasonceobjectsarea few tensof feetaway. We follow this assump-
tion of no motionparallax,solving for a planarprojective transformationthat registers
oneimagewith another. Themostaccuratetechniquesfor constructingpanoramicviews
solve for sucha transformationbetweeneachimageframeandthepanoramicview that
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hasbeenconstructedthusfar. Thishelpsavoid cascadingerrorsthatoccurif eachimage
frameis simply registeredwith thenext one.

In general,imagemosaictechniquesassumeastaticscene.Thepresenceof moving
objectsis problematicin two regards.First,andmostimportant,suchobjectscanthrow
off theimageregistrationprocessbecausethey provide incorrectinformationabouthow
the imagesshouldbe aligned. This resultsin a poor quality panoramicimage. Regis-
trationerrorscanbeaddressedthroughtheuseof robuststatisticaltechniques,andare
alsosomewhatamelioratedby theuseof pyramid-basedregistrationmethods([3]). The
secondissuewith moving objectsis in the constructionof the panoramicview. Sim-
ply taking the mostrecentpixel value,or the averagepixel value, in constructingthe
panoramayieldsanoverall imagethatcontainsbits andpiecesof moving objects.The
explicit backgroundmodelingof ourapproachaddressesbothof theseproblems.

1.2.3 Multi-Camera Algorithms

Haritaogluet. al. [29] developeda singlecamerasystemwhich employs a combina-
tion of shapeanalysisandtrackingto locatepeopleandtheir parts(head,hands,feet,
torsoetc.) andtracksthemusingappearancemodels. In [30], they incorporatestereo
information into their system. Kettnaker and Zabih [46, 45] developeda systemfor
countingthenumberof peoplein a multi-cameraenvironmentwherethecamerashave
anon-overlappingfield of view. By combiningvisualappearancematchingwith mutual
contentconstraintsbetweencameras,their systemtries to identify which observations
from differentcamerasshow thesameperson.

Darrell et. al. [12] developeda trackingalgorithmwhich integratesstereo,color
andfacepatterndetection.Densestereoprocessingis usedto isolatepeoplefrom other
objectsandpeoplein the background.Skin-hueclassificationis usedto identify and
classifybodypartsof a personanda facepatterndetectionalgorithmis usedto find the
faceof aperson.Facesandbodiesof peoplearethentracked.

All of thesemethodsusea singleviewpoint(usingoneor two cameras)for a partic-
ularpartof thesceneandwouldhaveproblemsin thecaseof objectsoccludedfrom that
viewpoint.

TheDARPA VSAM projectat CMU developeda system[8] for videosurveillance
in anoutdoorenvironmentusingmultiple pan/tilt/zoomcameras.Thesystemidentifies
blobsin thesceneusingmotiondetectionandstoresvariousinformationlike blob size
andcolor histogramfor them. Theseblobsare thenclassifiedinto different typesof
objectsusingneuralnetworks.

Orwell et. al. [74] presenta tracking algorithm to track multiple objectsusing
multiplecamerasusing”color” tracking.They modeltheconnectedblobsobtainedfrom
backgroundsubtractionusingcolor histogramtechniquesandusethemto matchand
trackobjects. In [73], Orwell et. al. presenta multi-agentframework for determining
whetherdifferentagentsareassignedto thesameobjectseenfrom differentcameras.

RosalesandSclaroff [83] usea singlecameratrackingsystemthat unifies object
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tracking,3D trajectoryestimation,andactionrecognition.An extendedKalmanfilter is
usedto computetrajectories,which areusedto reasonaboutocclusion.

Thesemethodswould have problemsin thecaseof partialocclusionswherea con-
nectedforegroundregion doesnot correspondto oneobject,but haspartsfrom several
of them.

CaiandAggarwal [5] extendasingle-cameratrackingsystemby startingwith track-
ing in a singlecameraview andswitchingto anothercamerawhenthesystempredicts
thatthecurrentcamerawill no longerhaveagoodview of thesubject.Thenon-rigidity
of thehumanbodyis handledby matchingpointsof themiddleline of thehumanimage
usinga Bayesianclassificationscheme.Featureslike location,intensityandgeometric
featuresareusedfor tracking.

Intille et. al. [39, 38] presenta systemwhich is capableof trackingmultiple non-
rigid objects. The systemusesa top-view camerato identify individual blobsand a
“closed-world” assumptionto adaptively selectand weight image featuresusedfor
matchingtheseblobs. Puttinga camera(s)on top is certainlya goodideasinceit re-
ducesocclusion,but is notpossiblein many situations.Also, theadvantageof acamera
on top is reducedaswe moveaway from thecamera,which might requirea largenum-
ber of cameras.Sucha camerasystemwould also not be able to identify peopleor
determineother importantstatistics(like heightor color distribution) andhencemay
not beveryusefulfor many applications.Therefore,weonly considercamerascloseto
theheightof thepeople.

Krummet. al. [51] presentanalgorithmthathasgoalsverysimilarto ours.They use
stereocamerasandcombineinformationfrom multiple stereocameras(currentlyonly
2) in 3D space.They performbackgroundsubtractionandthendetecthuman-shaped
blobs in 3D space.Color histogramsarecreatedfor eachpersonandareusedfor to
identify andtrackpeopleovertime. Themethodof usingshort-baselinestereomatching
to back-projectinto 3D spaceandintegratinginformationfrom differentstereopairshas
alsobeenusedby Darrell et. al. [13]. In contrastto [51] and[13], our approachutilizes
thewide-baselinecameraarrangementthathasthefollowing advantages:
(1) It providesmoreviewing angleswith thesamenumberof camerassothatocclusion
canbehandledbetter.
(2) It hashigheraccuracy in back-projectionandlower sensitivity to calibrationerrors,
and
(3) It providesmany morecamerapairsthatcanbe integrated.Placingthecamerasas
far away from eachotheraspossibleandmatchingevery oneof themwith every other
usingwide baselinestereogivesus ���	 pairs.However, placingcamerasin pairsof two
for shortbaselinestereoyieldsonly ���
� pairsfor matching,using� cameras.

On theotherhand,theshort-baselinestereopair cameraarrangementused,e.g.,in
[13] hastheadvantagesof
(1) moreaccuratecorrespondencesdueto smallchangein viewpoint,and
(2) betterunderstoodmatchingalgorithms.

Ourregionmatchingalgorithmcanbeconsideredto lie betweenwide-baselinestereo
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algorithms,whichtry to matchexact3Dpointsacrosstheviews,andvolumeintersection
algorithmswhichfind the3D shapeof anobjectby intersectionin 3D spacewithout re-
gardto theintensityvaluesobserved(exceptfor backgroundsubtraction).Wide-baseline
stereoalgorithmshave the challengeof incorrectmatchesdueto a substantialchange
in viewpoint, thus renderingtraditional methodslike correlationandsum of squared
differenceinappropriate.Although somework hasbeendoneto improve uponthese
methods([76, 26,33]), they arestill not very robustdueto thefundamentaldifficulty of
matchingpointsseenfrom verydifferentviewpoints.

On theotherhand,volumeintersectionis very sensitive to backgroundsubtraction
errors,so that errorsin segmentingeven one of the views can seriouslydegradethe
recoveredvolume. Although therehasbeenwork recently([95]) addressingsomeof
theseissues,occlusionis still a major problem. Back-projectionin 3D spacewithout
regardto color alsoyieldsvery poorresultsin clutteredscenes,wherealmostall of the
cameraview is occupiedby the foreground.Somerecentwork [53, 21] hasaddressed
someof theseissues,but thesemethodsfall in the category of full 3D surfacerecon-
struction,which is very time-consumingandnot possiblefor surveillanceapplications
wherecomputationaltime is acritical factor.

We do not matchpointsexactly acrossviews; neitherdo we performvolume in-
tersectionwithout regard to the objectsseen. Rather, regions in different views are
comparedwith eachother andback-projectionin 3D spaceis donein a mannerthat
yields3D pointsguaranteedto lie insidetheobjects.Clusteringthesepointsallows us
to detectandtrackpeople.

1.2.4 Body Parts Identification Systems

HumanBody poseestimationhasreceived considerableinterestin the pastfew years
andseveralapproacheshavebeentried for differentapplications.

Therearemany methodsfor incrementalmodel-basedbody part trackingwherea
modelof anarticulatedstructure(person)is specifiedup front[14, 17, 4, 110,16]. De-
lamarreandFaugeras[14] try to align the projectionof an articulatedstructurewith
thesilhouettesof a personobtainedin multiple views by calculatingforcesthatneedto
be appliedto structure.DrummondandCipolla [17] useLie algebrato incrementally
track articulatedstructures.Bregler andMalik [4] usetwists andexponentialmapsto
specifyrelationshipsbetweenpartsandto track an articulatedstructureincrementally.
Sidenbladh[94] andChoo[7] usemontecarloparticlefiltering to incrementallyupdate
theposteriorprobabilitiesof poseparameters.Thesemethodsneedto have both a 3D
modelof thehumanstructureanda goodinitialization andhave potentialapplications
in motion-capture[16].

Anotherclassof algorithms[40, 23, 96, 82] try to detectbody partsin 2D using
templatematchingand then try to find the bestassemblyusingsomecriteria. Some
other methodslearnsomemodelsof humanmotion. Thesemodelscanbe basedon
optical flow [20], exemplars[69, 100], featurevectors[96], supportvectormachines
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[82], or statisticalmappings(SMA) [84]. Thesemodelscanthenbeusedto detectand
estimatetheposeof ahumanin anobservedimage.

Our work is mostcloselyrelatedto thework of KakadiarisandMetaxas[43] who
try to acquire3D bodypart informationfrom silhouettesextractedin orthogonalviews.
They employ a deformablehumanmodelso thatany sizeof thehumancanbe recog-
nized.Thedistinguishingfeatureof ourwork is thatit is ableto work in acrowdedscene
sothatin all of theviews,thepersonmightbefully or partiallyoccluded.Thisis accom-
plishedby explicitly modelingocclusionanddevelopingprior modelsfor personshapes
from thescene.This helpsusto decoupletheproblemsof poseestimationfor multiple
peoplesothatthedegreesof freedomof theproblemaredecreasedsubstantially.
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Chapter 2

SensorPlanning by StochasticModeling of Visibility

2.1 Intr oduction

Many surveillancesites(for e.g. airports,subway stationsand railway stations)are
heavily crowded. Occlusionis a major factorto beconsideredin building surveillance
systemsfor thesesites. Typically, multiple sensors(i.e. cameras)areusedto increase
visibility andquiteoftentheconstraintthatanobjectis observedby at leastonesensor
is to befulfilled.

In mannedsystemswheresecuritypersonnelarelooking at the video stream,vis-
ibility is the guiding factor for the selectionof the sensorarrangement.In automated
systems,whereadvancedalgorithmsareusedto detectandtrackpeople,occlusionhan-
dling is againan importantissue. In order to dealwith this condition, suchsystems
rely on the generationof motion modelsduring visibility. Motion informationis then
usedto “fill” in the trajectoriesduringocclusion[58, 115]. Objectscanthenbe found
andcorrectlylabeledwhenthey becomevisibleagain.However, if objectsareoccluded
for a significantamountof time, themotionmodelsbecomeunreliableandthetracking
unstable.Theuseof appearancemodelscanbeconsideredto label thesetrackssothat
commonobjectsaredetected.Theaccuracy of sucha labelingdependsto agreatextent
on thefrequency anddurationof theocclusion.Above a certainlevel of occlusion,the
probability of recovering an inaccurateresult is quite high. Therefore,it is important
to limit the rateof occlusionby having a sufficient numberof sensorsandarranging
themproperly. Sucharrangementhasto guaranteethata minimumlevel of visibility is
attainedat all positionsin theareaundersurveillance.

In this chapter, we presenta novel theoreticalframework to calculatethe rate of
visibility (or occlusion)in a surveillancearea. The estimationprocessmakescertain
assumptionson the arrangementof the sensorsand the numberor densityof people
in the scene.This methodcanbe usedto find the optimal configurationthat consists
of a minimum numberof sensorsandtheir optimal placementw.r.t. a given visibility
requirement.

Thechapteris organizedasfollows. In section2.2,we introducetheframework to
calculatethe visibility ratewhile in section2.3, we presentsomedeterministicresults
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for determiningtheminimumnumberandarrangementof sensorsneededfor full visi-
bility regardlessof theobjectconfiguration.Section2.4concludesthepaperwith some
discussionon sensorplacement.

2.2 StochasticReasoning

2.2.1 Visibility From At leastOneSensor

Assumethat we have a region � of area � observed by � sensors.The objective of
our approachis to estimatetheprobability for anobjectO to bevisible by at leastone
sensor. Suchprobability variesacrossspaceandcanbe recoveredfor a given object
position.

Let � � betheeventthatobjectO is visible from sensor! . Theprobabilityto bedeter-
minedis theunion "$#&% ��('*) � �&+ of theseevents,andit canbewritten usingtheinclusion-
exclusionprincipleas:

"$#&%,�-� �.+/� 0 � "1#2�3�.+,4 �.5
6 "$#7� �*89� 6:+<;

�.5
6=5
> "1#2� �38?� 6@8?� >A+=BCBDBE;F#&4$�G+ �IH ) "$#&8,�-� �.+ (2.1)

Themaincharacteristicof this formula is thatonecancomputethetermson theRHS
(right handside)mucheasierthantheoneon theLHS.

In orderto facilitatethe introductionof the approachto be followed in computing"$#&% ��('*) � �&+ , we considerthe simplecaseof cylindrical objectsof radius J moving on
a groundplane. Furthermore,we assumethat the sensorsareplacedat someknown
heights KL� from this plane(Figure 2.1). Also, we definevisibility to meanthat the
centerline of theobjectis visible for at leastsomelength M . It caneasilybeshown that
the distanceNA� up to which anotherobjectcanoccludean object is proportionalto its
distanceOL� from sensor! (Figure2.2).Mathematically,

NP�Q�R#&OL�*4SNA�&+&TQ�U�FOL� T,�
T,�3;�� V (2.2)

where

T,�Q� M
KL�

An additionalconstraintcanbe derived from the maximumangle( ����W� )at which
theobservationof theobjectis meaningful.Suchobservationcanbethebasisfor per-
forming someothertasks,like object/actionrecognition,pose,gait analysisetc. This
constrainttranslatesinto a constrainton theminimumdistancefrom thesensorthatan
objectmustbe in orderto bedetected.This constraintcaneasilybe incorporatedin to
thevisibility equations.
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Figure2.1: SceneGeometryusedfor stochasticreasoning.

