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Many surweillancesitesareheavily crovded. Occlusionis a majorfactorto be con-
sideredin building surwillance systemsfor thesesites. To achieve a certaindegree
of visibility, onerequiresmultiple camerasand collaborationbetweenthemso thatan
objectis detectedusinginformationavailablefrom all the camerasn the scene.In this
thesiswe developmethoddor sensoplanningthatcandeterminghe minimumnumber
of sensorgequiredandtheir configurationsothata certainminimum/Ievel of visibility
is achieved. Then,we presentan algorithmthat integratesinformationfrom multiple
widely separatedamerasndobtainsa globally optimumdetectionandtrackingresult,
takingocclusioninto considerationLastly, we presentanalgorithmfor body poseesti-
mationthatusesshapeanalysisof thesilhouettef apersorobsenedin multiple views.
Thesealgorithmsarefast,work underpartial occlusionsandarefully automatic.Due
to thesefeaturesthey canform the basisfor a fully automatic,real-timesurweillance
systemfor usein areaswith high densityof objects.
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Chapter 1

Intr oduction and Related Work

1.1 Intr oduction

Many sunweillancesites (for e.g. airports, subway stationsand railway stations)are
heavily crowded. Occlusionis a majorfactorto be consideredn building surweillance
systemdor thesesites. Typically, multiple sensorgi.e. cameraspare usedto increase
visibility .

In mannedsystemswvheresecuritypersonnehrelooking at the video stream,vis-
ibility is the guiding factorfor the selectionof the sensorarrangementin automated
systemswhereadwancedalgorithmsareusedto detectandtrack peopleocclusionhan-
dling is againan importantissue. In orderto dealwith this condition, suchsystems
rely on the generatiorof motion modelsduring visibility. Motion informationis then
usedto “fill” in thetrajectoriesduringocclusion[58, 115. Objectscanthenbe found
andcorrectlylabeledwhenthey becomevisible again.However, if objectsareoccluded
for a significantamountof time, the motionmodelsbecomeunreliableandthetracking
unstable.The useof appearancenodelscanbe consideredo labelthesetracksso that
commonobjectsaredetectedTheaccurag of suchalabelingdependdo a greatextent
on thefrequeny anddurationof the occlusion.Above a certainlevel of occlusion,the
probability of recovering an inaccurateresultis quite high. Therefore,it is important
to limit the rate of occlusionby having a sufficient numberof sensorsand arranging
themproperly Sucharrangemenhasto guarante¢hata minimum/level of visibility is
attainedat all positionsin theareaundersuneillance.

In chapter2 of this thesis,we develop a theoreticalframenork to calculatetherate
of occlusionat differentlocationsin an areafor a certainsensorconfiguration. This
analysiscanbe usedto determinethe minimum numberof cameragsequiredandtheir
optimalplacementv.r.t. agivenvisibility requirement.

The next chapterdescribesa systemthat usesa singlecameraor “sweeping”’over
awide field of view andmaintainsa mixture-of-Gaussiansiodelfor eachpixel in the
panoramicscene We have developedan adaptve framewvork wherebytwo methoddor
developingthe models,.e. a constaniweightupdatingschemeandexponentialweight-
ing schemeareintegratedsuchthatthe programautomaticallychoosesheschemanost



appropriatefor a givensituation. This not only helpsus obtainrobust estimatesf the
backgroundjput alsoyields good estimatedor the “new” objectsin the scenewhich
canbefurthertracked andusedin surwillanceapplications.The methodalsoprovides
improved resultsin mosaicingasthe new framesare registeredagainsta background
imageformedfrom the mixture models. This backgroundmagedoesnot containary
moving objectsin the sceneandtheoretically containsonly thebackgroundgixels. This
helpsus obtainimproved resultsfor mosaicingastraditional methodsregisteragainst
a mosaicformed from the mostrecentpixels andthe pixelsin the moving objectget
matchedo pixelsin the mosaicbelongingto this object,thusdistortingtheregistration.

Chapter4 describesa distributed systemthat integratesinformationfrom multiple
widely separatedamerasndobtainsa globally optimumdetectionandtrackingresult,
taking occlusioninto consideration.The systemusesmultiple synchronizeccameras.
A Bayesianclassificationmethodis developedthat usesocclusion-encodegriors to
obtaingoodimagesegmentationsisinginformationavailablefrom approximateobject
positions. This methodcombineghe occlusioninformationwith the color information
availablein orderto obtainanoptimal segmentation Also developedis a novel region-
basedstereathatis capableof finding 3D pointsin spaceusingonly informationabout
the projectionsof the objectsontotheimageplanesof the camerasNo exactmatching
of pixelsacrossviews (asin traditionalstereo)is requiredandthe methodyields points
inside objects(asopposedo surfacepoints). Thesepointsare usedto determinethe
location of the objectson the groundplane. The positioninformationfrom different
camergpairsis combinedusingan occlusionanalysisschemehat givesmoreweight-
ageto pairsthat have a clearview of a personas opposedo pairs whoseviews are
obstructedy otherpeopleor objects.The segmentatiorandobjectpositiondetermina-
tion algorithmsareiteratedtill convergenceandthe objectlocationsaretrackedusinga
kalmanfilter.

Thealgorithmhasseveralnovel featureghatdistinguishest from existing methods:
(1) We do not assumehat a foregroundconnecteccomponenbelongsto only oneob-
ject; rather we segmentthe views takinginto accountcolor modelsfor the objectsand
thebackground.

(2) 1t is fully automaticanddoesnot requireary manualinput or initializationsof ary
kind.

(3) Insteadof taking decisionsaboutobjectdetectionandtrackingfrom a singleview
or camergpair, we collectevidencedrom eachpairandcombinethe evidenceto obtain
a decisionin the end. This helpsusto obtain much betterdetectionand tracking as
opposedo traditionalsystems.

Finally, in chapter5, we describea systemfor humanbody poseestimation. The
requirementof sucha systemfor suneillancetasksarethatit mustbe ableto work
underocclusionsand partial occlusions.A rigid 3D modelof the personis not given,
nor aninitial poseis known. Sucha systemshouldalsobe reasonablyfast. However,
very accuratebody posevaluesaretypically not required,and an answercloseto the
actualbodyposemightbeadequateOurgoalin this chapteiis to make anadvancement



towardsthe developmentf sucha system.

We make useof recentwork in decompositiorof a silhouetteinto 2D parts. These
2D partprimitivesarematchedacrossviewsto build assemblies 3D. In orderto search
for the bestassemblywe usea lik elihoodfunctionthatintegratesnformationavailable
from multiple views aboutbody partlocations.Occlusionis modelednto thelik elihood
function sothatthe algorithmis ableto work in a crovdedscenesvenwhenonly part
of the personis visible in eachview.

Thedistinguishingfeatureof our work is thatit is ableto work in a crovdedscene
sothatin all of theviews, thepersormmightbefully or partially occluded.Thisis accom-
plishedby explicitly modelingocclusionanddevelopingprior modelsfor persorshapes
from the scene.This helpsusto decouplethe problemsof poseestimationfor multiple
peoplesothatthe degreesof freedomof the problemaredecreasegubstantially

1.2 Previous Work

1.2.1 SensorPlanning

Sensomlanninghasbeenresearchedjuite extensvely andthereare several different
variationsdependingpntheapplication.

Onesetof methodsuseanactive cameramountedon arobot. The objective thenis
to move thecamerao the bestlocationin the next view basedn theinformationin the
currentview. Thesemethodsare callednext-view planning[86 85, 99, 88, 81, 72,91,
54,63,9, 109 67,111,75,79,55].

Anothersetof methodobtain3D reconstructiorof amodelor scendéby moving the
cameraaroundthesceng52, 59,56, 93, 2]. Suchareconstructionmposescertaincon-
straintsonthecamergosition,andsatistctionof theseconstraintguaranteesptimum
andstablereconstruction.

Methodsthataresimilar to oursarethosethatdeterminethelocationof staticcam-
erasso asto obtainthe bestviews of asceng10, 97,78, 103 36, 105 104,102, 112,
113 62, 61]. Existing methodsdetermineconstraintdasedon severalfactorsnot lim-
ited to (1) resolution,(2) focus, (3) field of view, (4) visibility, (5) view angle,and
(6) prohibitedregions. The setof possiblesensorconfigurationssatisfyingall the con-
straintsfor all thefeaturesn thescenas thendeterminedThereareseveralapproaches
to determiningthe optimal sensoparameters.

Somesystemg87] take a genemate-and-tesapproachjn which sensorconfigura-
tions are generatedand then evaluatedwith respectto the task constraints. In order
to limit the numberof sensorconfigurationghat are consideredthe domainof sensor
configurationgs discretized.

The sensorplanning methodsdescribedn [1, 10, 104, 105] take a synthesisap-
proach. In this approachthe taskrequirementsre characterizednalyticallyandthe
sensorparametenvaluesthat satisfy the task constraintsare directly determinedirom



theseanalyticalrelationships.

Therehasalsobeenwork relatedto sensoiplanningin theareaof sensorsimulation
systemg35, 37, 77]. In suchsystemsa scenes visualizedgiventhe descriptionof the
objects,sensorsandlight sources.Thesesystemsrovide the framewnork for planning
of sensoiconfigurations.

Themaincharacteristiof the prior work is thatthe objectsor featurego beviewed
andthe sourcesf occlusionarestationary Many computervision applicationgeferto
non-stationarystructureghat cancauseocclusionsandlossof visibility. This requires
statisticalmodelingof the structuresanddeterminingprobabilisticanswerdgor visibility
asopposedo hard constraintamposedby prior algorithms. We will investigatesuch
a scenarian this thesis. To our knowledge,suchscenarichasnot be addressedh the
literature.

1.2.2 SingleCameraAlgorithms

Many methodshave beenusedfor backgroundnodeling.Althoughmostof thesemeth-
ods deal only with a fixed camera,they provide a good starting point for a moving
camerascene Simplemethodsncludeaveragingthe pixelsata particularlocation,tak-
ing the medianof all the valuesat a location,andcalculatingspatiallyweightedvalues
in orderto reducethe effect of outliers. Suchtechniquesyhich do not explicitly model
backgroundrersusforeground,areof limited valuein practice.Koller et. al. [50], Rid-
deret. al. [80] andothersemploy a Kalmanfilter-basedoackgroundnodel. Eachpixel
is modeledusinga Kalmanfilter andis updatedn eachframedifferentlydependingn
whetherit is hypothesizedo be partof the backgroundr not. This approachhowever,
is not well suitedto a changingbackgroundor a multi-modal background.Moreover
even when an obsered pixel value is part of the foreground, it hasan effect on the
backgroundnodel.

FriedmanandRussell[24] andStaufer et. al. [98] take approachebasedon using
mixture modelsto representhe background.Friedmanand Russelltry to classifythe
pixels into threedistributions, correspondingo the road color, the shadevs and the
carcolors. This makestheir work somevhatrestrictedto suchscenariosalthoughthe
methodcan probablybe appliedto other ones. Staufer et. al. usea more general
schemewhichis the basisof the methodusedin ourwork also.

Thereis alarge literatureon imagemosaictechniquedor constructingpanoramic
views ([101], [3], [41]). Most approacheto this problemassumehatthereis not sig-
nificantmotion parallax,thatis, depthvariationsin the scenearenot apparenfrom the
motion of the camera.This canbe guaranteedby rotatingthe cameraaboutits optical
center(anapproachiakenby commerciabystemsuchasQuicktimeVR),andalsoholds
truefor mostcamera®nceobjectsarea few tensof feetaway. We follow this assump-
tion of no motion parallax,solvingfor a planarprojective transformatiorthat registers
oneimagewith another Themostaccurateéechniquegor constructingpanoramicziews
solve for suchatransformatiorbetweereachimageframeandthe panoramioview that



hasbeenconstructedhusfar. Thishelpsavoid cascadingrrorsthatoccurif eachimage
frameis simply registeredwith the next one.

In generaljmagemosaictechniqguesassume staticscene The presencef moving
objectsis problematian two regards.First,andmostimportant,suchobjectscanthrow
off theimageregistrationprocesdecausehey provide incorrectinformationabouthow
theimagesshouldbe aligned. This resultsin a poor quality panoramidmage. Regis-
tration errorscanbe addressethroughthe useof robust statisticaltechniquesandare
alsosomavhatamelioratedy theuseof pyramid-basedegistrationmethodg][3]). The
secondissuewith moving objectsis in the constructionof the panoramicview. Sim-
ply taking the mostrecentpixel value,or the averagepixel value,in constructingthe
panoramgields an overallimagethat containsbits andpiecesof moving objects.The
explicit backgroundnodelingof our approactaddresseboth of theseproblems.

1.2.3 Multi-Camera Algorithms

Haritaogluet. al. [29] developeda single camerasystemwhich employs a combina-
tion of shapeanalysisandtrackingto locatepeopleandtheir parts(head,hands feet,
torsoetc.) andtracksthemusingappearancenodels. In [30], they incorporatestereo
informationinto their system. Kettnaler and Zabih [46, 45] developeda systemfor
countingthe numberof peoplein a multi-cameraervironmentwherethe camerasave
anon-overlappingfield of view. By combiningvisualappearancenatchingwith mutual
contentconstraintdetweencamerastheir systemtries to identify which obsenations
from differentcamerashown the sameperson.

Darrell et. al. [12] developeda trackingalgorithmwhich integratesstereo,color
andfacepatterndetection.Densestereoprocessings usedto isolatepeoplefrom other
objectsand peoplein the background. Skin-hueclassificationis usedto identify and
classifybodypartsof a personandafacepatterndetectionalgorithmis usedto find the
faceof aperson Facesandbodiesof peoplearethentracked.

All of thesemethodsusea singleviewpoint(usingoneor two camerasjor a partic-
ular partof thesceneandwould have problemsn thecaseof objectsoccludedrom that
viewpoint.

The DARPA VSAM projectat CMU developeda system[8] for video surweillance
in anoutdoorervironmentusingmultiple pan/tilt/zzoomcamerasThe systemidentifies
blobsin the sceneusingmotion detectionandstoresvariousinformationlik e blob size
and color histogramfor them. Theseblobs are then classifiedinto differenttypesof
objectsusingneuralnetworks.

Orwell et. al. [74] presenta tracking algorithmto track multiple objectsusing
multiple camerasising”color” tracking. They modeltheconnectedblobsobtainedrom
backgroundsubtractionusing color histogramtechniquesand usethemto matchand
track objects.In [73], Orwell et. al. presenta multi-agentframenork for determining
whetherdifferentagentsareassignedo the sameobjectseenfrom differentcameras.

Rosalesand Sclarof [83] usea single cameratracking systemthat unifies object



tracking,3D trajectoryestimation andactionrecognition.An extendedKalmanfilter is
usedto computetrajectorieswhich areusedto reasoraboutocclusion.

Thesemethodswvould have problemsin the caseof partial occlusionsvherea con-
nectedforegroundregion doesnot correspondo oneobject,but haspartsfrom several
of them.

CaiandAggarwal [5] extenda single-camer&rackingsystenby startingwith track-
ing in a singlecameraview andswitchingto anothercameravhenthe systempredicts
thatthecurrentcamerawill nolongerhave agoodview of the subject.Thenon-rigidity
of thehumanbodyis handledoy matchingpointsof themiddleline of thehumanimage
usinga Bayesiarclassificationscheme Featuredik e 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 adaptvely selectand weight image featuresused for
matchingtheseblobs. Puttinga camera(spn top is certainlya goodideasinceit re-
ducesocclusion put is not possiblein mary situations.Also, theadvantageof acamera
ontop is reducedaswe move away from the camerawhich mightrequirealarge num-
ber of cameras. Sucha camerasystemwould also not be able to identify peopleor
determineotherimportantstatistics(like heightor color distribution) and hencemay
not be very usefulfor mary applications.Thereforewe only considercameragloseto
the heightof the people.

Krummet. al. [51] presentinalgorithmthathasgoalsvery similarto ours. They use
stereocamerasnd combineinformationfrom multiple stereocameragcurrentlyonly
2) in 3D space.They performbackgroundsubtractionandthendetecthuman-shaped
blobsin 3D space. Color histogramsare createdfor eachpersonand are usedfor to
identify andtrackpeopleovertime. Themethodof usingshort-baselinstereamatching
to back-projecinto 3D spaceandintegratinginformationfrom differentsteregpairshas
alsobeenusedby Darrell et. al. [13]. In contrasto [51] and[13], our approachutilizes
thewide-baselineeameraarrangementhathasthe following advantages:

(2) It providesmoreviewing angleswith the samenumberof camerasothatocclusion
canbehandledbetter

(2) It hashigheraccurag in back-projectiorandlower sensitvity to calibrationerrors,
and

(3) It providesmary more camerapairsthatcanbeintegrated.Placingthe camerasas
far away from eachotheraspossibleand matchingevery oneof themwith every other
usingwide baselinestereogivesus C3 pairs. However, placingcamerasn pairsof two
for shortbaselinestereoyieldsonly n/2 pairsfor matching,usingn cameras.

On the otherhand,the short-baselinstereopair cameraarrangementised,e.g.,in
[13] hasthe advantage®f
(1) moreaccuratecorrespondencetueto smallchangéan viewpoint,and
(2) betterunderstoodnatchingalgorithms.

Ourregionmatchingalgorithmcanbeconsideredo lie betweerwide-baselinestereo



algorithmswhichtry to matchexact3D pointsacrosgheviews,andvolumeintersection
algorithmswhich find the 3D shapeof anobjectby intersectiorin 3D spacewithoutre-
gardto theintensityvaluesobsened(exceptfor backgroundubtraction) Wide-baseline
stereoalgorithmshave the challengeof incorrectmatchesdueto a substantiachange
in viewpoint, thus renderingtraditional methodslik e correlationand sum of squared
differenceinappropriate. Although somework hasbeendoneto improve uponthese
methods([7626, 33]), they arestill notvery robustdueto the fundamentadifficulty of
matchingpointsseenfrom very differentviewpoints.