Usinga Fixed Number of Objects

Assumethat therearea fixednumber X of cylindrical objectsof radiusJ in thescene.
Assumingthatobjectsarelocatedrandomlyanduniformly in region � , thefirst setof
termsin Equation2.1canbewrittenas:

"$#7� �.+/�Y#<��4 NA�=#.�ZJ +
� + > (2.3)

In orderto provide this formulation,we have neglectedthefact that two discs(projec-
tions of a cylinder on the groundplane)cannotoverlapeachother. In orderto incor-
poratethis condition, we observe that the #\[$;]�G+ th disc hasa possibleareaof only^ 4_[A`�#a�ZJb+c	 availableto it. The term �ZJ is usedinsteadof J sinceanobject“covers”
anareaof `�#.�ZJb+c	 . This is becauseanotherobjectcannotbeplacedanywherewithin the
circle of radius �ZJ centeredat thefirst objectwithout intersectingtheobject. Thus,we
obtain:

"1#2�3�a+d�
> � )
6<'
e �d4 NA�=#.�ZJb+

�f4g[A`�#.�ZJ + 	 (2.4)

Notethat,for simplicity, wehaveneglectedhigherordereffects.It canbeshown that[ discsdo not necessarily“cover” an areaequalto [A`�#a�ZJb+c	 . In orderto illustratethis,
we considerthecaseof two discs.In theabsenceof overlapping,thetwo discs“cover”
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Figure2.2: Thedistanceuptowhichanotherobjectcanoccludeanobjectisproportional
to its distancefrom thesensor

an areaequalto �Z`�#a�GJ +&	 . However, if the distancebetweentheir centersis between�ZJ and hGJ , then the total area“covered” by the two objectsis lessthanthat. Similar
conditionsexist for threediscswhenthey arecloseto eachother, thoughnot for four
or morediscsbecauseof geometricconstraints.Theseeffectsareinsignificantfor most
practicalcases,but becomeconsiderableif the densityof objectsis high. Therefore,
they mustbetakeninto considerationfor thosecases.

Similar to thefirst setof terms,wecanderivetheequationsfor othertermsin Equa-
tion 2.1:

"$#&8,�-� �a+d�
> � )
6<'
e #W�i4

#a�GJ + � NA��f4g[A`�#.�ZJb+ 	 + (2.5)

wherewe have neglectedthe possibility that occlusionregions for different sensors
might overlap. Suchoverlapdependson theangularseparationof thesensorsandcan
be significantfor when they are placedcloseto eachother (for e.g. stereosensors).
However, weshouldstill beableto find theocclusionareaandobtainthecorresponding
formulafor eachsetof sensors.

Stationary Object Density

Fixed assumptionson the numberof objectsin a region meanthat the presenceof an
objectat a particularlocationaffectstheobjectdensityeverywherein thearea.A more
realistic assumptionis that the objectshave a certaindensityof occupancy. Conse-
quently, thepresenceof oneobjectdoesnotchangethedensityof occupancy elsewhere.
First,weconsiderthecaseof uniformdensityin theRegion. Thiscasecanbetreatedas
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ageneralizationof thefinite objectcaseintroducedin theprevioussection.To this end,
we increasetheareaA suchthat Xj�F��� (2.6)

whereaconstantobjectdensity� is assumed.Equation2.5canthenbewrittenas

"1#a8��7� �&+i�lkDmCn>porq
> � )
6<'
e #W�i4

#.�ZJb+ � NA�X �I�s4�[A`�#.�ZJ + 	 + (2.7)

Defining

t � �
�@#.�ZJb+p# � NA�.+ V

u � `�#a�GJ +
� NA� (2.8)

weget

"$#&8,�-� �.+i� kCmCn>porq
> � )
6='
e #<�d4

�
X t 4g[ u + (2.9)

Combiningtermsfor [ and Xv4�[ , weget

#W�Z4 �
X t 4g[ u +p#<�d4

�
X t 4w#&XL4g[x+ u +

�Y# X t 4g[ u 4F�
X t 4�[ u +p# X t 4w#&XL4g[x+ u 4w�

X t 4F#&XL4g[x+ u +
� X
	 t 	/4SX
	 t u 4y�IX t ;?[U#aXL4g[b+ u 	z; u XL;F�

X 	 t 	 4yX 	 t u ;?[U#aXL4�[x+ u 	

(2.10)

Assuming t|{ u
, we can neglect termsinvolving

u 	 . Then, the above term can be
writtenas

} #<�d4 �
X #

� t 4 u
t 	 4 t u +<+ (2.11)

Thereare X3�E� suchtermsin Equation2.7. Therefore,

"1#a8,�7� �&+ } kDmCn>porq #W�i4 �
X #

� t 4 u
t 	 4 t u +W+ >=~ 	 ��� �w�(�-�A��(�����-�P�C� (2.12)

This problemhasa similarity with the M/D/1/1 queueingmodelusedin Queuing
Theory[48, 49,28] andsimilar resultscanbeobtainedusingthosemethods.However,
our problemis a specialcaseof thatproblemandit is mucheasierto derive theresults
directly thanby usingthosemethods.
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Non-stationary Object Density

In general,� is a functionof the location. For example,theobjectdensityneara door
might be higher. Moreover, the presenceof an objectat a locationinfluencesthe ob-
ject densitynearbysinceobjectstendto appearin groups.We canincorporatebothof
theseinfluenceson the objectdensitywith the help of a densityfunction ��#(��� V ���@+ .
This functionvarieswith boththecurrentlocation( ��� ) at which wearecalculatingthe
density, andtheobjectlocation ��� which is thelocationof theobjectfor whichweare
calculatingthevisibility.

It canbeshown thatthenon-stationarityof thedensityfunctionaffectsthevaluest
and

u
in Equation2.12,suchthat:

t � �
��#(��� V ����+*�x��� V

u � t �x�W�-�:`�#a�GJ + 	 (2.13)

where ��� is variedover therectangularregionsof width �ZJ andlengthsNP� , and �x�W�-� is
theaverageobjectdensityin theregion.

2.2.2 Visibility fr om Multiple Sensors

In many applications,it is desirableto view anobjectfrom morethanonesensor. Stereo
reconstructionanddepthrecovery in an examplewherethe requirementfor visibility
from at least two sensorsis to be satisfied[22, 70, 60]. The probabilitiesfor these
requirementsarealsonot too difficult to calculate. In order to evaluatethe visibility
from at leasttwo sensors,weneedto calculatethequantity:

"$#&%/���.5
6=�-#7� �*8?� 6:+<+ (2.14)

This canbeexpandedexactly like Equation2.1 treatingeachterm #2� ��89�36:+ asa single
entity. All the termson the RHS will thenhave only intersectionsin themwhich are
easyto computeusingtheformulasdevelopedin theprevioussections(Eq. 2.5or 2.12).

2.2.3 Simulationsand Experiments

Wehaveproposedastochasticalgorithmfor recoveringtheoptimalsensorconfiguration
with respectto certainvisibility requirements.In orderto validatetheproposedmethod,
weconsidervariousconfigurationsandprovidethevisibility mapsobtainedfor them.A
preliminaryC implementationis providedin theAppendix.

In Figure2.3,theprobabilitymapsobtainedfor thecaseof one,two, threeandfour
sensorsrespectively areshown. The sensorsaremountedH = 10m above the ground
in anareaof size50mX50m.We useObjectdensity �?�������
	 , objectheight150cm,
objectradiusr=15cm,minimum visible heighth=50cmandmaximumvisibility angle�������f��hI� . The averagevisibility probabilitiesobtainedfor the four caseswere(a)
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Figure2.3: Visibility probability mapsfor 1,2,3and4 sensorsin the scene.H=10m,
R=50mX50m, ��� ��� �
	 , , r=15cm,h=50cm,and ������� = 30 degrees. The average
visibility probabilitieswere(a)0.4296,(b) 0.672,(c) 0.8095,and(d) 0.888respectively.

Figure2.4: Visibility mapsfor two differentconfigurationsof two sensorsin thescene.
Again, H=10m,R=50mX50m,�_�������
	 , r=15cm,h=50cm,and ����W� = 30 degrees.
Theaverageprobabilitieswere(a) 0.672and(b) 0.673
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Figure2.5: Visibility probability mapsfor two differentconfigurationsof two sensors
in thescene.Theaverageprobabilitieswere(a)0.5218,(b) 0.5499and(c) 0.5514

0.4296,(b) 0.672,(c) 0.8095,and(d) 0.888respectively. This informationcanbeused
to selecttheappropriatenumberof camerasbasedon therequirements.

Furthermore,for illustration purposes,we comparetwo configurationsof two sen-
sorsin a squareregion. In the first case,the sensorswereplacedsideby sideandin
theother, they wereplacedoppositeeachother. It turnsout thattheaveragevisibility is
moreor lessthesamefor thetwo arrangementswith a slight improvementfor thecase
with sensorsplacedat oppositecorners.(Fig. 2.4).

Next, we comparethe resultswhen the region is rectangularof size50mX100m.
Keepingotherparametersthesame,we observe that therewasa distinct improvement
in the averagevisibility whenthe two sensorswereplacedalongthe long sideof the
rectangularregion ascomparedto theshortside.Placingthemon oppositecornershad
only marginaleffect (Fig. 2.5).

2.3 Deterministic Reasoning

Different techniquescan be consideredin order to improve the understandingof the
problem.Theformulasin theprevioussectioncanbeshown to yield similar results,but
themathis complicatedandnon-intuitive. Becauseof theselimitations,weproposethe
following theorems:

2.3.1 Point Objects

For point objects,wecanprove thefollowing:

THEOREM 3.1
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Part 1: For k point objectsin thescene,k sensorsarebothnecessaryandsufficient to
always“see”all theobjectsfrom at leastonesensor.
Part 2: If we wantat leastm sensorsto seeanobjectalways,thenk+m-1 sensorsare
bothnecessaryandsufficient.

PROOF:
Part 1
(a)Necessary
Supposethereare �f�wX sensorsand X objectsin thescene.Then,considerthefollow-
ing configuration.Take oneobject,say �L) , andplace�?4Y� objectssuchthateachof
themis obstructingoneof thesensors(Fig. 2.6 for thecaseof 6 sensorsand7 objects).
In this situation,�L) is not visible from any of thesensors.
(b) Sufficient
Considerany configurationof sensorswhereall of themarelooking at a commonarea.
Now, considerany oneobject,say �L) . Thisobjecthask line of sightsto thesensors.We
assumethat thesensorsareplacedsothat theseline of sightsareall distinct. However,
thereareonly k-1 objectsthatcanobstructtheselinesof sight(theobjectsareassumed
to bepoint objects,sothey cannotobstructtwo sensorssimultaneously).Therefore,by
simpleapplicationof thepigeon-holeprinciple,theremustbeat leastonesensorview-
ing �L) . Sincethechoiceof theobject �L) wasarbitrary, thisholdsfor all k objectsin the
scene.

Part 2
(a)Necessary
Similar to thereasoningof Part 1(a)above, supposethereare �S��Xs;f��4R� sensors
and X objectsin thescene.Then,for anobject �L) , weplace�1�y��!&�r#aX�4w� V ��+ objects
suchthateachobstructsonesensor. Thenumberof sensorshaving a clearview of the
objectarethenequalto ��4�� which is lessthan � (follows easilyfrom thecondition����XL;��]4w� ).
(b) Sufficient

Considerany object �L) . This objecthask+m-1 lines of sightsto the sensors,k-1 of
which arepossiblyobstructedby otherobjects.Therefore,by theextendedpigeon-hole
principle,theremustbeat least #&X ;¡�¢4S�G+£4y#&X¤4S�¥+d�¦� sensorsviewing �L) . Again,
thearbitrarychoiceof �L) meansthatthis holdsfor all objectsin thescene.§

The actualarrangementof sensorsdoesnot matteras long asno two sensorsare
alongthesameline of sightfrom any object.Thisis dueto thepeculiarityof considering
only point objects.
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Figure2.6: Six sensorsareinsufficient for always“seeing”sevenpoint objects

2.3.2 2D Finite Objects

Theabove resultshold for only point objectsandno guaranteescanbegivenfor finite
objectsunlesssomestructureis assumedfor them.In this section,we presentsomere-
sultsfor finite objectsassuminga flat world scenariowheretheobjectsandthesensors
arein 2D.

THEOREM 3.2
Assumethat there are X (possibly non-identical)objectsin the scenesuch that the
maximumangle that any object can subtendat the centerof any other object is � .
For example,for identicalcylinders, �¨��©
� degreesandfor identicalsquareprisms,�¦�«ªI� degrees.Theassumptionthatwe make is thatwe want to seethecenterof the
object.Thiscenterpointcanbearbitrarily defined.Then,thefollowing resultshold:
Part 1: For Xj�L��hI©I�¬�
� objectsin thescene,X sensorsviewing theobjectsatat leasta
separationof � degreesbetweenthem(asseenfrom theobjects)arebothnecessaryand
sufficient to always“see” all thecentersof theobjectsfrom at leastonesensor.
Part 2: If wewantatleastmsensorstoalwaysseeanobject,then X3;r�g41�I#&X3;r��4�®�¯�hI©I�I�I��+ sensorsarebothnecessaryandsufficient.

PROOF:
Part 1
Thenecessaryconditionfollowsdirectly from Theorem3.1Part1(a).For thesufficiency
condition,consideranobject,say �L) . Thecenterof thisobjectcanbeobstructedby an-
otherobject for a maximumviewing angleof � (Figures2.7 and2.8). Therefore,if
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Figure 2.7: � = 60 degreesfor identical cylinders. A 60 degreeseparationbetween
sensorsensuresthatonecylindrical objectcanonly obstructonesensor.

thesensorsareseparatedby anangle �°� , no singleobjectcanobstructmorethanone
sensor. Sincethereare only k-1 objectsand k sensors,by simple applicationof the
pigeon-holeprinciple,theremustbeat leastonesensorviewing �L) . Sincethechoiceof
theobject �L) wasarbitrary, this holdsfor all k objectsin thescene.

An essentialassumptionhereis that X±�¯�²hI©I�¬�I� sinceit is not possibleto placeXj��hI©I�I�I� sensorssuchthatthereis aseparationof morethan � degreesbetweenthem.

Part 2
Thenecessaryconditionfollowstrivially fromTheorem3.1Part2(a).For thesufficiency
condition,consideranobject �L) . If theangleof separationof thesensorsis greaterthan� , thenonly onesensorcanbeobstructedby anobject.Therearek+m-1 linesof sights
to thesensors,only k-1 of whicharepossiblyobstructedby otherobjects.Therefore,by
theextendedpigeon-holeprinciple,theremustbeat least #aXv;��²4°�G+�4¨#aX³4°�G+¤�|�
sensorsviewing �L) . Again, the arbitrary choiceof �L) meansthat this holds for all
objectsin thescene.

Again, the condition #&X´;¦�µ4¶�·�L��hI©I�¬�
��+ is essentialso that it is possibleto
placethesensorswith anangularseparationof � .§

In orderto trackpeoplefrom sensorsviewing thescenefrom sides,onecanassume
thatobjectsarecylindrical or haveanelliptical cross-section.Therefore,� canbesetto
be60degreesor slightly more(for elliptical).
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Figure2.8: � = 90degreesfor identicalsquare-prisms.A 90degreeseparationbetween
sensorsensuresthatonesquare-prismcanonly obstructonesensor.

2.4 SensorConfiguration of Multi-Sensor Systems

2.4.1 Maximizing Visibility

Using both stochasticand deterministicreasonings,we have concludedthat in order
to achieve maximumvisibility, the sensorsmust be placedas far from eachother as
possible.The“distance”measurethat is relevant,is theangularseparationbetweenthe
sensorsasseenfrom theobjectso that theview of onesensordoesnot affect theview
of anothersensor1.

For a givenminimum angularseparation� , it caneasilybe shown that the region
thattwo sensorscoveris acirclepassingthroughthecentersof thetwo sensorssuchthat
theanglethatthetwo centerssubtendat thecenterof thecircle is �I� (Figure2.9). This
resultis derivedfrom theconditionthattheanglesubtendedby a chordat any point on
acircle is half theanglesubtendedby it at thecenter.

Thegeneralizationof thisanalysisto � sensorsis straightforward.Theareacovered
by � sensorsis maximizedby putting themon a circle with equalangularseparation
(Figure 2.10). In this circular region, from any vantagepoint, any two sensorswill
have an angularseparationof at least � . The radiusof the circular region is variable,
but is constrainedby the resolutionof thesensorssinceobjectsat somedistancefrom
the sensorswill not be clearly visible. The assumptionsare that the possibleareais

1Incidentally, thisconditionalsogivesaguaranteefor acertainresolutionin depthreconstructionfrom
two stereoimages.
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Figure2.9: Everypoint within thecirclehasanangle ��� to thesensors

unlimited,thesensorshaveunlimitedfield of view andthatthereis noconstrainton the
placementof thesensors.

Whensuchconstraintsexist, suchsimplereasoningmaybeusedasa ruleof thumb.
However, detailedanalysismustbeperformedsincethereareexceptionsto therule. For
example,thefield of view of thesensorsandthescenestructurecangreatlyaffect the
optimumsensorplacement.

2.4.2 Integrating Algorithmic Requirements in Automated Vision
Systems:Discussion

Thesensorarrangementproviding thehighestvisibility is a necessityfor mannedsys-
tems.However, thereareadditionalissuesthatneedto betakeninto considerationwhen
the systemis automaticand detectionis doneby a computer. The widely separated
sensorarrangementis notconducivefor point-matching(for e.g.stereo)algorithmsthat
needahighsimilarity betweentheviews. For thesesystems,thereis atrade-off between
visibility andmatchingaccuracy.

Theapproachthatmostcurrentsystems[13, 12, 51] take is to sacrificevisibility for
matchingaccuracy by using“stereo”pairsof sensors.Recovery of thescenestructure
is obtainedby matching2D informationonly within the sensorpair and thenthe 3D
informationis integratedacrosspairs. Thesensorarrangementhelpsthealgorithmde-
tectpeopleaccuratelywhenanobjectis visible,but visibility canbeseverelylimited in
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Figure 2.10: The bestarrangementof sensorssuchthat the commonareawherethe
angleto any two sensorsis at least � is maximized

crowdedconditions.Anotherapproach[65] sacrificesmatchingaccuracy for bettervisi-
bility. Thisapproachrequiresmethodsto dealwith theproblemof matchinginformation
acrosssensorsplacedfar from eachother([76, 89, 107, 106]). A hybrid approach[8]
hasalsobeenusedwhereinformationfrom bothcloseandwidely separatedsensorshas
beenintegrated.

An alternative [27, 44, 47] is to notmatchinformationdirectlyacrosstheviews,but
to mergethedetectionsobservedby multiple sensorsin a consistentmanner. Since2D
matchingis not required,thesensorsarenot constrainedto becloseto eachotherand
therefore,they canbeplacedfor maximumvisibility.

Somemulti-sensorsystemsneglectocclusionandhavesensorslookatdifferentparts
of thescene,solvingfor theproblemof matchingdetectionsobservedat differenttimes
from differentsensorsastheobjectmovesaroundthescene[46]. Thesensorviewscan
alsohave someoverlap[5, 8] in orderto simplify theobjectmatchingproblem.Sucha
techniquecanonly dealwith minimalocclusion.

In conclusion,optimumsensorplacementis a functionnot just of thevisibility but
alsoof theapplicationandthevision algorithmused.If matchingalgorithmsareused,
visibility andmatchingaccuracy haveconflictingrequirementsthathave to bemet.For
someotheralgorithms,this trade-off maynotexist, but wemaynot beableto obtainas
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gooddetection.

2.5 Conclusion

We have presenteda stochasticframework for evaluationof the visibility probability
givena certainconfigurationof sensorsin a scene.Apart from yielding importantper-
formancecharacteristicsof multi-sensorsystems,it canbe usedto evaluatedifferent
sensorconfigurations,and to determinethe one that shouldbe used. Futurework in
this areamight includeextendingtheframework for dynamicenvironments,takinginto
accountmotionmodelsof objectsto betterestimatetheocclusionprobability.
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Chapter 3

SceneAnalysis Usinga SingleCamera

In this chapter, we addresstheproblemof monitoringactivity overa wide area,usinga
singlemoving camera.Therehasbeenconsiderablerecentwork on constructingwide
areaor panoramicviews from multiple images(e.g.,[3], [41], [108] and[101]), how-
ever suchwork generallypresumesthatthesceneis static(thereareno moving objects
in thefield of view). Therehasalsobeenrecentwork on activity monitoringanddetec-
tion (e.g.,[98], [50]), however suchwork generallyassumesa non-moving camera.In
contrast,we addresstheproblemof activity monitoringanddetectionovera wide area,
wherea moving camerais usedto “sweep” over the areaof interest.Our approachis
basedon a combinationof the imagemosaictechniquesthat have beenusedfor con-
structingpanoramicviews, andthe mixture modeltechniquesthat have beenusedfor
activity monitoring. We createa modelof the wide field of view that canbe usedto
distinguishbetweenthe static (or stationary)backgroundand the moving objects,or
foreground.

Ourmethodcanbeusedfor anumberof applications,bothin surveillanceandmon-
itoring andin imagesynthesis.For surveillanceandmonitoring,themethodcanbeused
to detectmoving objectsover a wide field of view area,to detectcommonpatternsof
activity over thatfield of view, andto detectactivity thatdoesnot fit thecommonpat-
terns. For imagesynthesisapplications,our methodcanbe usedto createpanoramic
viewsthatcontainjust thenon-moving objectsin ascene,to createsyntheticpanoramic
views that placeeachmoving objectat just a single location,and to createsynthetic
videosthat remove all or selectedmoving objects. In this paperwe presentexamples
illustratingtheseapplications.

Backgroundmodelingin a wide field of view is not only useful for the above ap-
plications,it alsoenablesimprovedaccuracy in distinguishingbetweenmoving objects
and the background.Theseimprovementsresult from the fact that the wide field of
view modelhasmoreinformation,andmorestableinformation,thanis presentin indi-
vidual imageframesor adjacentframes.Thesameeffect of increasedaccuracy is ob-
servedin standardimagemosaictechniquesfor constructingpanoramicviews of static
scenes.Themostaccurateimagemosaictechniquesarebasedon aligningeachimage
framewith theoverallmosaicratherthansimplywith thepreviousframe(or with a few
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framesnearbyin time). We illustrate theseimprovementsin accuracy by contrasting
resultsusingourwideareabackgroundmodelingmethodwith previoustechniques.We
show both thatmosaicquality is improvedandthat very small moving objectscanbe
detected.

3.1 A GeneralOverview of the Algorithm

Ourmethodusesmixturemodelsto form amodelof thebackground.Werepresenteach
pixel locationin themosaicby amixtureof Gaussians.Fromthesemixturemodels,we
form an imagerepresentingthe backgroundby taking the meanof the highestweight
Gaussianfor eachpixel. The highestweight Gaussianis the onethat hasthe highest
probabilityof occurrence.Withouta lighting change,thiswill betheonethataccounted
for thelargestnumberof observedpixel values,thuswe assumethatthebackgroundis
observedmoreoftenthanany foregroundobjectsateachlocation.Thisbackgroundim-
agecanbeusedasapanoramicview of the“backgroundscene”,withoutany foreground
objects.

For eachnew imageobtainedfrom the camera,we register it to this panoramic
backgroundimageusingany known goodregistrationtechnique.The currentimage,
having beenregisteredwith thebackgroundimage,providesthe input pixel valuesfor
updatingthe mixture modelsat eachpixel wherenew datais observed. Oncethese
mixture modelshave beenupdated,a new backgroundimageis computedfrom these
updatedmixturemodels.Thisprocessis repeatedfor eachnew frameobtained.

As notedin theprevioussection,thepresenceof moving objectscanleadto aner-
roneousregistrationresults.By aligningeachimageframewith thebackgroundimage,
our techniqueavoidsthis problem.As thebackgroundimagedoesnotcontainthemov-
ing objects,thereis generallynogoodmatchfor theportionsof theimagecorresponding
to moving objects,andthusthey havelittle effectonthesolutionfor thebestregistration
transformation.

For theproblemof detectingmoving objects,a backgroundimagecanalsobevery
useful.Most techniquesfor detectingmoving objectsoperateby registeringsuccessive
imageframes,andthensubtractingtheregisteredframesto seewheretherearediffer-
ences.Thisonly detectsregionswheretheimagesaredifferent,whichis notnecessarily
theentiremoving object(e.g.,whenpartof objectoverlapsin thetwo frames).In con-
trast, when registeringan imageframe to a panoramicbackgroundimage,the entire
moving objectcanbereadilydetectedbasedon thedifference.

3.2 Background Modeling

We modelthe sceneusinga mixture modelfor eachof the pixel locationsin the mo-
saic. The probability of a pixel belongingto a particularGaussianis proportionalto
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theweightascribedto thatGaussian.Within a particularmodel,theprobability is dis-
tributedaccordingto the Gaussianprobability distribution scheme.More specifically,
theprobabilityof apixel having anintensityvaluȩ , giventhatit belongsto aparticular
Gaussian[ , is

"rJU#º¹��»¸®¼�½��¦[x+d� �¾ 6G¿j�Z` � �/À�
��ÁW�pÂ7Ã7� �Ä �Ã (3.1)

wherethe randomvariable ½ denotestheGaussianthata pixel belongsto, and T,6 and¾ 6 arethemeanandstandarddeviation of the [ th Gaussian.This schemecaneasilybe
extendedto color imagesby usingmulti-dimensionalGaussians,but here,we will deal
only with 1-d Gaussiansandgrayimagesratherthancolor ones.

Theprobabilitythatapixel hasintensityvaluȩ is thensimply
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whereÇ 6z�F"rJU#&½Ê��[x+ is theweightof thejth model.
This schemeis usefulin modelingmulti-modalbackgroundsandscenechanges,as

well asmodelingtransientmoving objects.A multi-modaldistribution canresultfrom
theswayingof trees,blinking of lights,or any otherperiodicchangein imageintensity.
In a slow scenechange,suchasoccurswith mostoutdoorchangesin illumination, the
weightsof thedifferentmodelswouldgraduallyshift to thenew background.Often,the
backgroundchangeis only transientandis dueto somemoving object. In sucha case,
theweightswouldgraduallyrevertbackafterthemoving objectis removed.

Onecandeterminethebestmixturemodelgiventheprevious � valuesusingwhat
is called the ExpectationMaximization (EM) algorithm(seeDempsteret. al. [15]).
We couldrun this algorithmfor eachtime frameby takinga window of theprevious �
frames,or calculatingtheresultfor all thepixelssofar. However, thisalgorithmis quite
time-consumingandis impracticalto run for eachframe.NealandHinton [71] provide
a schemefor incrementallyupdatingthesolutionusingthenew input valueswhich has
beenusedsuccessfullyby FriedmanandRussell[24] to getgoodmixturemodels.The
incrementalschemedoesnot yield thebestsolution,but only guaranteesto convergeto
a local minimum. However, it hasthe drawbackof not beingableto handlechanging
backgroundscenesproperlysinceit doesnot have any schemeto reducethe effect of
previousinputvalues.Theresultswhenthebackgroundhasmorethanthegivennumber
of Gaussiansarealsonotclear.

Insteadof usingtheexpectationmaximizationscheme,we usea conceptuallysim-
pler schemewhich is computationallylessexpensive and we have found also yields
betterresultsfor our problem.We determinethemixturemodelsby incrementallyup-
datingthemodelsusingtheintensityvaluesof thepixelsthatareregisteredataparticular
location.Firstof all, wedeterminewhichmodel(Gaussian)theobservedpixel valuebe-
longsto. A pixel canbelongto aparticularmodelif its distancefrom themeanis within
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a constant(a valuebetween2 and3 is suitable)timesthestandarddeviation. If a pixel
belongsto morethanoneGaussian,we take theonehaving thehighestweight. This is
doneso that if we createmorethanonemodelcorrespondingto what is in actualitya
singleunderlyingdistribution,wewill eventuallygetonly oneGaussianinsteadof two.
Theintensityvalueof thecurrentpixel is thenusedto updatethemodels.We canusea
constantweightupdatingschemeandanexponentialweightingscheme.However, since
thedifferentschemesareusefulin differentscenarios,we usebothof them,switching
betweenthetwo dependingon somecriteriawhich we will defineshortly. Experimen-
tally, this combinedschemeworksbetterthaneitherof theschemesusedalone.Below
wediscussthesetwo schemesandhow to selectbetweenthem.

Themeanandvarianceof thematcheddistributionareupdatedasfollows

T,6-Ë ÌQ�Y#W�i4gÍ£+aT,6-Ë Ì � )U;�Í¬¸�Ì (3.3)
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whereÍ is aconstantwhichdeterminestherateof changeof themeanandvariance.
Note that the meanandvarianceareupdatedaccordingto an exponentialscheme

wherethe recentpixels get exponentiallyhigherweight. We canalsohave a scheme
wherebyall thepixelsgetequalweighting.However, theexponentiallyweightedscheme
wouldbeableto captureslowly changingscenesmoreeasilyandhenceis usedhere.