Onthe otherhand,volumeintersections very sensitve to backgroundsubtraction
errors, so that errorsin sggmentingeven 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 clutteredscenesywherealmostall 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-consumingand not possiblefor surneillanceapplications
wherecomputationatime is a critical factor

We do not matchpoints exactly acrossviews; neitherdo we performvolumein-
tersectionwithout regardto the objectsseen. Rather regionsin different views are
comparedwith eachotherand back-projectionin 3D spaceis donein a mannerthat
yields 3D pointsguaranteedo lie insidethe objects. Clusteringthesepointsallows us
to detectandtrack people.

1.2.4 Body Parts Identification Systems

HumanBody poseestimationhasreceved considerablenterestin the pastfew years
andsereralapproachebave beentried for differentapplications.

Thereare mary methodsfor incrementaimodel-basedbody parttrackingwherea
modelof anarticulatedstructure(person)is specifiedup front[14, 17, 4, 110, 16]. De-
lamarreand Faugeraq14] try to align the projectionof an articulatedstructurewith
the silhouettef a personobtainedin multiple views by calculatingforcesthatneedto
be appliedto structure. Drummondand Cipolla[17] useLie algebrato incrementally
track articulatedstructures.Bregler and Malik [4] usetwists and exponentialmapsto
specifyrelationshipsbetweenpartsandto track an articulatedstructureincrementally
Sidenbladh[9%andChoo[7] usemontecarlo particlefiltering to incrementallyupdate
the posteriorprobabilitiesof poseparametersThesemethodsneedto have botha 3D
modelof the humanstructureanda goodinitialization and have potentialapplications
in motion-capturg16].

Another classof algorithms[40, 23, 96, 82] try to detectbody partsin 2D using
templatematchingandthentry to find the bestassemblyusing somecriteria. Some
other methodslearn somemodelsof humanmotion. Thesemodelscan be basedon
optical flow [20], exemplars[69, 100, featurevectors[96], supportvector machines



[82], or statisticalmappingSMA) [84]. Thesemodelscanthenbe usedto detectand
estimatehe poseof a humanin anobseredimage.

Our work is mostcloselyrelatedto the work of Kakadiarisand Metaxas[43] who
try to acquire3D body partinformationfrom silhouettesextractedin orthogonaliews.
They employ a deformablehumanmodelso thatary size of the humancanbe recog-
nized.Thedistinguishingieatureof ourwork is thatit is ableto work in acrowdedscene
sothatin all of theviews, thepersommightbefully or partially occluded.Thisis accom-
plishedby explicitly modelingocclusionanddevelopingprior modelsfor persorshapes
from the scene.This helpsusto decouplethe problemsof poseestimationfor multiple
peoplesothatthe degreesof freedomof the problemaredecreasedubstantially



Chapter 2

SensorPlanning by StochasticModeling of Visibility

2.1 Intr oduction

Many sunweillancesites (for e.g. airports, subway stationsand railway stations)are
heavily crowded. Occlusionis a majorfactorto be consideredn building surweillance
systemdor thesesites. Typically, multiple sensorgi.e. cameraspare usedto increase
visibility andquite oftenthe constrainthatan objectis obsenedby atleastonesensor
is to befulfilled.

In mannedsystemswvheresecuritypersonnebrelooking at the video stream,vis-
ibility is the guiding factor for the selectionof the sensorarrangementin automated
systemswhereadvancedalgorithmsareusedto detectandtrack peopleocclusionhan-
dling is againan importantissue. In orderto deal with this condition, suchsystems
rely on the generatiorof motion modelsduring visibility. Motion informationis then
usedto “fill” in thetrajectoriesduringocclusion[58, 115. Objectscanthenbe found
andcorrectlylabeledwhenthey becomevisible again.However, if objectsareoccluded
for a significantamountof time, the motionmodelsbecomeunreliableandthetracking
unstable.The useof appearancenodelscanbe consideredo labelthesetracksso that
commonobjectsaredetectedTheaccurayg of suchalabelingdependgo a greatextent
on thefrequeny anddurationof the occlusion.Above a certainlevel of occlusion,the
probability of recovering an inaccurateresultis quite high. Therefore,it is important
to limit the rate of occlusionby having a sufficient numberof sensorsand arranging
themproperly Sucharrangemenhasto guarante¢hata minimum/level of visibility is
attainedatall positionsin theareaundersuneillance.

In this chaptey we presenta novel theoreticalframevork to calculatethe rate of
visibility (or occlusion)in a surwillancearea. The estimationprocessmakes certain
assumption®on the arrangemenof the sensorsand the numberor density of people
in the scene. This methodcan be usedto find the optimal configurationthat consists
of a minimum numberof sensorsaandtheir optimal placemeniv.r.t. a givenvisibility
requirement.

The chapteris organizedasfollows. In section2.2, we introducethe framework to
calculatethe visibility ratewhile in section2.3, we presentsomedeterministicresults



for determiningthe minimum numberandarrangementf sensorsieededor full visi-
bility regardlesf the objectconfiguration.Section2.4 concludegshe paperwith some
discussioron sensoiplacement.

2.2 StochasticReasoning

2.2.1 Visibility From At leastOne Sensor

Assumethat we have a region R of areaA obsered by n sensors.The objectve of
our approachs to estimatethe probability for an objectO to be visible by at leastone
sensor Suchprobability variesacrossspaceand can be recoveredfor a given object
position.

Let &; betheeventthatobjectO is visible from sensori. Theprobabilityto bedeter
minedis theunion P(U!", €;) of theseevents,andit canbewritten usingtheinclusion-
exclusionprincipleas:

PUE) =D PE) =Y PEN&)+
EE: P(E&NENEL)... + (=1)"TTP(NE;) (2.1)

i<j<k

The maincharacteristiof this formulais thatonecancomputethe termson the RHS
(right handside)mucheasietthantheoneonthe LHS.

In orderto facilitate the introductionof the approachto be followedin computing
P(U,&;), we considerthe simple caseof cylindrical objectsof radiusr moving on
a groundplane. Furthermorewe assumehat the sensorsare placedat someknown
heights H; from this plane (Figure 2.1). Also, we definevisibility to meanthat the
centerline of the objectis visible for atleastsomelengthh. It caneasilybe shovn that
the distanced; up to which anotherobjectcanoccludean objectis proportionalto its
distanceD; from sensor (Figure2.2). Mathematically

Hi
( ) g (2.2)

where

Mz—-fh
An additionalconstraintcan be derived from the maximumangle (a;,...)at which
the obsenation of the objectis meaningful. Suchobsenation canbe the basisfor per
forming someothertasks,lik e object/actionrecognition,pose,gait analysisetc. This
constraintranslatesnto a constrainton the minimum distancefrom the sensorthatan
objectmustbein orderto be detected.This constraintcaneasilybeincorporatedn to
thevisibility equations.

10



‘Caml ,Cam2

,Cam4 ‘Cam3

Figure2.1: SceneGeometryusedfor stochastigeasoning.

Using a Fixed Number of Objects

Assumethattherearea fixed numberk of cylindrical objectsof radiusr in the scene.
Assumingthatobjectsarelocatedrandomlyanduniformly in region R , thefirst setof
termsin Equation2.1 canbewritten as:

P(&;) =(1— T>k (2.3)

In orderto provide this formulation,we have neglectedthe factthattwo discs(projec-
tions of a cylinder on the groundplane)cannotoverlapeachother In orderto incor-
poratethis condition, we obsere thatthe (j + 1)th disc hasa possibleareaof only
A — jn(2r)? availableto it. Theterm2r is usedinsteadof r sincean object“covers”
anareaof 7(2r)?. Thisis becausanotherbjectcannotbe placedanywherewithin the
circle of radius2r centerecat thefirst objectwithout intersectinghe object. Thus,we

obtain:
Ml dL 2r
o) =11 (1= 555 0) 4

=0
Notethat,for simplicity, we have ngglectedhigherordereffects. It canbeshowvn that

j discsdo not necessarily'cover” anareaequalto j(2r)2. In orderto illustratethis,
we considerthe caseof two discs.In theabsenc®f overlapping thetwo discs“cover”

11
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Figure2.2: Thedistancaupto whichanotheiobjectcanoccludeanobjectis proportional
to its distancefrom the sensor

an areaequalto 27 (2r)%. However, if the distancebetweentheir centersis between
2r and 3r, thenthe total area“covered” by the two objectsis lessthanthat. Similar
conditionsexist for threediscswhenthey arecloseto eachother thoughnot for four
or morediscsbecaus®f geometricconstraints.Theseeffectsareinsignificantfor most
practicalcasesbut becomeconsiderablaf the densityof objectsis high. Therefore,
they mustbetakeninto consideratiorior thosecases.

Similar to thefirst setof terms,we canderive theequationgor othertermsin Equa-

tion2.1: .
- T dz
Pine) - [T0 - 2% ) @5)
j=0

where we have negglectedthe possibility that occlusionregions for different sensors
might overlap. Suchoverlapdepend®n the angularseparatiorof the sensorsandcan
be significantfor whenthey are placedcloseto eachother (for e.g. stereosensors).
However, we shouldstill beableto find theocclusionareaandobtainthe corresponding
formulafor eachsetof sensors.

Stationary Object Density

Fixed assumption®n the numberof objectsin a region meanthat the presencef an
objectat a particularlocationaffectsthe objectdensityeverywherein thearea.A more
realisticassumptions that the objectshave a certaindensity of occupang. Conse-
guently thepresencef oneobjectdoesnot changeahedensityof occupang elsevhere.
First, we considerthe caseof uniform densityin the Region. This casecanbetreatedas

12



ageneralizatiorof thefinite objectcaseintroducedn the previoussection.To this end,
we increasdgheareaA suchthat
k=M\A (2.6)

wherea constanbbjectdensity) is assumedEquation2.5 canthenbewritten as

Al 27" dz
P(Ni&;) = Jim | (1— k/()\_)fzﬂz(%)g) (2.7)
Defining
B 1 ~ m(2r)
BEPCTT) SRR o (29)
we get
k—1
Pne) = Jim [J0 - =) 2.9)
=0

Combiningtermsfor j andk — j, we get

1 1
S —jb)(l Cka—(k —j)b)
_ ka—jb—1 ka—(k—jb—1
= ka — jb ) ka — (k —7)b )
k% — K?ab — 2ka + j(k — j)b? + bk + 1
B k2a? — k2ab + j(k — j)b>

(2.10)

Assuminga > b, we can neglecttermsinvolving b>. Then, the above term can be
written as

1, 2a—-0
~(] — (22 2.11
(1 k:(a2 — ab)) ( )
Therearek /2 suchtermsin Equation2.7. Therefore,
. 1 2a—0 k/2 _ _2a=b
€ o= = a(a=b) 2.12
Plowed) =l (1 =g (a g™ =€ 212)

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

13



Non-stationary Object Density

In general \ is afunction of the location. For example,the objectdensityneara door
might be higher Moreover, the presenceof an objectat a locationinfluencesthe ob-
ject densitynearbysinceobjectstendto appearin groups.We canincorporateboth of
theseinfluenceson the objectdensitywith the help of a densityfunction A(X,, Xo).
This functionvarieswith boththe currentlocation(X.) atwhich we arecalculatingthe
density andthe objectlocationX o whichis thelocationof the objectfor whichwe are
calculatingthevisibility .

It canbe showvn thatthe non-stationarityof the densityfunction affectsthe valuesa
andb in Equation2.12,suchthat:

1
[ A(Xe, Xo) dXe

a

b= adgym(2r)? (2.13)

whereX, is variedover therectangularegionsof width 2r andlengthsd;, and A, is
theaverageobjectdensityin theregion.

2.2.2 Visibility from Multiple Sensors

In mary applicationsit is desirableo view anobjectfrom morethanonesensor Stereo
reconstructiorand depthrecovery in an examplewherethe requiremenfor visibility
from at leasttwo sensorss to be satisfied[22, 70, 60]. The probabilitiesfor these
requirementsare also not too difficult to calculate. In orderto evaluatethe visibility
from atleasttwo sensorswe needto calculatethe quantity:

P(Ui<p(&iNE;j)) (2.14)

This canbe expandedexactly like Equation2.1treatingeachterm (&, N €,) asasingle
entity. All thetermson the RHS will thenhave only intersectionsn themwhich are
easyto computeusingtheformulasdevelopedn theprevioussectiondEq. 2.50r 2.12).

2.2.3 Simulations and Experiments

We have proposed stochasti@lgorithmfor recoveringtheoptimalsensorconfiguration
with respecto certainvisibility requirementsln orderto validatethe proposednethod,
we considewariousconfigurationsandprovide thevisibility mapsobtainedor them.A
preliminaryC implementations providedin the Appendix.

In Figure2.3,the probability mapsobtainedfor the caseof one,two, threeandfour
sensorgespectrely areshovn. The sensorsare mountedH = 10m above the ground
in an areaof size50mX50m. We useObjectdensity\ = 1m~2, objectheight150cm,
objectradiusr=15cm, minimum visible heighth=50cmand maximumvisibility angle
ame: = 30. The averagevisibility probabilitiesobtainedfor the four caseswere (a)

14
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Figure 2.3: Visibility probability mapsfor 1,2,3and4 sensorsn the scene.H=10m,
R=50mX50m,\ = 1m 2, , r=15cm,h=50cm,and a,,,,, = 30 degrees. The average
visibility probabilitieswere(a)0.4296,(b) 0.672,(c) 0.8095,and(d) 0.888respectiely.

Figure2.4: Visibility mapsfor two differentconfigurationsf two sensorsn the scene.
Again, H=10m,R=50mX50m,\ = 1m~2, r=15cm,h=50cm,and ., = 30 degrees.
Theaverageprobabilitieswere(a) 0.672and(b) 0.673
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Figure 2.5: 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) 0.888respectrely. Thisinformationcanbeused
to selectthe appropriatenumberof cameravasedon therequirements.

Furthermorefor illustration purposesye comparetwo configurationsof two sen-
sorsin a squareregion. In thefirst case,the sensorswvere placedside by sideandin
theother they wereplacedoppositeeachother It turnsoutthatthe averagevisibility is
moreor lessthe samefor thetwo arrangementwith a slightimprovementfor the case
with sensorgplacedat oppositecorners.(Fig. 2.4).

Next, we comparethe resultswhenthe region is rectangularof size 50mXx100m.
Keepingotherparametershe same we obsene thattherewasa distinctimprovement
in the averagevisibility whenthe two sensorsvere placedalongthe long side of the
rectangularegion ascomparedo the shortside. Placingthemon oppositecornershad
only maginal effect (Fig. 2.5).

2.3 Deterministic Reasoning

Differenttechniquescan be consideredn orderto improve the understandingf the
problem.Theformulasin the previous sectioncanbe shown to yield similar results but
themathis complicatedandnon-intuitive. Becausef thesdimitations,we proposehe
following theorems:

2.3.1 Point Objects

For point objects,we canprove thefollowing:

THEOREM 3.1

16



Part 1: For k point objectsin the scenek sensorsareboth necessanandsuficientto
always“see” all the objectsfrom atleastonesensor

Part 2: If we wantat leastm sensorgo seean objectalways,thenk+m-1 sensorsare
bothnecessarandsufficient.

PROOF:

Part 1

(a) Necessary

Supposéherearen < k sensorandk objectsin the scene.Then,considerthe follow-
ing configuration. Take oneobject,sayO;, andplacen — 1 objectssuchthateachof
themis obstructingoneof thesensorgFig. 2.6 for the caseof 6 sensorand7 objects).
In this situation,O; is notvisible from ary of thesensors.

(b) Suficient

Considerary configurationof sensorsvhereall of themarelooking ata commonarea.
Now, considerary oneobject,sayO;. Thisobjecthask line of sightsto thesensors\We
assumehatthe sensorsareplacedsothattheseline of sightsareall distinct. However,
thereareonly k-1 objectsthatcanobstructthesdines of sight(the objectsareassumed
to be point objects,sothey cannotobstructtwo sensorsimultaneously) Therefore by
simpleapplicationof the pigeon-holeprinciple,theremustbe at leastonesensowiew-
ing O;. Sincethechoiceof the objectO; wasarbitrary this holdsfor all k objectsin the
scene.

Part 2

(a) Necessary

Similar to the reasoningof Part 1(a) above, supposeherearen < k + m — 1 sensors
andk objectsin thescene Then,for anobjectO,, we placep = min(k — 1, n) objects
suchthateachobstructsonesensor The numberof sensordiaving a clearview of the

objectarethenequalto n — p whichis lessthanm (follows easilyfrom the condition

n<k+m-—1).

(b) Suficient

Considerary objectO,. This objecthask+m-1 lines of sightsto the sensorsk-1 of
which arepossiblyobstructedy otherobjects.Therefore by the extendedpigeon-hole
principle,theremustbeatleast(k +m — 1) — (k — 1) = m sensorviewing O,. Again,
thearbitrarychoiceof O, meanghatthis holdsfor all objectsin thescenel]

The actualarrangemenbf sensorsdoesnot matteraslong asno two sensorsare
alongthesamdine of sightfrom ary object. Thisis dueto thepeculiarityof considering
only pointobjects.

17
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Figure2.6: Six sensorsareinsufiicientfor always“seeing”sesenpoint objects

2.3.2 2D Finite Objects

The above resultshold for only point objectsandno guaranteesanbe givenfor finite
objectsunlesssomestructureis assumedor them. In this section,we presensomere-
sultsfor finite objectsassuminga flat world scenariovherethe objectsandthe sensors
arein 2D.

THEOREM 3.2

Assumethat there are £ (possibly non-identical)objectsin the scenesuchthat the
maximumanglethat ary object can subtendat the centerof any other objectis a.
For example,for identical cylinders,a = 60degreesand for identical squareprisms,
a = 90degrees.The assumptiorthatwe malke is thatwe wantto seethe centerof the
object. This centempointcanbearbitrarily defined.Then,the following resultshold:
Part 1: For k <= 360/« objectsin thescenek sensorviewing theobjectsatatleasta
separatiorof o degreeshetweerthem(asseenfrom theobjects)arebothnecessarand
sufficientto always“see” all the centersof the objectsfrom atleastonesensor

Part 2: If wewantatleastm sensorso alwaysseeanobjectthenk+m—1(k+m—1 <=
360/a) sensorsarebothnecessarandsuficient.