If thereis no modelthatthecurrentpixel belongsto, a new Gaussianis addedwith
a meanequalto thatof thepixel valueanda high variance.Theweight is determined
accordingto themodelweareusing.Dueto alimited amountof memoryspace,wealso
requiregarbagecollectionwhenthenumberof modelsexceedssomemaximumvalue.
At thattime,wesimply remove themodelwith theleastweight.

The weightsof the distributionsarealsoupdated,usingeithera constantor expo-
nentialmodel,aswenow describe.

3.2.1 The ConstantWeight Updating Model

In this updatingscheme,we updatetheweightsof themodelsin a mannerthatawards
equalweight to all thepixels registeringto a particularlocationin themosaic.To cal-
culatetheweights,wekeeptrackof thenumberof pixelsmatchingaparticularmixture
modelandalsothe total numberof pixelsat thatparticularlocation. Theweight for a
givenmodelis thensimply thenumberof matchingpixelsdividedby thetotal number
of pixels.To updatetheweightof themodel,wesimply incrementthenumberof pixels
belongingto thematchingmodelandthetotalnumberof pixelsata location.Themean
andvarianceareupdatedusingequations(3.3)and(3.4).

Thisschemeyieldsaresultwhichworksquitenicely in practiceaslongastheback-
grounddoesnot change. The backgroundimage,correspondingto the meansof the
highestweight Gaussianmodels,would consistof thoseintensitiesthatarevisible for
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the longestamountof time. Even if the view is obstructedfor considerabletime by
a transientobject suchas a personstandingfor a long time, or a car stoppingat an
intersection,the backgroundwould still not changefor a long time (presumingmany
observationsof thebackgroundintensitybeforehand).Thus,it would yield thecorrect
resultevenin thecaseof slow movingobjectsonaroad,or aroadobstructedby transient
objectsfor a long time.

Thismodelwouldencounterproblems,however, if thebackgroundchangesabruptly
dueto a largeobstructingobjector lighting changes.A largeobstructingobjectcannot
bemodeledproperlyby any scheme,but it canbedetectedby our algorithmeasilyby
a largemeansquareerrorandthe largenumberof unmatchedpointsin the image.We
handlethe lighting changesby using the exponentialmodel when thereis a lighting
changeasopposedto a registrationerror.

3.2.2 The Exponential Weight Updating Model

In the exponentialweighting scheme,we updatethe model parametersby awarding
exponentiallylessweight to valuesthatwereobservedearlierin time. Theweightsof
themodelsareupdatedasfollows. For eachmodel[ , thenew weightsare

Ç 6-Ë ÌQ�«#<��4S��+ Ç 6-Ë Ì � )Ï;¦�¤#&ÐÑ6-Ë Ìc+ (3.5)

where � is a constantdeterminingthe rateof changeof the models,and ÐÊ6-Ë Ì is 1 if
the currentpixel is matchedto the model [ , and is equalto 0 if it is not the matched
distribution. As with theconstantweightupdatingscheme,themeanandvarianceare
updatedusingequations(3.3)and(3.4).

Theexponentialschemehasbeenpreviouslyusedby Stauffer et. al. [98]. However,
usedalone,thiscreatesa tradeoff asfarastherateof changeof themodelis concerned.
A slow rateof changewould be unableto model the lighting or backgroundchanges
properlyandfastenough.In a fixedcamerascene,this couldmeana wrongresultfor
quitesometime,while in amovingcamerascene,it couldeventhrow off thebackground
registration. On the other hand,a fast rateof changewould meanthat a foreground
objectwould startto appearasbackgroundin a very smallamountof time. Also there
areproblemsdueto theexponentialnatureof theupdating,whichareespeciallyvisible
when the numberof pixels at a particularlocation is small or when thereareslowly
moving foregroundobjects.

3.2.3 Choosingthe Weight UpdateScheme

In our algorithm,we usetheconstantweightupdatingschemein thenormalmode. In
thecasethata lighting changeis detected,theweightsareupdatedusingtheexponential
schemewherethenumberof pixelsbelongingto themodelschangesexponentially, i.e.

�Q6-Ë ÌQ�«#W�i4¦��+&�U6-Ë Ì � )U;y�®#&ÐÊ6-Ë Ì&+,Ò³#\Ó³Ô:Õ t×Ö �ÏØ£� u �<J3ÔPÙb�I!&¸�� ÖaÚ + (3.6)

28



wherethe definitionsaresimilar to equation(3.5). Note that this would requirethese
variablesto assumerealvaluesasopposedto integervalues.

In orderto distinguishbetweendifferentscenarios,wecalculatethreequantities:(1)
thenormalizedcorrelationbetweenthebackgroundimageandthecurrentframewarped
accordingto thecalculatedprojective transformationvalues;(2) themeansquareerror
betweenthe backgroundimageandthe warpedcurrentframe; and(3) the numberof
pointsin thecurrentframethatdo not matchany of theGaussianmodelswith a large
enoughweight.Thesequantitiesareusedto estimatewhetherthereis a lighting change,
registrationerroror othersituationthatwarrantschanginghow themodelsareupdated
for thegivenframe.

A high normalizedcorrelationanda high numberof unmatchedpointsis taken to
indicatealighting change,becausethenormalizedcorrelationis notaffectedbyaoverall
additiveor multiplicativechangesbut mostpixelswill not find a goodmatchingmodel
in suchacase.Whenthisoccurs,weusetheexponentialweightupdatingschemefor the
models,sothatthechangein lighting is quickly adaptedto by thebackgroundmodels.

A low normalizedcorrelation,combinedwith a high numberof unmatchedpoints
andahighmeansquareerroris takento indicateeitheracompletechangeof background
or a registrationerror. In this case,the modelsarenot updated;the frame is simply
discarded.A low numberof unmatchedpointsanda high meansquareerroraretaken
to indicatea transientobjectoccupying partof theimage.Theprogramshouldcontinue
to run in thenormalmode(constantweightupdating).

3.3 ImageRegistration and Mosaicing

As we have discussedin the introduction,our algorithmprovidesa methodfor image
registrationandmosaicingthat is robust with respectto moving objects. In contrast,
mostof themethodscurrentlyusedfor imageregistrationandmosaicingcaneasilybe
thrown off by thepresenceof objectswhichhaveimagemotionthatdifferssubstantially
from that of the background.This can introduceerrorsin the registration,and these
errorscanaccumulateover time. In suchcasesthe resultingmosaicwill not be very
good. In the resultssectionbelow we illustrate this differenceusingan aerial video
sequence.

Our methodfor imageregistrationandmosaicingis basedonregisteringthecurrent
framewith thebackgroundimagethathasbeenderivedfrom themixturemodels.This
backgroundimagecontainsat eachpixel, themeanof thehighestweightedGaussian,
andis anapproximationto thehighestprobabilityvalueateachpixel. Thecurrentframe
canbealignedto this backgroundimageusingany goodregistrationtechnique.In our
currentimplementationweuseahybridregistrationmethodthatfirst solvesfor anaffine
transformationbasedon featurecorrespondences,andthenusesthat transformationto
initialize a directmethodof solvingfor a projective transformation.Thefirst stepuses
the KLT featuretracker (describedin [92] and[57]) to find correspondingfeaturesin
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the imagesandthensolvesfor anaffine transformationusinga robust leastsquaresfit.
Thisaffine transformationis usedto initialize a directmethodwhich yieldsa projective
transformationbetweenthe images. The direct methodoperatesin an iterative man-
ner usingthe Levenberg-Marquardtmethod,a well known algorithmthat is described
in variouspapers(e.g., [3], [34]). It is alsopossibleto usethe Levenberg-Marquardt
methoddirectly, althoughuseof theKLT trackerspeedsup theregistration.

Our algorithm provides a methodfor mosaicingthat is robust to the presenceof
moving objects. First, aswith several traditionalmosaictechniques,we registereach
imageto theentiremosaicratherthansimply thepreviousframe.This limits cascading
of registrationerrors.Second,whenregisteringanimagewith thebackgroundmosaic,
it is unlikely thattherewill bematchesfor moving objects.Thusthemoving objectswill
not throw off theregistrationprocess.In generalthebackgroundimagedoesnotcontain
any foregroundobjects(althoughwhentherearejust a few imagescorrespondingto a
givenpixel this mayhappen).Thusthereis generallynothingin thebackgroundimage
that matchesthe foregroundobjectswell, andthe resultingregistrationis not affected
by themoving objects.

This methodalso provides a good meansof aligning successive frames,by con-
structinga backgroundmosaic(althoughportionsof themosaiccanbediscardedover
time if only successive framesareto bealigned).

3.4 Detecting Foreground Objects and Site Classifica-
tion

To detectforeground(moving) objectsin thecurrentframewefirst computetheregistra-
tion of theframeto thepanoramicbackgroundmosaic.Thenwe warpeachpixel to the
coordinatesystemof themosaic,andsearchthenearbypixelsfor a matchingGaussian
model. A small neighborhoodis searchedsoasto allow for small alignmenterrorsor
smallchangesin backgroundthatmaybecausedby theswayingof treesetc. If thepixel
doesnot matchto any of the Gaussiansin this neighborhoodwith a sufficiently large
weight,wedeclarethis point to benew, elseit is partof thebackground.Wefinally run
a connectedcomponentsalgorithmon this imageto get rid of noise.Sufficiently large
objectscanthenbetakenastheforegroundobjects.

Notethatslowly moving objectswill notbedetectedasforegroundobjectssincethe
weightsof theGaussiansthatsuchpixel valuesbelongto will not behigh enoughto be
countedasbackground.Thusslowly moving objects,which areoften problematicin
exponentialforgettingalgorithms,arenot an issuehere. Theapproachis ableto quite
accuratelydistinguishbetweenmoving objectsandthebackground.

Basedontheforegroundobjectsthataredetectedin eachframe,wecanalsoperform
siteclassificationdepictingtheactivity takingplaceataparticularlocation.Thiscanbe
usefulfor surveillanceapplicationsof sitessuchasroadsandparkinglots, in which it is
desirableto tell wherein theimagethereis activity, or whenthatactivity occurred.One
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Figure3.1: (a) Two viewsof aparkinglot usingamoving surveillancecamera,(b) syn-
thesizedframeswith foregroundobjectsremoved,and(c) themoving objectsdetected.
Notethatverysmallobjects,suchapersonwalkingandacarenteringbehindtreeswere
correctlydetected.

suchmodelcanbeobtainedby simply keepingtrackof theamountof activity at each
pixel in the panoramicmosaicof a scene.In the next sectionwe show a gray image
in which the individual pixelsstorethenumberof timesthat thata pixel of themosaic
registereda foregroundobject. Thus,areasin which moremoving objectshave been
detectedwill show up asbrighter, andareasin which no moving objectsweredetected
will show upasblack.

3.5 Results

In this sectionwe presentsomeof the resultsof our algorithm. The algorithm was
found to work quitewell over a rangeof scenariosincludingaerialvideoandground-
basedsurveillanceof a region usinga panningcamera,for scenescontainingmultiple
moving objectsand a mix of roads,parking areasand walkways. Lighting changes
weregenerallycorrectlydetectedandthealgorithmwasableto recoverreasonablyfrom
thesechanges,yieldingaccuratemodelsof thebackgroundwithin afew framesafterthe
lighting change.

Figures3.1 and3.2 eachshow two framesfrom two video sequences(note these
framesarenotadjacentin time). Thefirst row showstheoriginal frames,thesecondrow
shows thesynthesizedframesin which all the foregroundobjectshave beenremoved,
and the third row shows the correspondingmoving objectsthat were detected. The
moving objectshavecleanboundariesandtheentiremotionareais detected,in contrast
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Figure3.2: (a) Frameno. 42 and57 from anaerialvideo,(b) synthesizedframeswith
themoving objectsremoved,and(c) thecorrespondingmoving objectsdetected.

with methodsbasedon thedifferencebetweenregisteredframes,which detectjust the
partof theimagethatis differentbetweenframes.Notethatin Figure3.1two verysmall
objectsaresuccessfullydetected.In thefirst column,thesmallobjectto the left of the
carcorrespondsto a personwalking on thesidewalk. In thesecondcolumn,thesmall
objecton thevery right is a carenteringbehindthe trees.Thesynthesizedframesare
alsoquiteclean,not containingevidenceof themoving objectsor partsof them.

Figure3.3showsthebackgroundmosaicobtainedfor the150sequencefrom Figure
3.2. Note that at the upperleft thereis someevidenceof the bus in this background
mosaic,becausethat areawasnot observed for many frameswithout the bus present.
Otherwise,however, thereis no evidenceof themoving objectsin themosaic.Figure
3.4shows thecorresponding“activity image” indicatingthenumberof timesthateach
pixel registeredamoving object.Theroadis clearlyvisible in this imageasa regionof
highactivity (with theshadowscastby treesalsovisibleby thefactthatthey breakupa
“stream”of activity).

In Figure3.5 we presentthebackgroundimageobtainedby registeringthecurrent
framewith a more traditional imagemosaicratherthan the backgroundimage. This
mosaicis formed by taking the intensity valueof the last registeredpixel at a given
location,ratherthanusingthe mixture modelsto form a backgroundimage. This is a
commontechnique,but as is visible from this mosaicfrom the first 75 framesof the
sequence,the registrationis not very robust. After 100 or so frames,the registration
is totally off. This exampleillustratestheutility of thebackgroundimagefor accurate
imageregistrationin thepresenceof moving objects.

Finally, in Figure 3.6, we presenta backgroundmosaicof a region using 1000
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Figure3.3: Thebackgroundmosaicfrom anaerialvideoof 150framesusingour algo-
rithm

frames.The mosaicis quite clear, indicatingaccurateandstablealignmentover 1000
framesin the presenceof many moving objectsin the form of moving peopleon the
pathways.Thereis noevidenceof thesemoving objectsin themosaic,which illustrates
the usefulnessof the algorithm in constructingpanoramicviews that containjust the
non-moving objectsin thescene.