PROOF:

Part 1

Thenecessargonditionfollowsdirectly from Theoren.1Part1(a).For thesufficiency
condition,consideranobject,sayO;. Thecenterof this objectcanbe obstructedy an-
otherobjectfor a maximumviewing angleof o (Figures2.7 and2.8). Therefore,if
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Figure2.7: o = 60 degreesfor identical cylinders. A 60 degreeseparatiorbetween
sensorensureghatonecylindrical objectcanonly obstructonesensor

the sensorareseparatedby anangle> «, no singleobjectcanobstructmorethanone
sensor Sincethereare only k-1 objectsandk sensorspy simple applicationof the
pigeon-holerinciple,theremustbe atleastonesensowiewing O,. Sincethe choiceof
theobjectO; wasarbitrary this holdsfor all k objectsin thescene.

An essentiabssumptiorhereis thatk <= 360/« sinceit is not possibleto place
k > 360/« sensorsuchthatthereis aseparatiorof morethana degreesbetweerthem.

Part 2
Thenecessargonditionfollowstrivially from TheorenB.1Part2(a). For thesufliciengy
condition,consideranobjectO;. If theangleof separatiorof the sensorss greatetthan
«, thenonly onesensorcanbe obstructedy anobject. Therearek+m-1linesof sights
to thesensorsonly k-1 of which arepossiblyobstructedy otherobjects.Therefore py
the extendedpigeon-holeprinciple,theremustbeatleast(k + m — 1) — (k— 1) = m
sensorsviewing O;. Again, the arbitrary choice of O; meansthat this holds for all
objectsin thescene.

Again, the condition (k + m — 1 <= 360/«) is essentiakothatit is possibleto
placethe sensorsvith anangularseparatiorof .1

In orderto track peoplefrom sensorviewing the scenerom sides,onecanassume
thatobjectsarecylindrical or have anelliptical cross-sectionTherefore o canbe setto
be 60 degreesor slightly more(for elliptical).
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Figure2.8: a = 90 degreedor identicalsquare-prismsA 90 degreeseparatiorbetween
sensorensureghatonesquare-prisntcanonly obstructonesensor

2.4 SensorConfiguration of Multi-Sensor Systems

2.4.1 Maximizing Visibility

Using both stochasticand deterministicreasoningswe have concludedthat in order
to achieve maximumvisibility, the sensoranust be placedasfar from eachotheras
possible.The“distance”’measurdhatis relevant,is the angularseparatiorbetweerthe
sensorsasseenfrom the objectsothatthe view of onesensomoesnot affect the view
of anothersensot.

For a given minimum angularseparationy, it caneasily be shovn thatthe region
thattwo sensorgoveris acircle passinghroughthe centersof thetwo sensorsuchthat
theanglethatthetwo centerssubtendat the centerof thecircleis 2« (Figure2.9). This
resultis derivedfrom the conditionthatthe anglesubtendedby a chordat any pointon
acircleis half theanglesubtendedy it atthe center

Thegeneralizatiorof this analysisto n sensorss straightforvard. Theareacovered
by n sensorgs maximizedby putting themon a circle with equalangularseparation
(Figure 2.10). In this circular region, from ary vantagepoint, ary two sensorswill
have an angularseparatiorof at leasta. Theradiusof the circular region is variable,
but is constrainedy the resolutionof the sensorsinceobjectsat somedistancefrom
the sensorswill not be clearly visible. The assumptionsre that the possibleareais

Lincidentally this conditionalsogivesaguarantedor acertainresolutionin depthreconstructiorirom
two stereamages.
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Figure2.9: Every pointwithin thecircle hasanangle> «a to thesensors

unlimited,the sensor$ave unlimitedfield of view andthatthereis no constrainonthe
placemenbf thesensors.

Whensuchconstraintsexist, suchsimplereasoningnay be usedasa rule of thumh
However, detailedanalysiamustbeperformedsincethereareexceptiongo therule. For
example,thefield of view of the sensorsaandthe scenestructurecangreatly affect the
optimumsensoiplacement.

2.4.2 Integrating Algorithmic Requirementsin Automated Vision
Systems:Discussion

The sensorarrangemenproviding the highestvisibility is a necessityfor mannedsys-
tems.However, thereareadditionalissueghatneedto betakeninto consideratiorwhen
the systemis automaticand detectionis doneby a computer The widely separated
sensolrrangemens notconducve for point-matchingfor e.g. stereo)lgorithmsthat
needahigh similarity betweertheviews. For thesesystemsthereis atrade-of between
visibility andmatchingaccurag.

Theapproactthatmostcurrentsystemg13, 12, 51] take is to sacrificevisibility for
matchingaccurag by using“stereo” pairsof sensors Recwery of the scenestructure
is obtainedby matching2D information only within the sensorpair andthenthe 3D
informationis integratedacrosspairs. The sensorarrangemenielpsthe algorithmde-
tectpeopleaccuratelywhenanobjectis visible, but visibility canbe severelylimited in
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Figure 2.10: The bestarrangemenbf sensorssuchthat the commonareawherethe
angleto arny two sensorss atleasta is maximized

crowdedconditions.Anotherapproach65] sacrificesnatchingaccurag for bettervisi-

bility. Thisapproachequireanethodgo dealwith the problemof matchingnformation
acrosssensorglacedfar from eachother([76, 89, 107, 106]). A hybrid approacHh8]

hasalsobeenusedwhereinformationfrom bothcloseandwidely separatedensordas
beenintegrated.

An alternatve [27, 44, 47] is to not matchinformationdirectly acrossheviews, but
to memgethe detectionbsened by multiple sensorsn a consistentanner Since2D
matchingis not required,the sensorsare not constrainedo be closeto eachotherand
thereforethey canbe placedfor maximumuvisibility .

Somemulti-sensosystemsieglectocclusionandhave sensorsook atdifferentparts
of thescenesolvingfor the problemof matchingdetection®bseredat differenttimes
from differentsensorsasthe objectmovesaroundthe sceng46]. Thesensowiews can
alsohave someoverlap[5, 8] in orderto simplify the objectmatchingproblem.Sucha
techniquecanonly dealwith minimal occlusion.

In conclusionoptimumsensomplacements a function not just of the visibility but
alsoof the applicationandthe vision algorithmused.If matchingalgorithmsareused,
visibility andmatchingaccurag have conflictingrequirementshathave to be met. For
someotheralgorithms this trade-of maynot exist, but we maynot beableto obtainas
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gooddetection.

2.5 Conclusion

We have presentedh stochastidramewvork for evaluationof the visibility probability
givena certainconfigurationof sensorsn a scene.Apart from yielding importantper
formancecharacteristicof multi-sensorsystems,t canbe usedto evaluatedifferent
sensorconfigurationsandto determinethe onethat shouldbe used. Futurework in
this areamightincludeextendingthe framework for dynamicervironmentstakinginto
accountmotionmodelsof objectsto betterestimatethe occlusionprobability.
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Chapter 3

SceneAnalysis Using a Single Camera

In this chapterwe addresshe problemof monitoringactivity overawide area,usinga
singlemoving camera.Therehasbeenconsiderableecentwork on constructingwide
areaor panoramicviews from multiple images(e.g.,[3], [41], [108] and[101]), how-
ever suchwork generallypresumeshatthe scenes static(thereareno moving objects
in thefield of view). Therehasalsobeenrecentwork on actvity monitoringanddetec-
tion (e.g.,[98], [50]), however suchwork generallyassumes non-mwing camera.ln
contrastwe addresshe problemof activity monitoringanddetectionover awide area,
wherea moving camerais usedto “sweep” over the areaof interest. Our approachs
basedon a combinationof the image mosaictechniquedhat have beenusedfor con-
structingpanoramicviews, andthe mixture modeltechniqueghat have beenusedfor
activity monitoring. We createa model of the wide field of view that canbe usedto
distinguishbetweenthe static (or stationary)badkground and the moving objects,or
foreground

Our methodcanbeusedfor anumberof applicationsbothin surweillanceandmon-
itoring andin imagesynthesisFor surwillanceandmonitoring,themethodcanbeused
to detectmoving objectsover a wide field of view area,to detectcommonpatternsof
actiity over thatfield of view, andto detectactvity thatdoesnot fit the commonpat-
terns. For imagesynthesisapplications,our methodcan be usedto createpanoramic
viewsthatcontainjustthenon-maoing objectsin a sceneto createsyntheticpanoramic
views that placeeachmoving objectat just a single location, andto createsynthetic
videosthatremove all or selectednoving objects. In this paperwe presentexamples
illustratingtheseapplications.

Backgroundmodelingin a wide field of view is not only usefulfor the above ap-
plications,it alsoenablesmprovedaccurag in distinguishingbetweenmoving objects
and the background. Theseimprovementsresultfrom the fact that the wide field of
view modelhasmoreinformation,andmorestableinformation,thanis presenin indi-
vidual imageframesor adjacentframes. The sameeffect of increasedaccurag is ob-
senedin standardmagemosaictechniquegor constructingpanoramicviews of static
scenes.The mostaccurateamagemosaictechniquesarebasedon aligning eachimage
framewith the overallmosaicratherthansimply with the previousframe(or with afew
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framesnearbyin time). We illustrate theseimprovementsin accurag by contrasting
resultsusingour wide areabackgroundnodelingmethodwith previoustechniquesWe
shawv both that mosaicquality is improved andthat very small moving objectscanbe
detected.