3.6 Summary and Conclusions

In this chapter, we have presentedan algorithmfor wide areasurveillanceandmoni-
toring. Themethodusesa mixtureof Gaussianmodelto representpixels in thescene.
Fromthesemixturemodels,a modelof thebackgroundis constructedusingthemean
of thehighestweightGaussianat eachpixel. Thebackgroundmodelprovidesa means
of registeringvideoframesthatis robustin thepresenceof moving objectsin thescene.
Themodelscanalsobeusedto detectmoving objectsin amoving camerascene,andto
createpanoramicviewsandvideosequencesthatdo notcontainany moving objects.
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Figure3.4: Figurewhereeachindividualpixel storesthenumberof timesa foreground
objectwasdetectedat thatpixel. Notehow theroadis clearlydistinguishedfrom other
areasdueto objectsmoving on theroad.
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Figure 3.5: The backgroundmosaicobtainedwhen we register eachframe with the
mosaicwherethemosaicis formedby takingthelastpixel registeredat thatlocation.

Figure3.6: The backgroundmosaicfrom a sequenceof 1000framescapturedfrom a
surveillancecameramoving in bothverticalandhorizontaldirections
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Chapter 4

A Multi-V iew Algorithm for Segmentingand Tracking
Peoplein a CrowdedScene

4.1 Intr oduction

Whenocclusionis minimal, a singlecamerais sufficient to reliably detectand track
objects.However, whenthedensityof objectsis high, theresultingocclusionandlack
of visibility necessitatestheuseof multiplecamerasandcollaborationbetweenthemso
thatanobjectis detectedusinginformationavailablefrom all thecamerasin thescene.

In thischapterwedescribeasystemfor segmenting,detectingandtrackingmultiple
peopleusingamulti-perspectivevideoapproach.Weaddressthesituationthatthescene
beingviewedis sufficiently “crowded” sothatonecannotassumethatany or all of the
peoplein thescenewouldbevisually isolatedfrom any vantagepoint. Figure4.1shows
imagesfrom a 6-perspectivesequencethatwill beusedto illustrateour algorithm.No-
tice thatin all four images,no singlepersonis viewedin isolation-i.e. neitheroccludes
anotherpersonnor is occludedby anotherperson.Weassumethatour camerasarecal-
ibrated,andthatpeoplearemoving on a calibratedgroundplane.We alsoassumethat
thecamerasareframesynchronized.

Our algorithmtakesa unifiedapproachto theproblem.We neitherdetectnor track
objectsfrom a singlecamera,or camerapair; ratherevidenceis gatheredfrom multiple
camerapairsanddecisionsof detectionandtrackingaretakenat theendby combining
the evidencein a robust mannertaking occlusioninto consideration.Also, we do not
simplyassumethataconnectedcomponentof foregroundpixelscorrespondsto asingle
object. Rather, we employ a segmentationalgorithmto separateout regionsbelonging
to differentpeople.This helpsushandlethecaseof partialocclusionandallows usto
trackpeopleandobjectsin a clutteredscenewhereno singlepersonis isolatedin any
view.

Good segmentationof peoplein a crowded sceneis facilitatedby modelsof the
peoplebeingviewed. Unfortunately, theproblemof detectingandfinding thepositions
of thepeoplerequiresaccurateimagesegmentationin thefaceof occlusions.Therefore,
we take a unifiedapproachto theproblemandsolve bothof themsimultaneously. The
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Figure4.1: Imagesfrom a6-perspectivesequenceat aparticulartime instant.

algorithmusessegmentationresultsto find people’s groundplanepositionsand then
usesthe groundplanepositionsthusobtainedto obtainsegmentations;the processis
iterateduntil the resultsarestable.This helpsusobtainboth goodsegmentationsand
groundplanepositionestimatessimultaneously.

Thechapterdevelopsseveralnovel ideas.Thefirst andmostimportantis theintro-
ductionof a region-basedstereoalgorithmthat is capableof finding 3D points inside
anobjectif we know theregionsbelongingto theobjectin two views. No exactpoint
matchingis required.This is especiallyusefulin wide baselinecamerasystemswhere
exactmatchingis very difficult dueto self-occlusionanda substantialchangein view-
point. The secondcontribution is the developmentof a schemefor settingpriors for
usein segmentationof a view usingBayesianclassification. The scheme,which as-
sumesknowledgeof approximateshapeand locationof objects,dynamicallyassigns
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(1) Initialize usingpreviousgroundplanepositions.In thebeginning,assumethereare
no estimatesavailableandall peoplearenew.
(2) Segmentimagesusingpersonmodelsandgroundplanepositionestimates.
(3) Estimategroundplanepositionsusingregionmatching.
(4) Repeatsteps2 and3 till groundplanepositionestimatesarestable.
(5) Updatepersonmodelsusinginformationfrom imagesandthegroundplanepositions
found.
(6) Repeatsteps1-5 for next timestep.

Algorithm 1: Algorithm Structure

priorsfor differentobjectsat eachpixel sothatocclusioninformationis encodedin the
priors. Thesepriors areusedto obtaingoodsegmentationeven in the caseof partial
occlusions.The third contribution is a schemefor combiningevidencegatheredfrom
differentcamerapairsusingocclusionanalysissoasto obtaina globally optimumde-
tectionandtrackingof objects.Higherweightis givento thosepairswhichhaveaclear
view of a locationthanthosewhoseview is potentiallyobstructedby someobjects.The
weight is alsodetermineddynamicallyandusesapproximateshapefeaturesto give a
probabilisticanswerfor thelevel of occlusion.

4.2 GeneralOverview of the Algorithm

Our systemmodelsdifferent characteristicsof peopleby observingthem over time.
Thesemodelsincludecolormodelsatdifferentheightsof theperson,“presence”proba-
bilities alongthehorizontaldirectionatdifferentheights,andthegroundplanepositions
trackedusingaKalmanfilter. Thesemodelsareusedto segmentimagesin eachcamera
view. The regions thus formedarematchedin pairsof cameraviews along epipolar
lines. Thematchedsegmentsarethenusedto yield 3D pointspotentiallylying inside
objects.Thesepointsareprojectedontothegroundplaneandgroundpointsareusedto
form anobjectlocationlikelihoodmapusingGaussiankernelsfor a singleimagepair.
The likelihoodmapsarecombinedusingocclusionanalysisso thatpairswhich have a
clearview of a particularlocationaregivenhigherweight thanthosewhoseviews are
obstructedby someotherperson.Thealgorithmis theniteratedusingthesenew ground
planepositionsandthis processis repeateduntil thegroundplanepositionsarestable.
Theseiterationshelpto improvethequalityandstabilityof theresults.Thefinal ground
planepositionsare then usedto updatethe personmodels,and the whole processis
repeatedfor thenext timestep.
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4.3 Modeling People

We modeltheappearanceandshapeof thepeoplein thescene.In orderto simplify the
problem,weassumethatpeoplearestandinguprightandthatthey donotsquator jump.
Thesescenarioscan also be included,but only at the cost of accuracy of the results
sincethe modelswill have to be lessdiscriminatory. Thesemodelsaredevelopedby
observingpeopleovertime(methodexplainedin section11)andhelpussegmentpeople
in thecameraviews. Thesemodelsaredevelopedfrom thesequencesautomatically;no
manualinput is required.

4.3.1 Color Models

Oneof theattributesusefulto modelis thecolor distribution at differentheightsof the
person. The distancefrom the groundplaneto the top of the personis divided into
regionsof equallengthanda color modelis developedfor eachregion. A singlecolor
modelfor thewholepersonwould not beableto capturetheverticalvariationin color.
Ontheotherhand,modelingthehorizontaldistributionof color is verydifficult without
full 3D surfacereconstruction,which would be too time-consumingandhencenot too
interestingfor trackingandsurveillancetypeof applications.

Pixels belongingto a particularpersonat a particularheightareidentifiedandthe
colormodelis developedusingthewell-knownmethodof non-parametrickerneldensity
estimation([19]) which is well suitedto our system.Let ÛZ) V Û 	 V BCBCBDB V Û � be � observations
determinedto bebelongingto thecolor model.Theprobabilitydensityfunctioncanbe
non-parametricallyestimated[90] usingthekernelestimatorÜ as
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representsthekernelfunctionbandwidth,thenthedensitycanbewrittenas
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If we assumeindependencebetweenthe differentchannels(dimensionsof theob-
servationvector)with differentkernelbandwidths¾ 	6 for the [ th channel,then

ß �
¾ 	 ) � � �� ¾ 		 � �� B B B� B B ¾ 	å

(4.3)

Sincetheintensitylevelschangeacrosscamerasdueto apertureeffects,anddueto
shadow andorientationeffectsin thesameview, weusenormalizedcolor (i.e. theratios
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Figure4.2: A colormodelis developedfor eachheightsliceof theperson

J �*#ºJ¯;?æs; u + and æÏ�3#ºJç;?æs; u + ). In orderto havesomedifferentiationbetweencolors
thatarevery differentfrom eachotherin intensitybut similar in chromaticity(for e.g.
whiteandblack),weaddintensityasthethird variablewith highvariance.

Note that having this color modeldoesnot restrictus to detectingpeoplewearing
uniform color clothes.Non-uniformcolorscanbehandledaslong astherearekernels
belongingto all the colors presentat a particularheight. This is possiblefor us to
dosinceweareviewing thepeoplefrom all sidesandarethereforeableto build acolor
modelthatcapturesthecolorprofilefromall sidesandhenceis notviewpointdependent.

4.3.2 “Presence”Probabilities

For our segmentationalgorithm,we want to determinetheprobability thata particular
personis “present”(i.e. occupiesspace)alonga particularline of sight. Towardsthat
end, we define“Presence”Probability (denotedby èé#aM V Ç + ) as the probability that a
personis presentat height M anddistanceÇ from thevertical line passingthroughthe
person’scenter. Thisprobabilityis a functionof boththedistanceÇ andheight M since,
e.g., the width of a personnearthe headis lessthan the width nearthe center. This
probabilityfunctionalsovariesfrom personto person.

We estimatethis probability by observation over time usingthe methoddescribed
in section10 (seeFigure4.3 for somesamples).However, sincethis methodis reliable
only afteracertainnumberof timesteps,weemploy aheuristicto modelthe“presence”
probabilitiesin caseswherewe do not yet have sufficient dataavailable. We model
thewidth ê of thepersonat a particularheight M asa randomvariablewith Gaussian
distribution andassumethat thepersonoccupiesall spacefrom thecenterup to widthê . Then,theprobability thata person[ is presentat distanceÇ andheight M is given
by
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Figure4.3: SamplePresenceProbabilitiesof peopleobservedover time. Thex-axis is
the width, y-axis is the heightfrom the groundandthevaluesshown areprobabilities
scaledby a factorof 256for displaypurposes.

è,6
#aM V Ç +d��"6-Ë ë*# Ç ��êF+d�Y�d4S��O1ì�í�î9# Ç +
where �vOìvíéî is the cumulative densityfunction for the Gaussianfunction for ê .
Themeanandstandarddeviation for ê is variedto accommodatethe fact thatpeople
havedifferentdistributionsat differentheights.

Themodelfor presenceprobabilityusedhereis veryeffective in detectingthetorso
of the person,but is not very effective in detectinghandsandlegs far away from the
centerof theperson.However, sinceour goalhereis to find thelocationof theperson,
it is moreimportantto find thetorsothanthehandsandlegs. If wewantto detecthands
and legs far from the person,onewould have to usesomeothermodel for the shape
prior, or wouldhave to modify our modelsothathandsandlegsarehandledbetter.

4.4 Pixel Classificationin a SingleView

WeuseBayesianClassificationto classifyeachpixel asbelongingto aparticularperson,
or the background.The a posteriori probability that a pixel having observation ï�#\¸,+
belongsto aperson[ (or thebackground)is

"Ïð-ñ2ò&Ì\ócô2�õñcô
#\[ �
ï#\¸,+<+/öF" �ð-ô2�÷ñ2ô #\[x+="$#&ï�#º¸,+<�G[x+
Thepixel is thenclassifiedas

Mostlikelyclass � t JPæénjø¥ù6 #a"Ïð-ñ2ò&Ì\ócô2�õñcôI#º[b�Iï�#\¸,+<+
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Figure4.4: Measuringdistances(andheights)from theline of sight

"$#&ï�#º¸,+<�G[x+ is givenby thecolor modelof thepersonat height M . For thebackground,
weuseabackgroundmodelof thesceneusingthemethoddescribedin [66].

Wewanttheprior probabilitiesto includeocclusioninformationsothattheprior for
a personin front is highernearhis estimatedpositioncomparedto thepriors far away
from him andcomparedto apersonin rear. Weemploy thefollowing methodology. For
eachpixel ú , we projecta ray in spacepassingthroughtheopticalcenterof thecamera
(seeFigure4.4). We find the perpendiculardistancesÇ 6 of this ray from the vertical
linespassingthroughthecurrentlyestimatedcentersof thepeople.Also calculatedare
the heights M×6 of theseperpendicularlines(theseline segmentsarehorizontal). Then,
thea priori probabilitythatapixel ú is theimageof person[ is

"Ïð-ô2�õñ2ôE#º[x+i��è,6E#&M×6 V Ç 6:+
k occludesj

#<�d4yè,>3#aMx> V Ç >A+<+
"Ïð-ô2�õñ2ôE# u Û¥XEæ×JE��N¬+d�

all j

#W��4Sè�6E#&M×6 V Ç 6:+<+
(4.4)

where è,6
#aM×6 V Ç 6:+ is the “presence”probability describedin section4.2. A person X
occludes”[ if thedistanceof X to theopticalcenterof thecamerais lessthanthedistance
of [ to thecenter.
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Figure4.5: Theresultof segmentingfour of theimagesshown in Figure4.1

Themotivationfor thedefinitionis thataparticularpixel originatesfrom apersonif
andonly if (1) thepersonis presentalongthat line of sight (Probabilityfor this = è,6 ),
and(2) nootherpersonin front of heris presentalongthatline of sight(Probability= 1 -è,> ). If no personis presentalongaparticularline of sight,weseethebackground.The
classificationprocedureenablesus to incorporateboth the color profile of the people
andtheocclusioninformationavailablein aconsistentandlogicalmanner.

It is interestingto notethatweexpectto obtainbetterdiscriminationfrom theback-
groundusingour algorithmthanusingtraditionalbackgroundsubtractionmethodsbe-
causewe take into accountmodelsof the foregroundobjectsin the scenein addition
to informationaboutthe backgroundthat is the only input for traditionalbackground
subtractionmethods.Indeed,this is whatweobserveduringexperiments.

4.4.1 DetectingNew Peopleand Bootstrapping

The algorithmasdescribedabove assumesthat we have informationaboutthe people
visible in the sceneandfails whentherearepeoplefor whom we do not have any in-
formationor have inaccurateinformation. In orderto detect“new” peoplein thescene
andto correctinaccuratepersonmodels,wedetectunclassifiedpixelsasthosefor which"Ïð-ô2�÷ñ2ô£Ò�"1#aÛG�¥[b+ is below agiventhresholdfor all thepersonmodelsandthebackground,
i.e. noneof thepersonmodelsor thebackgroundcanaccountfor thepixel with a high
enoughprobability. For thesepixels, we usea simple color segmentationalgorithm,
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Figure 4.6: The point of intersectionof the quadrilateralformed by back-projecting
the endpointsof the matchedsegmentsyields a 3D point lying insidean object. The
matchingsegmentsare1 and1’, and2 and2’ respectively.

which groupstogetherpixels having similar color characteristics.This segmentation
createsadditionalregionsin theimageandtheseregionsarealsomatchedacrosscam-
erasasdescribedin thenext section.This methodworksnot only for detecting“new”
peopleenteringthescenebut alsofor bootstrappingthealgorithmsincein thebeginning,
all peoplearedetectedas“new”.

4.5 Region-BasedStereo

After segmentation,we analyzeepipolarlinesacrosspairsof views. We first construct
epipolarlines suchthat therearea fixed numberof lines for two views. For instance,
if the epipolelies insidea view, the lines aretaken at an angularseparationof �GûI�¬�G�
where � is the numberof lines desired. If the epipolelies outsidethe view, thenthe
lines areconstructedso that they have a fixed angularseparationandcover the whole
image.Along anepipolarline, wedividetheline into “segments”belongingto different
regions. If a line intersectsa region twice, the two segmentsthusformedaremerged
to form onesegmentconsistingof the two extremeendpoints. Thesesegmentsfrom
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onecameraview arematchedto the segmentsin the otherview. Segmentsbelonging
to the samepersonin differentviews (asdeterminedby the classificationalgorithm)
arematchedto eachother. Regionscorrespondingto unclassifiedpixelsarematchedto
eachotherbasedon color characteristics.Even if onesegmentmatchesto morethan
onesegmentin theotherview, wedonotselectamongthesematchesbut considerall of
thematchedpairsaspossiblematches.

For eachmatchedpair of segments,we projecttheend-pointsof thesegmentsand
form aquadrilateralin theplaneof thecorrespondingepipolarlines.Thepointof inter-
sectionof thediagonalsof this quadrilateralis takento bebelongingto theobject(see
Figure4.6).

Themotivationfor takingthepoint of intersectionof thediagonalsof thequadrilat-
eralis that,for aconvex object,this is theonly point thatcanbeguaranteedto lie inside
theobject(seeproof in Appendix).This is assumingthatthecompleteobjectis visible
andsegmentedcompletelyasoneregion in eachview. For any other3D point in the
planeof theepipolarlines, it is possibleto constructa casein which this point will lie
outsidetheobject.

4.6 ProducingLik elihoodEstimateson theGroundPlane

Having obtained3D pointsbelongingto people,we want to detectandtrackpeoplein
a robust mannerrejectingoutliers. Assumingthat peoplearestandingupright or are
otherwiseextendedprimarily in theverticaldirection,onenaturalway to do thatwould
beto do theestimationon thegroundplaneafterprojectingthe3D pointsonto it. It is
alsopossibleto do clusteringin 3D (asdoneby [51]) andthis would be themethodof
choicefor many applications.However, for our application,estimationon the ground
planeis bettersincewe aredealingwith only walkingpeople.

We definea “lik elihood” measurewhich estimateswhethera particularlocationon
the groundplaneis occupiedby an object. Likelihoodmapsare developedfor each
camerapair andarethencombinedin a robustmannerusingtheocclusioninformation
available.

4.6.1 Lik elihood fr om a SingleCameraPair

We develop likelihoodmapson thegroundplaneusingthegroundplanepointsfound
usingregion matching. For eachof the 2D groundpoints,we adda Gaussiankernel
to the likelihood map. The weight and standarddeviation of the kernel is basedon
the minimum width of the segmentsthat matchedto give rise to that point, and the
camerainstantaneousfieldsof view (IFOV). This helpsusgivehigherweightto points
originatingfrom longersegmentsthanfrom smallerones.Thelikelihoodfrom all these
gaussiankernelsis then integratedto obtaina likelihoodmap in the 2D spaceof the
groundplane. This is donefor eachpair of camerasfor which the segmentationand
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Figure4.7: If segmentmatchingfails to distinguishbetweentwo objects,the matches
wouldreinforceeachotheronly at thetruelocationof theobjects,andthefalsematches
wouldgeteliminatedby theweightingscheme.

matchingis performed. Thus, the likelihoodassociatedwith any point ¸ on the 2D
planeis givenby

èiXQ#(ú,+i� ß � Ç �
¿ �Z` ¾ �Uü ùý�#
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� ¾ 	� +

whereúQþ3�«#º¸�� VWÿ �a+ and¾ � arethe2Dpositionandstandarddeviationof thei-th Gaussian
kernelandÇ � is theweightassignedto this kernel.

4.6.2 Combining Results fr om Many Camera Pairs Using Occlu-
sion Analysis

Giventhelikelihoodmapsfrom matchingacrosspairsof cameras,wedescribeamethod
for combininglikelihoodmapsthatmakesuseof occlusioninformationavailablefrom
the approximatepositionof the people. The simplestmethodwould averagethe like-
lihood estimatesobtainedfrom differentpairs. This methoddoesyield good results
becausethe likelihoodvaluesat the true locationsof theobjectsreinforceseachother,
whereasthevaluesat falselocationsarescatteredaboutandoccurat different2D loca-
tionsfor differentpairsof cameras.Thiscanbeseenin theexampleillustratedin Figure
4.7wherefalsematchesarenot reinforcedbut goodonesare.

46



Althoughsimpleaveragingof likelihoodvaluesyieldsgoodresults,wecanimprove
likelihoodestimatessignificantlyby determining(probabilistically)whethera particu-
lar location is visible or occludedfrom a cameraandweighing the likelihoodvalues
accordingly.

For eachof the cameras,we form a probability map that givesus the probability
that a particularlocationx is visible from the camera.First of all, the cameracenter
is projectedonto the groundplane. Then, for eachpoint x on the groundplane,we
calculatetheperpendiculardistanceÇ 6 of eachperson[ from theline joining thecamera
centerandthe point x. Then,defining“presence”probabilities è,6E#a+ similar to section
4.2,but takingonly thewidth asparameter(by averagingovertheheightparameter),we
find theprobabilitythatthepointx is visible from thecameraÛ as

"áA#(ú,+i�
j occludesx

#W�i4Sè,6E# Ç 6:+<+ (4.5)

where[ occludesx if its distancefrom thecamerais lessthanx. Now, for a particular
camerapair #&ÛE� V ÛÈ�I+ , theweightfor thegroundpoint ú is calculatedas

Ç ��á�)-Ë á 	 �-#Ýú,+i��"Ïá�)�#Ýú,+="á 	 #(ú,+ (4.6)

The weight is essentiallythe probability that x is visible from both the cameras.The
weightedlikelihoodvalueis thencalculatedas

è/XU#(ú,+i� ��á�)-Ë á 	 � Ç �Éá�)-Ë á 	 � #(ú,+<èiX ��á�)-Ë á 	 � #Ýú,+��áW)-Ë á 	 � Ç �Éá�)-Ë á 	 �-#(ú,+
(4.7)

This definition helpsus to dynamicallyweigh the different likelihoodvaluessuch
thatthevalueswith thehighestconfidencelevel (leastocclusion)areweightedthemost.
Notethatthenormalizationconstantis differentfor eachgroundplanepointandchanges
over time.

4.7 Tracking on the Ground Plane

After obtainingthe combinedlikelihoodmap,we identify objectsby examininglike-
lihood clustersand identifying regionswherethe sumof likelihoodsexceedsa given
threshold.Thecentroidsof suchlikelihood“blobs” areobtainedsimplyusing

ú£áaó � Ì\ô2ñc� å � � Ë � � ô2ó&���÷ñ � ú1Ò�è/XU#(ú,+
�
èiXQ#Ýú,+ (4.8)

where èiXQ#Ýú,+ is thelikelihoodatpoint ú .
Thesecentroidsof theobjectblobsaretrackedover time usinga differentKalman

filter for eachof theblobs.Thestatevectorof thefilter consistsof positionandvelocity
of the objectandpredictionis madeusingthe assumptionof constantvelocity during
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Figure4.8: Theresultsof detectionandtrackingasseenin four of theimagesshown in
Fig. 4.1.

thetime step.Thecurrentobservationof theobjectlocationis obtainedby finding the
centroidoveracircularregionaroundthecurrentpredictedobjectlocation.

Somesimpleheuristicsareusedto eliminatefalsedetections,maintainrobustperson
identitiesandto re-identify lost peoplewho might beseenagain.We keeptrackof the
amountof timethataparticularpersonhasbeentracked. If apersonis notfoundnearhis
predictedpositionby thegroundplanepositionfinding algorithm,thenheis eliminated
or retaineddependingon the amountof time he hasbeentracked continuously. Also,
if two objectsare too closeto eachother, then the one tracked for lesserdurationis
removedunlessbothof themhavebeentrackedfor somepredefinedduration.If aperson
thatwouldnormallyhavebeenremovedis retainedbecauseof timeconsiderations,then
he is predictedto be at the positionpredictedby the Kalmanfilter for sometime and
this positionandhis modelsareusedin the segmentationalgorithm. However, after
sometime of non-detection,thepersonis removedfrom the list of trackedpeopleand
his modelis storedin the“lost” peoplelist. Whena new personis detected,his model
(mainly the color profile) is matchedto the modelsfor lost peopleand if it matches
oneof them,thenhe is identifiedasthis “lost” person.We calculatethe dissimilarity
betweentwo probabilitydistribution functions"�) and " 	 usingthe è/) distance,i.e.

N�! ÚAÚ�� À #a"�) V " 	 +d� ¼I"�)�#Ýú,+,4S" 	 #(ú,+ ¼
N
ú (4.9)

Thedissimilarity from themodelsat differentheightsis thensimply summedup to get
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Figure4.9: The first imageis the likelihoodmapobtainedfor the imagesetshown in
Figure4.1by applyingtheocclusion-analysisweightingscheme.Therestof theimages
aremapsobtainedfor thesequenceat othertimesteps.Thedotsshow thepositionstate
variableof the Kalmanfilter trackingthe person.Visit www.umiacs.umd.edu/˜anurag
for thefull sequenceandsomeadditionalresults.
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thedissimilaritymeasurebetweenthecolor profilesof two people.

4.8 Updating Modelsof People

Observed imagesandinformationaboutthe currentpositionof the peopleareusedto
updatemodelsof peopleandcreateonesfor the “new” peopledetected. In order to
develop accuratemodels,we want to identify pixels for which we are very surethat
they belongto aparticularperson.To doso,for eachpixel, wecalculatethe“presence”
probabilities è,6 for eachpersonasdescribedearlier. We usethe observed probability
methodonly whenthe numberof observed pixels for a particularwidth Ç is above a
certainthreshold.Thenwe determineif è,6 is above a certainthresholdfor a particular
personandbelow another(lower) thresholdfor all others. This helpsus in ensuring
that the pixel is viewing the particularpersononly andnothingelse(exceptthe back-
ground).In orderto determineif thepixel belongsto thebackgroundor not,we usethe
backgroundmodelto determinetheprobability that thepixel color originatesfrom the
background.If this probability is below a certainthreshold,thenwe determinethatthe
pixel belongsto theperson;elseit belongsto thebackground.If it belongsto theper-
son,it is addedasakernelto thecolormodelof thepersonat thatheight.Weupdatethe
“presence”probability è�6 for thepersonby incrementingthecountfor thetotalnumber
of observationsat height M andwidth Ç for thepersonandincrementingthecountfor
positive matchesonly if this pixel is determinedto belongto theperson(accordingto
the above mentionedmethod). The “presence”probability at that heightandwidth is
thensimply thesecondcountdividedby thefirst.

For a new person,sincewe do not know the trueheightof theperson,we develop
modelsup to a maximumpossibleheight.Thetrueheightof thepersonis estimatedby
observationover timeandis usedto deletetheslicesabove thatheight.

4.9 Implementation and Experiments

Imagesequencesarecapturedusingup to 16 color CCD cameras(KodakES-310C).
Thesecameras,which are attachedto “Acquisition” PCsvia frame grabbers,are ca-
pableof beingexternally triggeredfor synchronizationpurposes.Camerasarelocated
at positionssurroundingthe lab so that they seetheobjectsfrom differentviewpoints.
Eight camerasarelocatedin approximatelya circle at a lower (in height)level andthe
othereightcamerasarelocateddirectly on top of themat a higherlevel. Therefore,the
anglebetweenadjacentcamerasat thesameheightis approximately45 degrees.All of
thecamerasarecalibratedusingaglobalcoordinatesystemandthegroundplaneis also
determined.Framesynchronizationacrosscamerasis achievedusingaTTL-level signal
generatedby aDataTranslationDT340cardattachedto acontrollerPC,andtransmitted
via coaxialcablesto all thecameras.For videoacquisition,thesynchronizationsignalis
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Figure4.10: Cumulativeerrorsfor four sequencesof 200time stepseachby averaging
likelihoodsandusing(a) noocclusionanalysis,and(b) usingocclusionanalysis.

usedto simultaneouslystartall cameras.No timecodeperframeis required.For details
see[11].

In thedistributedversionof thealgorithmwhereweuseaPentiumII Xeon450MHz
PCfor eachof thecameras,thesystemcurrentlytakesabout2 secondsper iterationof
thegroundplanepositionfinding loop. On theaverage,we needabout2 - 3 iterations
pertimestep,sotherunningtimeof thealgorithmis currentlyabout5 secondspertime
step.Webelievethatby codeoptimizationsandfasterprocessors,wewill beableto run
thealgorithmin realtime.

In orderto evaluateour algorithm,we describeexperimentson four sequencescon-
taining3, 4, 5 and6 peoplerespectively. Eachsequenceconsistedof 200framestaken
at therateof 10frames/secondandpeoplewereconstrainedto movein aregionapprox-
imately3.5mX3.5min size. Matchingwasdonefor only adjacentpairsof cameras(�
pairs)andnot for all of the �é�	 pairspossible.This helpsuscontrolthetimecomplexity
of thealgorithm,but reducesthequality of theresultsobtained.