3.1 A General Overview of the Algorithm

Ourmethoduseamixturemodelsto form amodelof thebackgroundWe represeneach
pixel locationin the mosaicby a mixture of GaussiansFromthesemixture models we
form animagerepresentinghe backgroundoy taking the meanof the highestweight
Gaussiarfor eachpixel. The highestweight Gaussiaris the onethat hasthe highest
probabilityof occurrenceWithoutalighting changethiswill betheonethataccounted
for thelargestnumberof obsened pixel values thuswe assumehatthe backgrounds
obseredmoreoftenthanary foregroundobjectsat eachlocation. This backgroundm-
agecanbeusedasapanoramioziew of the“backgroundscene”withoutary foreground
objects.

For eachnew image obtainedfrom the camera,we register it to this panoramic
backgroundmageusingany known good registrationtechnique. The currentimage,
having beenregisteredwith the backgroundmage,providesthe input pixel valuesfor
updatingthe mixture modelsat eachpixel wherenew datais obsened. Oncethese
mixture modelshave beenupdateda new backgroundmageis computedfrom these
updatedmixture models.This processs repeatedor eachnew frameobtained.

As notedin the previous section,the presencef moving objectscanleadto aner-
roneougegistrationresults.By aligningeachimageframewith the backgroundmage,
ourtechniqueavoidsthis problem.As thebackgroundmagedoesnot containthe mov-
ing objectsthereis generallynogoodmatchfor theportionsof theimagecorresponding
to moving objects andthusthey havelittle effectonthesolutionfor thebestregistration
transformation.

For the problemof detectingmoving objects,a backgroundmagecanalsobe very
useful. Most techniquedor detectingmoving objectsoperateby registeringsuccessie
imageframes,andthensubtractinghe registerediramesto seewheretherearediffer-
encesThisonly detectgegionswheretheimagesaredifferent,whichis notnecessarily
the entiremoving object(e.g.,whenpartof objectoverlapsin the two frames).In con-
trast, whenregisteringan imageframeto a panoramicbackgroundmage, the entire
moving objectcanbereadily detectedbasedon the difference.

3.2 Background Modeling

We modelthe sceneusinga mixture modelfor eachof the pixel locationsin the mo-
saic. The probability of a pixel belongingto a particularGaussiaris proportionalto
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the weightascribedo that Gaussian Within a particularmodel,the probability is dis-
tributedaccordingto the Gaussiarprobability distribution scheme.More specifically
theprobabilityof a pixel having anintensityvaluex, giventhatit belongso aparticular
Gaussiary, is

1 et

e J

oj\/2m
wherethe randomvariable J denoteshe Gaussiarthata pixel belongsto, and; and
o, arethe meanandstandarddeviation of the jth GaussianThis schemecaneasilybe
extendedto colorimagesby usingmulti-dimensionalGaussiangyut here,we will deal

only with 1-d Gaussianandgrayimagesratherthancolor ones.
The probabilitythata pixel hasintensityvaluex is thensimply

Pr( X =xz|J=7) =

(3.1)

Pr(X=x) = ijPT(X =z|J =j) (3.2)

wherew; = Pr(J = j) is theweightof thejth model.

This schemas usefulin modelingmulti-modalbackgroundsindscenechangesas
well asmodelingtransientmoving objects.A multi-modaldistribution canresultfrom
theswayingof trees blinking of lights, or any otherperiodicchangan imageintensity
In a slow scenechange suchasoccurswith mostoutdoorchangesn illumination, the
weightsof thedifferentmodelswould graduallyshift to thenew backgroundOften, the
backgroundcthangeis only transientandis dueto somemaoving object. In sucha case,
theweightswould graduallyrevert backafterthe moving objectis removed.

Onecandeterminethe bestmixture modelgiventhe previous n valuesusingwhat
is called the ExpectationMaximization (EM) algorithm (seeDempsteret. al. [15]).
We couldrunthis algorithmfor eachtime frameby taking a window of the previousn
frames,or calculatingtheresultfor all the pixelssofar. However, this algorithmis quite
time-consumingndis impracticalto run for eachframe.NealandHinton [71] provide
a schemdor incrementallyupdatingthe solutionusingthe new input valueswhich has
beenusedsuccessfullypy FriedmanandRussell[24] to getgoodmixture models.The
incrementabchemeadoesnotyield the bestsolution,but only guaranteeto corvemgeto
alocal minimum. However, it hasthe dravbackof not beingableto handlechanging
backgroundscenegroperlysinceit doesnot have ary schemeo reducethe effect of
previousinputvalues.Theresultswhenthe backgroundhasmorethanthegivennumber
of Gaussiansrealsonot clear

Insteadof usingthe expectationmaximizationschemewe usea conceptuallysim-
pler schemewhich is computationallyless expensve and we have found alsoyields
betterresultsfor our problem. We determinethe mixture modelsby incrementallyup-
datingthemodelsusingtheintensityvaluesof thepixelsthatareregisteredataparticular
location. Firstof all, we determinevhich model(Gaussian)heobseredpixel valuebe-
longsto. A pixel canbelongto a particularmodelif its distancefrom themeanis within
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a constan{avaluebetweer? and3 is suitable)timesthe standardieviation. If a pixel

belongsto morethanone Gaussianyve take the onehaving the highestweight. This is

donesothatif we createmorethanonemodelcorrespondingo whatis in actualitya
singleunderlyingdistribution, we will eventuallygetonly oneGaussiannsteadof two.

Theintensityvalueof the currentpixel is thenusedto updatethe models.We canusea

constantveightupdatingschemendanexponentialweightingschemeHowever, since
the differentschemesreusefulin differentscenariosyve useboth of them, switching
betweerthe two dependingon somecriteriawhich we will defineshortly Experimen-
tally, this combinedschemeaworks betterthaneitherof the schemesisedalone.Below

we discusghesetwo schemesindhow to selectbetweerthem.

The meanandvarianceof the matchedlistribution areupdatedasfollows

i = (1= p)js—1 + pr (3.3)

03y = (1= p)of s+ plae — pie) (20 — 154) (3.4)
wherep is a constanwhich determineghe rateof changeof the meanandvariance.

Note that the meanand varianceare updatedaccordingto an exponentialscheme
wherethe recentpixels get exponentiallyhigherweight. We canalso have a scheme
wherebyall thepixelsgetequaleighting. However, theexponentiallyweightedscheme
would beableto captureslowly changingscenesnoreeasilyandhences usedhere.

If thereis no modelthatthe currentpixel belongsto, a new Gaussians addedwith
a meanequalto that of the pixel valueanda high variance. The weightis determined
accordingo themodelwe areusing.Dueto alimited amountof memoryspacewe also
requiregarbagecollectionwhenthe numberof modelsexceedssomemaximumvalue.
At thattime, we simply remove the modelwith theleastweight.

The weightsof the distributionsare alsoupdated,using eithera constantor expo-
nentialmodel,aswe now describe.

3.2.1 The ConstantWeight Updating Model

In this updatingschemewe updatethe weightsof the modelsin a mannerthatawards
equalweightto all the pixelsregisteringto a particularlocationin the mosaic. To cal-
culatetheweights,we keeptrackof the numberof pixelsmatchinga particularmixture
modelandalsothe total numberof pixels at that particularlocation. The weightfor a
givenmodelis thensimply the numberof matchingpixels divided by the total number
of pixels. To updatetheweightof the model,we simply incrementhe numberof pixels
belongingto thematchingmodelandthetotal numberof pixelsatalocation. Themean
andvarianceareupdatedusingequationg3.3) and(3.4).

This schemeyieldsaresultwhichworksquitenicely in practiceaslong asthe back-
grounddoesnot change. The backgroundmage, correspondingo the meansof the
highestweight Gaussiarmodels,would consistof thoseintensitiesthat are visible for
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the longestamountof time. Evenif the view is obstructedfor considerabldime by

a transientobject suchas a personstandingfor a long time, or a car stoppingat an

intersection the backgroundwould still not changefor a long time (presumingmary

obsenationsof the backgroundntensitybeforehand).Thus,it would yield the correct
resultevenin thecaseof slow moving objectsonaroad,or aroadobstructedy transient
objectsfor alongtime.

Thismodelwould encounteproblemshowever, if thebackgrounagthangesbruptly
dueto alarge obstructingobjector lighting changesA large obstructingobjectcannot
be modeledproperlyby any schemebut it canbe detectedoy our algorithmeasilyby
a large meansquareerror andthe large numberof unmatchedointsin theimage. We
handlethe lighting changeshy using the exponentialmodel whenthereis a lighting
changeasopposedo aregistrationerror.

3.2.2 The Exponential Weight Updating Model

In the exponentialweighting scheme ,we updatethe model parametersdy awarding
exponentiallylessweightto valuesthatwere obsered earlierin time. The weightsof
themodelsareupdatedasfollows. For eachmodelj, the new weightsare

’UJj,t = (]_ — Oé)wj’t_l + Oé(Mj,t) (35)

where« is a constantdeterminingthe rate of changeof the models,and //;; is 1 if
the currentpixel is matchedto the model j, andis equalto O if it is not the matched
distribution. As with the constantweight updatingschemethe meanandvarianceare
updatedusingequationg3.3)and(3.4).

The exponentialscheméhasbeenpreviously usedby Staufer et. al. [98]. However,
usedalone this createsatradeof asfar astherateof changeof themodelis concerned.
A slow rate of changewould be unableto modelthe lighting or backgroundchanges
properlyandfastenough.In a fixed camerascenethis could meana wrong resultfor
guitesometime, while in amoving camerasceneit couldeventhrow off thebackground
registration. On the other hand, a fastrate of changewould meanthat a foreground
objectwould startto appearasbackgroundn avery smallamountof time. Also there
areproblemsdueto the exponentialnatureof the updating which areespeciallyvisible
whenthe numberof pixels at a particularlocationis small or whenthereare slowly
moving foregroundobijects.

3.2.3 Choosingthe Weight Update Scheme

In our algorithm,we usethe constantweight updatingscheman the normalmode. In
thecasehatalighting changds detectedtheweightsareupdatedisingthe exponential
schemevherethenumberof pixelsbelongingto themodelschangesxponentiallyi.e.

njs = (1 —a)n;—1 + a(M;,) * (Totalnumberofpizels) (3.6)
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wherethe definitionsare similar to equation(3.5). Note that this would requirethese
variableso assumeealvaluesasopposedo integervalues.

In orderto distinguishbetweerdifferentscenariosye calculatethreequantities:(1)
thenormalizedcorrelationbetweerthebackgroundmageandthe currentframewarped
accordingto the calculatedorojective transformatiorvalues;(2) the meansquareerror
betweenthe backgroundmageandthe warpedcurrentframe; and (3) the numberof
pointsin the currentframethat do not matchany of the Gaussiarmodelswith a large
enoughweight. Thesequantitiesareusedto estimatenvhetherthereis alighting change,
registrationerror or othersituationthatwarrantschanginghow the modelsare updated
for thegivenframe.

A high normalizedcorrelationand a high numberof unmatchedointsis takento
indicatealighting changebecaus¢henormalizedcorrelations notaffectedby aoverall
additive or multiplicative changesut mostpixelswill notfind agoodmatchingmodel
in suchacase Whenthisoccurswe usetheexponentialeightupdatingschemdor the
models sothatthe changan lighting is quickly adaptedo by the backgroundnodels.

A low normalizedcorrelation,combinedwith a high numberof unmatchedboints
andahighmeansquareerroris takento indicateeitheracompletechangeof background
or a registrationerror. In this case,the modelsare not updated;the frameis simply
discarded A low numberof unmatchegointsanda high meansquareerror aretaken
to indicateatransientobjectoccupying partof theimage.The programshouldcontinue
to runin thenormalmode(constaniveightupdating).

3.3 Image Registration and Mosaicing

As we have discussedn the introduction,our algorithm providesa methodfor image
registrationand mosaicingthatis robust with respectto moving objects. In contrast,
mostof the methodscurrentlyusedfor imageregistrationandmosaicingcaneasilybe
thrown off by the presencef objectswhich haveimagemotionthatdifferssubstantially
from that of the background. This canintroduceerrorsin the registration,andthese
errorscanaccumulateover time. In suchcaseghe resultingmosaicwill not be very
good. In the resultssectionbelowv we illustrate this differenceusing an aerial video
sequence.

Our methodfor imageregistrationandmosaicings basedn registeringthe current
framewith the backgroundmagethathasbeendervedfrom the mixture models.This
backgroundmagecontainsat eachpixel, the meanof the highestweightedGaussian,
andis anapproximatiorto thehighestprobabilityvalueateachpixel. Thecurrentframe
canbe alignedto this backgroundmageusingary goodregistrationtechnique.In our
currentimplementatiorwe usea hybrid registrationmethodthatfirst solvesfor anaffine
transformatiorbasedon featurecorrespondencesndthenusesthat transformatiorto
initialize a directmethodof solvingfor a projective transformation.Thefirst stepuses
the KLT featuretracker (describedn [92] and[57]) to find correspondindeaturesin
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theimagesandthensolvesfor an affine transformatiorusinga robustleastsquaredit.
This affine transformatioris usedto initialize a directmethodwhich yieldsa projective
transformationbetweenthe images. The direct methodoperatesn an iteratve man-
ner usingthe Levenbeg-Marquardtmethod,a well known algorithmthatis described
in variouspapers(e.g.,[3], [34]). It is alsopossibleto usethe Levenbeg-Marquardt
methoddirectly, althoughuseof theKLT tracker speedsup theregistration.

Our algorithm provides a methodfor mosaicingthat is robust to the presenceof
moving objects. First, aswith several traditional mosaictechniquesye registereach
imageto the entiremosaicratherthansimply the previousframe. This limits cascading
of registrationerrors. Secondwhenregisteringanimagewith the backgroundnosaic,
it is unlikely thattherewill bematchedor moving objects.Thusthemoving objectswill
notthrow off theregistrationprocessin generathebackgroundmagedoesnot contain
ary foregroundobjects(althoughwhentherearejust a few imagescorrespondingo a
givenpixel this mayhappen).Thusthereis generallynothingin the backgroundmage
that matcheshe foregroundobjectswell, andthe resultingregistrationis not affected
by themoving objects.

This methodalso provides a good meansof aligning successie frames,by con-
structinga backgroundmosaic(althoughportionsof the mosaiccanbe discardedover
time if only successie framesareto bealigned).

3.4 Detecting Foreground Objects and Site Classifica-
tion

To detectforeground(moving) objectsin thecurrentframewefirst computetheregistra-
tion of the frameto the panoramidackgroundnosaic. Thenwe warp eachpixel to the
coordinatesystemof the mosaic,andsearchthe nearbypixelsfor a matchingGaussian
model. A smallneighborhoods searchedo asto allow for small alignmenterrorsor
smallchangesn backgroundhatmaybe causedy the swayingof treesetc. If thepixel
doesnot matchto arny of the Gaussiansn this neighborhoodvith a sufficiently large
weight,we declarethis pointto be new, elseit is partof the backgroundWe finally run
a connecteccomponentalgorithmon thisimageto getrid of noise. Sufiiciently large
objectscanthenbetakenastheforegroundobjects.

Notethatslowly moving objectswill notbedetectedasforegroundobjectssincethe
weightsof the Gaussianshatsuchpixel valuesbelongto will notbe high enoughto be
countedas background.Thus slowly moving objects,which are often problematicin
exponentialforgettingalgorithms,arenot anissuehere. The approachs ableto quite
accuratelydistinguishbetweemmoving objectsandthe background.

Basedntheforegroundobjectsthataredetectedn eachframe,we canalsoperform
siteclassificatiordepictingtheactiity takingplaceata particularlocation. This canbe
usefulfor surwillanceapplicationf sitessuchasroadsandparkinglots,in whichit is
desirableo tell wherein theimagethereis actwity, or whenthatactiity occurred.One
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Figure3.1: (a) Two views of a parkinglot usinga moving surweillancecamera(b) syn-

thesizedrameswith foregroundobjectsremoved,and(c) the moving objectsdetected.
Notethatvery smallobjects suchapersorwalkinganda carenteringbehindtreeswere

correctlydetected.

suchmodelcanbe obtainedby simply keepingtrack of the amountof actwity at each
pixel in the panoramicmosaicof a scene. In the next sectionwe shov a gray image
in which theindividual pixels storethe numberof timesthatthata pixel of the mosaic
registereda foregroundobject. Thus,areasin which more moving objectshave been
detectedwill shov up asbrighter andareasn which no moving objectsweredetected
will shav up asblack.

3.5 Results

In this sectionwe presentsomeof the resultsof our algorithm. The algorithm was
found to work quite well over a rangeof scenariosncluding aerialvideo andground-
basedsureillanceof a region usinga panningcamerafor scenesontainingmultiple
moving objectsand a mix of roads,parking areasand walkways. Lighting changes
weregenerallycorrectlydetectedaindthealgorithmwasableto recoverreasonablyrom
thesechangesyielding accuratenodelsof thebackgroundvithin afew framesafterthe
lighting change.

Figures3.1 and 3.2 eachshav two framesfrom two video sequencesgnote these
framesarenotadjacentn time). Thefirst row shavstheoriginal framesthesecondow
shows the synthesizedramesin which all the foregroundobjectshave beenremoved,
and the third row shaws the correspondingnoving objectsthat were detected. The
moving objectshave cleanboundariesandtheentiremotionareais detectedin contrast
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Figure3.2: (a) Frameno. 42 and57 from anaerialvideo, (b) synthesizedrameswith
themoving objectsremoved,and(c) the correspondingnoving objectsdetected.

with methodshasedon the differencebetweerregisteredframes,which detectjust the
partof theimagethatis differentbetweerframes.Notethatin Figure3.1two very small
objectsaresuccessfullydetectedIn the first column,the small objectto the left of the
carcorrespondso a personwalking on the sidevalk. In the secondcolumn,the small
objecton the very right is a car enteringbehindthe trees. The synthesizedramesare
alsoquite clean,not containingevidenceof the moving objectsor partsof them.