For eachof thesequences,we calculatedthenumberof falseobjectsfoundandthe
numberof true objectsmissedby the algorithm. We calculatedthesemetricsusing4,
8 and16 camerasin orderto studythe effect of varying the numberof cameras,thus
enablingusto determinetheminimumnumberof camerasrequiredto properlyidentify
andtracka certainnumberof objects.For theexperimentwith four cameras,cameras
wereplacedat an angularseparationof 90 degrees,for the eight cameraexperiment,
only the top row of cameraswere used(so the angularseparationbetweenadjacent
camerasis about45 degrees)andfor thesixteencameraexperiment,all cameraswere
used(againtheangularseparationbetweenadjacentcamerasis 45degrees).Theangular
separationfor usis at least45 andup to 90 degrees,which is muchmorethanthatused
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Figure4.11: Total errorsasa function of time for thesequencewith 5 peopleusing8
cameras.Note how the errorsdecreasewith time asthe modelsbecomemorerobust.
Errorsafter theinitial periodoccurmainly becauseof peoplecomingtoo closeto each
other.

by shortbaselinestereocameraswheretheseparationis of theorderof 5 to 15degrees.
Thecumulativeerrorsover the200framesareshown in Figure4.10(b).Also shown in
Figure4.10(a)aretheerrormetricsobtainedwhenthelikelihoodvaluesobtainedfrom
differentcamerasareweightedequallyandocclusionanalysisis notused.Thishelpsus
observe theimprovementobtainedby usingtheocclusionanalysisscheme.

4.9.1 Behavior during Initialization

In the beginning, we have no information as to wherethe peopleare, or what their
modelsare, so the algorithm is trying to find peoplebasedsolely on color matching
acrossviews. The resultsfrom an algorithm that doesdetectionand tracking based
solelyon color matchingcanbe found in our paper[64]. The resultsaredecidedlyof
lowerquality but, in a sense,areusedto initialize thealgorithmpresentedin this paper.
Onceanobjecthasbeendetected,however, hecanbetrackedeasilysinceweareableto
build themodelsfor him. Dueto undetectedpeoplein thescene,themodelsdeveloped
for thedetectedpeoplearesometimesnot soaccuratebecausepixelsbelongingto the
undetectedpeopleareassignedto detectedonesandareincludedevenin their models.
Apartfrom inaccuratedetectionandtrackingresults,thisalsoresultsin anincreasein the
numberof iterationsrequired.This is a potentialproblem,especiallywhenthenumber
of peopleis very largeandocclusionsarevery heavy. However, for casesof moderate
occlusions,we have found that this stageis very shortandthe undetectedpeopleare
alsofoundafter sometime, allowing thealgorithmto build moreaccuratemodelsand
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getveryaccurateresults.

4.10 Summary and Conclusions

In this chapter, we have presenteda methodfor detectingandtrackingdenselylocated
multipleobjectsusingmultiplesynchronizedcameraslocatedfarawayfrom eachother.
It is fully automaticanddoesnot requireany manualinputor initializations.It is ableto
handleocclusionsandpartial occlusionscausedby thedenselocationof theseobjects
andhencecanbeusefulin many practicalsurveillanceapplications.
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Chapter 5

Human Body PoseEstimation Using SilhouetteShape
Analysis

5.1 Intr oduction

Determiningthe poseof humansis an importantproblemin vision andhasmany ap-
plications. In this chapter, we targetmulti-camerasurveillanceapplicationswhereone
wantsto recognizetheactivities of peoplein a scenein thepresenceof occlusionsand
partial occlusions.Onecannotassumethata personis visible in isolationor in full in
eitheroneor all of theviews. Nor canoneassumethatwehaveamodelof theperson,or
thattheinitial bodyposeis known. Suchasystemshouldalsobereasonablyfast.How-
ever, very accuratebodyposevaluesaretypically not required,andananswercloseto
the actualbody posemight be adequate.We describean algorithmthat canform the
basisof suchasurveillancesystem.

Our systemestimatesthe3D poseof a humanbodyfrom multiple views. We make
useof recentwork in decompositionof a silhouetteinto 2D parts.These2D partprim-
itivesarematchedacrossviews to build primitivesin 3D which arethenassembledto
form ahumanfigure. In orderto searchfor thebestassembly, weusea likelihoodfunc-
tion thatintegratesinformationavailablefrom multipleviewsaboutbodypartlocations.
Greedysearchstrategiesareemployedsoasto find thebestassemblyfast.

Our work is mostcloselyrelatedto thework of KakadiarisandMetaxas[43] who
try to acquire3D bodypart informationfrom silhouettesextractedin orthogonalviews.
They employ a deformablehumanmodelso thatany sizeof thehumancanbe recog-
nized.Thedistinguishingfeatureof ourwork is thatit is ableto work in acrowdedscene
sothatin all of theviews,thepersonmightbefully or partiallyoccluded.Thisis accom-
plishedby explicitly modelingocclusionanddevelopingprior modelsfor personshapes
from thescene.This helpsusto decoupletheproblemsof poseestimationfor multiple
peoplesothatthedegreesof freedomof theproblemaredecreasedsubstantially.

Thechapteris organizedasfollows. Section5.2describesthemethodof extraction
of multiple silhouettesin a crowdedsceneusingthemethoddescribedin thelastchap-
ter. Section5.3describesshapeanalysisof silhouettesandmatchingpartsacrossviews
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Figure5.1: Multiple SegmentationsObtainedfor theimageshown in thefirst image

to obtain3D partprimitives. Section5.4 describesthe likelihoodfunctionusedfor as-
semblyevaluation.Section5.5 describesthealgorithmusedto find thebestassembly.
Weconcludewith somepreliminaryresultsin section5.6.

5.2 Obtaining Multiple Segmentations

Weusethemethoddescribedin thelastchapterfor obtainingsegmentationsof peoplein
acrowdedscene.Thereareseveralparametersin thesegmentationalgorithm.Accurate
extractionof differentpartsof thepersonrequiresdifferentparameters.Therefore,it is
essentialto vary theparameterssoasto obtainmultiplesegmentations.Theparameters
thatwevaryare
(1) therelativeweightgivento thebackgroundmodel,
(2) therelativeweightgivento differentforegroundobjectssothatdifferentobjectsare
highlighted,and
(3) thethresholdfor determiningwhetherapixel is unclassifiedpixels.
The silhouettesthus obtainedare segmentedusing the methoddescribedin the next
section.
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Figure5.2: SilhouetteDecomposition

5.3 Computing Body-part Primiti ves

5.3.1 2D SilhouetteShapeAnalysis

In orderto recover theposeof aperson,webreakthesilhouetteof thepersoninto parts.
Accordingto humanintuition aboutparts,a segmentationinto partsoccursat negative
minima of curvature so that the decomposedpartsare convex regions. Singh et al.
notedthatwhenboundarypointscanbe joined in morethanoneway to decomposea
silhouette,humanvisionprefersthepartitioningschemewhichusestheshortestcuts( A
cut is theboundarybetweenapartandtherestof thesilhouette).They furtherrestricta
cut to crossasymmetryaxisin orderto avoid shortbut undesirablecuts.However, most
symmetryaxesareverysensitiveto noiseandareexpensiveto compute.In contrast,we
usetheconstraintonthesalienceof apartto avoid shortbut undesirablecuts.According
to HoffmanandSingh’s[32] studytherearethreefactorsthataffectthesalienceof apart:
thesizeof thepart relative to thewholeobject,thedegreeto which thepartprotrudes,
andthestrengthof its boundaries.Amongthesethreefactors,thecomputationof aparts
protrusion(theratio of theperimeterof thepart(excludingthecut) to thelengthof the
cut) is moreefficient androbust to noiseandpartialocclusionof theobject. Thus,we
employ theprotrusionof a part to evaluateits salience;thesalienceof a part increases
asits protrusionincreases.

In summary, wecombinetheshort-cutruleandthesaliencerequirementto constrain
the other endof a cut. For examplein Figure 5.3.1, let

�
be a silhouette, � be the

boundaryof
�

, " beapointon � with negativeminimaof curvature,and "Ï� beapoint
on � sothat " and "� dividetheboundary� into two curves ��� , �dô of equalarclength.
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Figure5.3: ComputingthecutspassingthroughpointP

Thentwo cutsareformedpassingthroughpoint " : "�"�� , "v"Ïô suchthatpoints "�� and"Ïô lies on ��� and �dô , respectively. The ends "�� and "Ïô of the two cutsarelocatedas
follows:

"��Ï� t JPæ n´m
	�� ¼ "v"��c¼
s.t.

¼ �"�" � ¼
¼ "�" � ¼ ��ÓUð V " ��� ��� V "v" � �

� (5.1)

"Ïô � t JPæ n´m
	�� ¼ "v" � ¼
s.t.

¼ �"�" � ¼
¼ "�"��2¼ �»ÓUð V " � � �dô V "v"�� �

� (5.2)

where
�"v" � is thesmallerpartof boundary� between" and " � , ¼ �"v" � ¼ is thearclength

of
�"v" � , and

������ � �
� ��� � � is thesalienceof thepartboundedby curve

�"v"�� andcut "v"�� .
Eq. (5.1)meansthatpoint "�� is locatedsothatthecut "v"�� is theshortestoneamong

all cutssharingthesameend " , lying within thesilhouettewith theotherendlying on
contour ��� , andresultingin a significantpart whosesalienceis above a thresholdÓÏð .
Theotherpoint "ô is locatedin thesamewayusingEq. (5.2).

Sincenegative minima of curvatureareobtainedby local computation,their com-
putationis not robust in realdigital images.We take severalcomputationallyefficient
strategiesto reducetheeffectsof noise.First,aB-splineapproximationis usedto mod-
eratelysmooththeboundaryof a silhouette,sinceB-splinerepresentationis stableand
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Figure5.4: Multiple Body partsobtainedusingthesegmentationsshown in Fig. 5.1

easyto manipulatelocally without affectingtherestpartof thesilhouette.Second,the
negative minimaof curvaturewith smallmagnitudeof curvatureareremovedto avoid
partsdueto noiseor smalllocaldeformations.However, curvatureis notscaleinvariant
(e.g.its valuedoublesif thesilhouetteshrinksby half). Oneway to transformcurvature
into ascale-invariantquantityis to first find thechordjoining thetwo closestinflections
which boundthe point, thenmultiply the curvatureat the point by the lengthof this
chord. Theresultingnormalizedcurvaturedoesnot changewith scale— if thesilhou-
etteshrinksto half size,thecurvaturedoublesbut thechordhalves,so their productis
constant.

This analysisyields 2D body partsfor a personin a singleview. The torsois not
found directly by this methodasthe body part segmentationscanonly find protruded
parts reliably. Sincetheseprotrudedpartscan overlap, thereare a large numberof
torsosthat canbe formedfrom the remainingpartof thesilhouette.Therefore,we do
notattemptto find thetorsosdirectlyandsimply infer it from theotherbodyparts.

Zhao[114]hasusedasimilarmethodtodevelopasystemfor bodypartidentification
from asingleview. However, bodypartidentificationfrom asingleview is verydifficult
andlabelingsareoften incorrect,especiallyin the caseof partial-occlusionsandself-
occlusionswheresomebodypartsarenotvisible. Theproblemis alsounder-constrained
sincedepthinformationis not available.Anotherdifficulty is thattheir systemrequires
extractionof goodsilhouetteswhicharenoteasyto obtainin adensescene.As opposed
to Zhao’s work, we usemultiple camerasandidentify bodyposein 3D usinga global
analysis.
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5.3.2 Computing Body-part Primiti vesin 3D

2D partprimitivesobtainedusingSilhouetteAnalysisareusedto obtainpartprimitives
in 3D. First, partsthatarerelatively closeto eachotherarecombinedwith eachother.
Second,the decomposedpartsare matchedacrossviews using epipolargeometryto
yield 3D body parts. The two endpointsof a part in oneview arematchedto the cor-
respondingendpointsin theotherview. Thematchingis basedon simply lying on the
correspondingepipolarline. An additionalconstraintthatcanbeusedis thecolorprofile
of thebodyparts.Thedisadvantageis that if theviewpointsaresubstantiallydifferent,
thecolor profilescanvarysignificantly. Also, thecolor profilesfor differentbodyparts
canbeverysimilar (for e.g.thetwo legscanhaveverysimilar color profiles.)

Oncematchingis done,a certainnumberof bodypartsareselectedbasedon their
matchingscoreandtheirendpointsareprojectedin spaceto yield 3D bodyparts.

5.4 AssemblyEvaluation using the Observation Lik eli-
hood

Labelingsareassignedto these3D partsby building an assemblythat hasthe maxi-
mum likelihoodaccordingto an appropriatelikelihoodfunction. From the setof 3D
body parts,we form setsof possibleheads,handsandlegs basedon sizeconstraints.
Additional knowledge,if available,canbeused.Suchinformationmight consistof the
knowledgethatthelegsarecloseto thefloor or thatthepersonis standing(constrainton
headandhandpositions).Then,theproblemreducesto finding ahead,two hands(or a
singleor nohands,if not found)andtwo legs(or 0 or 1 legs),suchthattheassemblyhas
thehighestlikelihood.Thelikelihoodfunctionweuseis describedin thenext section.

5.4.1 Observation Lik elihood

In orderto evaluatea particularassemblŷ , we determinethe observation likelihood" JQ#aï�) V ï 	 V BCBDB V ï � �
^ + , which is thelikelihoodof observingimagesï�) V ï 	 V BCBCB V ï � giventhe

particularassemblŷ . Assumingthatassemblieshaveequalpriors,theassemblyhaving
thehighestlikelihoodis alsotheassemblywith thehighestposterior. Sincewe do not
know the body poseof other peoplein the scene,the observation likelihood cannot
be determinedunlesstheproblemsof body posedeterminationof differentpeopleare
coupledwith oneanother. This leadsto anexponentialincreasein thecomplexity of the
algorithm.

We candecoupletheproblem,however, if we make somesimplifying assumptions.
Specifically, we canusethe methoddevelopedin M 	 Tracker[65] to determinepriors
usingpresenceprobabilities.Then,thegeneralformula for theobservationprobability
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at aparticularpixel ¸ canbewrittenas:

�,#&ï�#º¸,+W+d� 6 "Ïð-ô2�õñcôI#º[x+<"rJU#&ï�#º¸,+<�G[x+ (5.3)

wherethe summationis doneover all persons[ andthe background,and ï#\¸,+ is the
observation at pixel ¸ . If the location of the assemblyis given, the function è,6
#\¸,+
(PresenceProbability definedin section4.3.2) for the person� underconsideration
changesfrom a probabilisticto afixedfunctionsothat:

è,��#º¸,+i� � if assemblŷ projectsto pixel x� if
^

doesnotprojectto pixel x
(5.4)

Using this definition,onecanre-determinethepriors for all peopleusingequation
(4.4) andcalculatetheobservationprobabilityusingequation(5.3). This would bethe
conditionalprobability " JQ#aï#\¸,+=� ^ + :

��#&ï�#º¸,+<� ^ +d� 6 "Ïð-ô2�õñcôI#º[b� ^ +=" JU#&ï�#º¸,+<�G[x+ (5.5)

where

"ð�ôc�õñ2ôI#\[b� ^ +d��è,6
#aMx6 V Ç 6:+
k occludesj

#W�i4Sè,> #&M×> V Ç >A+<+
"ð�ôc�õñ2ôI# u ÛGXEæ×JP�dN×� ^ +��

all j

#<�d4Sè,6
#aM×6 V Ç 6È+W+
(5.6)

suchthat è,� is given by Equation5.4 andfor all otherpersons,we usethe presence
probabilityfunctiondevelopedin thepreviouschapter.

Assumingthatobservationsat differentpixelsareindependent,theoverall observa-
tion probabilityis thensimply theproductof theobservationprobabilitiesat eachpixel
in eachview.

" JQ#aï�) V ï 	 V BDBCB V ï � �
^ +d� �

�Ý'*) all pixelsx

" JQ#aï#\¸,+=� ^ + (5.7)

5.4.2 Projection of the Assembly

In orderto determinetheprojectionof theassemblyon animage,we modelthehands
andlegsascylinderswith approximatewidthsandtheheadasa sphereanddetermine
their projectionsonto a view (Figure5.5). The torsois built by filling in the polygon
formedby taking the joint locationsof the (five) partsasthe vertices. More accurate
projectioncanbe formedby building a 3D structurebasedon the joint locationsand
finding its projectionontotheviews. Thatwill, however, addto therunningtime of the
algorithm.
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Figure5.5: DeterminingtheProjectionof anAssembly

5.4.3 Refining the Lik elihoodFunction

M 	 Tracker determinesthe probability " JU#&ï�#º¸,+<�G[x+ usedin equation(5.3) usingcolor
modelsatdifferentheightslices.Thisputsonly occupancy constraintsonthelikelihood.
However, apart from the hypothesisthat the given assemblyprojectsto a particular
pixel, we alsohave informationasto which partof theassemblyprojectsto thepixel.
Using this information,we canimprove resultsby including in the likelihoodfunction
informationavailablefrom theviews aboutpossiblebodypart locations.For example,
we might beableto find theheadusinga facedetector. If we have a skin detector, we
might wantto excludethetorsofrom thesetof bodypartsthatcangive riseto it. In the
presentwork, we includeanadditionaltermin thelikelihood "rJU#&ï�#º¸,+<�G[x+ .

First,wedeterminetheprobabilitythataparticularbodyparthasaparticularaspect
ratio "rJ��(ð¬# t Jb+ . This probability is modeledasa 1D Gaussian,its meanandstandard
deviation learntusing training data. Now, we considerbody partsdetectedfrom the
silhouettesextractedfor thepersonandfind their aspectratios.Findingthevalueof the
function " J��(ð×# t Jb+ , we assignthis valueto all pixelsbelongingto thepart in thesilhou-
ette. Sincethe torsois not observeddirectly, we cannotdeterminethis probability for
pixelsbelongingto it andhencethey areassignedaconstantvalue.Sincewehavemul-
tiple silhouettesandhencemultiple probabilityestimatesfor theaspectratio at a given
pixel, we averagethemto yield a singleresult. For pixels lying outsideany silhouette,
the probability is zero. This will yield the function " JQ# t J � u �*+ for eachpixel ¸ and
eachbodypart

u � . During evaluationof anassembly, we cancomputethevalueof this
functionsincewe know theprojectionsof thebodypartsonto the image. This proba-
bility valuecanbemultiplied with thecolor likelihoodto yield the likelihoodfunction" JQ#aï#\¸,+=�G[x+ usedin equation(5.3).
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Figure5.6: Schematicfor theInitializationprocedure

5.5 Searching for the Optimal Assembly

We believe that thebestassemblycanonly be foundby anexhaustive searchin �1#º���Z+
time (where���«�#<�¥�I+ ) is thenumberof possibleprimitivesfor eachpart). However,
in practice,we have found that the sameresult can be obtainedin �#\��+ time if we
have a goodinitial estimateof the body part positions, andin �1#º� 	 + time during the
initialization phase.Wefirst describetheincrementalscheme.

5.5.1 IncrementalAlgorithm

If we have a sufficiently good estimateof the currentbody part locations,we usea
greedyapproach.The ideais to first try to replaceeachpart with candidateparts. If
the assemblywith the original part hasa higher likelihoodthanthe oneswith any of
the new primitives,we keepthe original one. This is repeatedfor differentparts. We
have found that,apartfrom beingvery fast,this methodyields the bestresults(better
thaninitialization method)sinceit is oftenthecasethatsomebodypartshave no good
candidatesat aparticulartimestep,in whichcasewecankeeptheold estimate.
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Figure5.7: Resultsof thealgorithmfor a personat a particulartime instantfrom mul-
tiple perspectives.Notehow theperson’sbodypartsarecorrectlydetectedeventhough
heis partiallyoccludedfrom someviews.

5.5.2 Initialization

In orderto find aninitial solution,or reinitialize themethodif the incrementalmethod
fails,weusethefollowing approach.First,wetry to find goodleg pairs.Wefind K best
pairs(in �1#&Ü	�+ time) basedon thelikelihoodfunctionby building anassemblyof just
thetwo legs. Similarly, we find K bestpairsof hands.Next, we find K bestassemblies
consistingof two handsandtwo legsusingthehandandleg pairsfoundearlier(Figure
5.6). For this step,we constructthe torsousing the four joint locations. Finally the
headis addedandthebestassemblyis found. Although this methoddoesnot find the
optimalassembly, we have foundthat it is extremelyeffective in practiceandwith the
right choiceof Ü , yieldsresultsverycloseto anexhaustivesearch.

If computationalcostis available,we canfind theresultusingbothalgorithms,tak-
ing theassemblywith thehigherlikelihoodastheanswer.

5.6 Results

We have obtainedpromisingresultsfor the algorithm. We testedour algorithmon a
5-perspectivesequencewith two peoplepartiallyoccludingeachotherin severalviews.
Wewereableto correctlyidentify thebodypartsof thepeoplewhenthey wereextended
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Figure5.8: Resultsfor five framesof thesequence.Notehow themotionof the leg is
correctlycaptured.

from thebody. Whenthepartswerecloseto thebody, thealgorithmlabeledthepartas
missingandcorrectlyidentifiedtheotherparts.Figure5.7shows theresultobtainedat
a particulartime instantfor thesequence.Figure5.8 shows theresultsover time from
a particularview. No initialization wasdone,nor any exact 3D modelof the person
specified.Thealgorithmtookabout10s/frameonaDual933MHzPentiumIII processor
wheremostof thetimewasspentin evaluatingdifferentassemblies.

5.7 Summary and Conclusions

We have presentedanalgorithmfor bodyposeestimationthatdoesnot requireany ini-
tializationsor modelsto be specifiedup front andis ableto work in a crowdedscene
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sothatocclusions- bothfull andpartial- arepresent.Thesefeaturesmake it especially
useful for many surveillanceapplications.Futurework in this areamight involve in-
vestigationof otherscuesfor body partsin an image(other than the silhouettes)like
edgemapsandtexture regions,which might help us to reducethe numberof cameras
requiredto obtainacertainquality of results.
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Chapter 6

Conclusions

In this thesis,we have addressedthe problemof surveillancein situationswherethe
densityof objectsis high.

Chapter2 presentedastochasticframework for evaluationof thevisibility probabil-
ity givena certainconfigurationof sensorsin a scene.Apart from yielding important
performancecharacteristicsof multi-camerasystems,it canbeusedto evaluatediffer-
entcameraconfigurations,andto determinetheonethat is thebestgiventhevisibility
requirements.

Chapter3 describedan algorithmfor wide areasurveillanceandmonitoringusing
a singlecamera.The methodusesa mixture of Gaussianmodelto representpixels in
the scene.This backgroundmodelprovidesa meansof registeringvideo framesthat
is robust in thepresenceof moving objectsin thescene.Themodelscanalsobeused
to detectmoving objectsin a moving camerascene,andto createpanoramicviews and
videosequencesthatdo notcontainany moving objects.

Whenmultiple camerasareavailable,onecancoordinatebetweenthemsothatde-
tectionis doneusingall thecamerasin thescene.Chapter4 describeda systemfor de-
tectingandtrackingdenselylocatedmultiple objectsfrom multiple synchronizedcam-
eras.Widely separatedcamerasareusedasthey provide thehighestvisibility.

Chapter5 usedthesegmentationmethodof Chapter4 to developa systemfor body
poseestimation.Techniquesfor silhouettedecompositionareusedto identify possible
bodypartsin oneview. Thesearethencombinedacrossviews to build a 3D assembly.
Theassemblyhaving thehighestlikelihoodis selected.

Thedistinguishingfeatureof our methodsis that they do not requireany initializa-
tionsor modelsto bespecifiedup front andareableto work in a crowdedscenesothat
occlusions- bothfull andpartial- arepresent.Dueto thesefeatures,they canform the
basisfor a fully automatic,real-timesurveillancesystemfor usein real-world scenarios
thathaveahighdensityof objects.
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Appendix A

Region-BasedStereo

In this section,weprove that,in thecaseof a convex objectO, thepoint of intersection
of thediagonalsof thequadrilateralformedby backprojectingtheend-pointsof corre-
spondingsegmentsof thatconvex objectis guaranteedto lie insidetheobject;andthat
no otherpoint canbeguaranteedthus. (For a non-convex object,this point lies inside
theconvex hull of theobject.)

Weprovethiswith thehelpof anillustrationshowing theplanecorrespondingto the
epipolarlines. (seeFigureA.1). Let t and

u
betheraysback-projectedfrom theleft and

right endsof thesegmentasseenfrom thefirst camera.Let Û and N bethecorresponding
raysfrom thesecondcamera.Now, let "�) V " 	 V "�� and "� bethepointsof intersectionoft , u , Û and N asshown in thediagram.Let " bethepointof intersectionof thediagonals
of "�)=" 	 "��p"� . Sincecamera1 seessomepoint on line t that belongsto O, andO is
guaranteedto lie betweenrays Û and N , we canconcludethatthereexistsa point on the
line segment "@)<" 	 that lies on theboundaryof O. Let this point becalledA. Similarly,
wecanconcludetheexistenceof pointsfrom O on line segments" 	 "�� , "��A"� and "� A"@) .
Let thesepointsbecalledB, C andD respectively. Sincetheobjectis convex, we can
now concludethatall pointslying insidethequadrilateralABCD alsolie within O.

Now, considerthe line segment �"! . Omitting details,we caneasilyprove that the
point " liesonthesamesideof �#! asthequadrilateral�#!³��O . Similarly, wecanprove
that " lieson thesamesideof lines !s� , �vO and O� asthequadrilateral�#!s�vO . But
this meansthat " lies inside �#!³��O , henceinsideO.

For any point " � otherthan " , it is possibleto placeA, B, C andD suchthat the
point " � lies outsidethequadrilateralABCD. For, it mustlie on onesideof at leastone
of thelines "�)<"�� and " 	 "� . If it lies on thesideof "@)="�� towards " 	 , thenwe canplace
AB suchthat " � lies on the sideof AB towards " 	 , thus implying that it lies outside
ABCD.

Therefore,thepoint " is theonly pointguaranteedto lie insideO.
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FigureA.1: Illustration for Appendix - shows that, for a convex object, the point of
intersectionof the diagonalsof the quadrilateralformed by back-projectingthe end-
pointsof thematchedsegmentsis theonly pointguaranteedto lie insidetheobject
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FigureA.2: Showsthatthestandardmethodof intersectingtheprojectionof thecenters
of correspondingsegmentsmayresultin a 3D point outsidetheobject,but thepoint of
intersectionof the diagonalsof quadrilateralABCD is alwaysinsidethe object if it is
assumedto beconvex.
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Appendix B

Codefor Visibility Analysis

#define PI 3.1416
#define SCALE 5

inline int sqr(int x){return(x*x);}

int updatevar(int var[], int i, int ncam){
var[i-1] = var[i-1]+1;;
if (var[i-1] >= ncam){

if (i == 1) return 1;
if (updatevar(var, i-1, ncam-1)) return 1;
var[i-1] = var[i-2]+1;

}
return 0;

}

main(int argc, char *argv[]){
int sizex = atoi(argv[1]);
int sizey = atoi(argv[2]);
int ncam = atoi(argv[3]);
int pheight = atoi(argv[4]);
int prad = atoi(argv[5]);
int hvis = atoi(argv[6]);
int maxangle = atoi(argv[7]);
float pden = atof(argv[8]);

int index = 9;
int pcamx[100], pcamy[100], hcam[100];
for (int camno = 0; camno < ncam; camno++){

pcamx[camno] = atoi(argv[index++]);
pcamy[camno] = atoi(argv[index++]);
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hcam[camno] = atoi(argv[index++]) - pheight;
}

float mu_rat[100];
float mincamdist[100];
for (camno = 0; camno < ncam; camno++){

float mu = (float) hvis/(float) hcam[camno];
mu_rat[camno] = mu/(mu+1.0);
mincamdist[camno] = hcam[camno]/tan(maxangle*PI/180.0);

}

float probim[MAXY][MAXX];

float doccl[100];
int var[100];
float temp, temp2;

for (int yi = 0; yi <sizey/SCALE; yi++)
for (int xi = 0; xi <sizex/SCALE; xi++){
int x = SCALE*xi, y = SCALE*yi;

for (int camno = 0; camno < ncam; camno++){
float distcam = sqrt(sqr(x - pcamx[camno])

+ sqr(y - pcamy[camno]));
if (distcam > mincamdist[camno])

doccl[camno] = distcam*mu_rat[camno];
else doccl[camno] = -1.0;

}

prob[yi][xi] = 0.0;
float sign = -1.0;

for (int k = 1; k <= ncam; k++){
sign = -sign;
for (int i=0; i<k; i++)

var[i] = i;

int endcond = 0;
while (!endcond){
float sumdisoccl = 0.0;
for (int i=0; (i<k) && (sumdisoccl > -0.5); i++){

if (doccl[var[i]] >= 0.0) sumdisoccl += doccl[var[i]];
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else sumdisoccl = -1.0;
}

float a = 1.0/(pden*2.0*prad*sumdisoccl);
float b = PI*2.0*prad/sumdisoccl;
if (sumdisoccl >= 0.0)
probim[yi][xi] += sign*exp(-(2.0*a-b)/(2.0*a*(a-b)));

endcond = updatevar(var, k, ncam);
}}}}
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