Figure3.3shavsthebackgroundnosaicobtainedor the 150sequencérom Figure
3.2. Note that at the upperleft thereis someevidenceof the bus in this background
mosaic,becausehat areawas not obsened for mary frameswithout the bus present.
Otherwise however, thereis no evidenceof the moving objectsin the mosaic. Figure
3.4 shaws the correspondindactivity image”indicatingthe numberof timesthateach
pixel registereda moving object. Theroadis clearlyvisible in thisimageasa region of
high actwity (with theshadaevs castby treesalsovisible by thefactthatthey breakup a
“stream”of actuity).

In Figure3.5we presenthe backgroundmageobtainedby registeringthe current
frame with a more traditionalimage mosaicratherthanthe backgroundmage. This
mosaicis formed by taking the intensity value of the last registeredpixel at a given
location, ratherthanusingthe mixture modelsto form a backgroundmage. Thisis a
commontechnique but asis visible from this mosaicfrom the first 75 framesof the
sequencethe registrationis not very robust. After 100 or so frames,the registration
is totally off. This exampleillustratesthe utility of the backgroundmagefor accurate
imageregistrationin the presencef moving objects.

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

frames. The mosaicis quite cleat indicatingaccurateandstablealignmentover 1000
framesin the presenceof mary moving objectsin the form of moving peopleon the
pathways. Thereis no evidenceof thesemoving objectsin themosaicwhichillustrates
the usefulnesof the algorithmin constructingpanoramicviews that containjust the
non-maoving objectsin thescene.

3.6 Summary and Conclusions

In this chapter we have presentedan algorithmfor wide areasurweillanceand moni-
toring. The methodusesa mixture of Gaussiarmodelto represenpixelsin the scene.
From thesemixture models,a modelof the backgrounds constructedisingthe mean
of the highestweight Gaussiarat eachpixel. The backgroundnodelprovidesa means
of registeringvideoframesthatis robustin the presenc®f moving objectsin thescene.
Themodelscanalsobeusedto detectmoving objectsin amoving camerasceneandto
createpanoramiciews andvideo sequencethatdo not containany moving objects.
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Figure3.4: Figurewhereeachindividual pixel storesthe numberof timesa foreground
objectwasdetectedat thatpixel. Note how theroadis clearly distinguishedrom other
areagdueto objectsmoving ontheroad.
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Figure 3.5: The backgroundmosaicobtainedwhen we register eachframe with the
mosaicwherethe mosaicis formedby takingthelastpixel registeredat thatlocation.

Figure 3.6: The backgroundnosaicfrom a sequencef 1000framescapturedirom a
sunweillancecameramoving in bothverticalandhorizontaldirections
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Chapter 4

A Multi-V iew Algorithm for Segmentingand Tracking
Peoplein a Crowded Scene

4.1 Intr oduction

When occlusionis minimal, a single camerais sufficient to reliably detectand track
objects.However, whenthe densityof objectsis high, the resultingocclusionandlack
of visibility necessitatethe useof multiple camerasndcollaboratiorbetweerthemso
thatanobjectis detectedusinginformationavailablefrom all the camerasn thescene.

In this chaptemve describea systemfor segmenting detectingandtrackingmultiple
peopleusinga multi-perspectie videoapproachWe addresshesituationthatthescene
beingviewedis sufficiently “crowded” sothatonecannotassumehatany or all of the
peoplein thescenewould bevisuallyisolatedfrom any vantagepoint. Figure4.1shows
imagesfrom a 6-perspectie sequencehatwill be usedto illustrateour algorithm. No-
tice thatin all fourimagesno singlepersonis viewedin isolation-i.e. neitheroccludes
anothemersomor is occludedby anothemperson.We assumehatour camerasrecal-
ibrated,andthat peopleare moving on a calibratedgroundplane. We alsoassumehat
thecamerasreframesynchronized.

Our algorithmtakesa unified approacho the problem.We neitherdetectnor track
objectsfrom a singlecamerapr camergpair; ratherevidenceis gatheredrom multiple
camergpairsanddecisionsof detectionandtrackingaretakenatthe endby combining
the evidencein a robust mannertaking occlusioninto consideration.Also, we do not
simply assumehata connecteccomponenbf foregroundpixelscorrespond$o asingle
object. Rather we employ a sggmentatioralgorithmto separateut regionsbelonging
to differentpeople. This helpsus handlethe caseof partial occlusionandallows usto
track peopleandobjectsin a clutteredscenewhereno single personis isolatedin ary
view.

Good segmentationof peoplein a crovded sceneis facilitated by modelsof the
peoplebeingviewed. Unfortunately the problemof detectingandfinding the positions
of the peoplerequiresaccuratemagesegmentatiorin thefaceof occlusions.Therefore,
we take a unified approacho the problemandsolve both of themsimultaneouslyThe
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Figure4.1: Imagesfrom a 6-perspectie sequenceat a particulartime instant.

algorithm usessegmentationresultsto find peoples groundplane positionsandthen
usesthe groundplanepositionsthus obtainedto obtain segmentationsthe processs
iterateduntil the resultsare stable. This helpsus obtain both good segmentationsand
groundplanepositionestimatesimultaneously

The chapterdevelopsseveralnovel ideas. Thefirst andmostimportantis the intro-
duction of a region-basedstereoalgorithmthatis capableof finding 3D pointsinside
anobjectif we know the regionsbelongingto the objectin two views. No exactpoint
matchingis required. This is especiallyusefulin wide baselinecamerasystemswvhere
exactmatchingis very difficult dueto self-occlusionranda substantiathangen view-
point. The secondcontribution is the developmentof a schemefor settingpriors for
usein sggmentationof a view using Bayesianclassification. The schemewhich as-
sumesknowledge of approximateshapeand location of objects,dynamicallyassigns
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(2) Initialize usingprevious groundplanepositions.In the beginning,assumehereare
no estimatesvailableandall peoplearenew.

(2) Sgmentimagesusingpersonmodelsandgroundplanepositionestimates.

(3) Estimategroundplanepositionsusingregion matching.

(4) Repeasteps2 and3 till groundplanepositionestimatesrestable.

(5) Updatepersomrmodelsusinginformationfrom imagesandthegroundplanepositions
found.

(6) Repeastepsl-5for next time step.

Algorithm 1: Algorithm Structure

priorsfor differentobjectsat eachpixel sothatocclusioninformationis encodedn the
priors. Thesepriors are usedto obtaingood segmentationeven in the caseof partial
occlusions.The third contribution is a schemefor combiningevidencegatheredrom
differentcamergpairsusingocclusionanalysisso asto obtaina globally optimumde-
tectionandtrackingof objects.Higherweightis givento thosepairswhich have aclear
view of alocationthanthosewhoseview is potentiallyobstructedy someobjects.The
weightis alsodetermineddynamicallyand usesapproximateshapefeaturesto give a
probabilisticanswerfor thelevel of occlusion.

4.2 General Overview of the Algorithm

Our systemmodelsdifferent characteristicof peopleby observingthem over time.
Thesemodelsincludecolor modelsat differentheightsof the person;‘presence’proba-
bilities alongthe horizontaldirectionat differentheights andthegroundplanepositions
trackedusinga Kalmanfilter. Thesemodelsareusedto segmentimagesn eachcamera
view. The regionsthusformedare matchedin pairs of cameraviews along epipolar
lines. The matchedsegmentsarethenusedto yield 3D pointspotentiallylying inside
objects.Thesepointsareprojectedontothe groundplaneandgroundpointsareusedto
form an objectlocationlik elihoodmapusing Gaussiarkernelsfor a singleimagepair.
Thelik elihoodmapsare combinedusingocclusionanalysisso that pairswhich have a
clearview of a particularlocationaregiven higherweightthanthosewhoseviews are
obstructedy someotherperson.Thealgorithmis theniteratedusingthesenew ground
planepositionsandthis processs repeatedintil the groundplanepositionsare stable.
Thesedterationshelpto improve the quality andstability of theresults.Thefinal ground
plane positionsare then usedto updatethe personmodels,and the whole processs
repeatedor the next time step.
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4.3 Modeling People

We modeltheappearancandshapeof the peoplein thesceneln orderto simplify the
problem,we assumehatpeoplearestandinguprightandthatthey do notsquator jump.
Thesescenarioscan also be included, but only at the costof accurag of the results
sincethe modelswill have to be lessdiscriminatory Thesemodelsare developedby
observingpeopleovertime (methodexplainedin sectionl1l)andhelpussegmentpeople
in thecameraviews. Thesemodelsaredevelopedfrom the sequenceautomaticallyno
manualinputis required.

4.3.1 Color Models

Oneof theattributesusefulto modelis the color 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 the whole personwould not be ableto capturethe vertical variationin color.
Ontheotherhand,modelingthe horizontaldistribution of coloris very difficult without
full 3D surfacereconstructionyhich would be too time-consumingandhencenot too
interestingfor trackingandsunweillancetype of applications.

Pixels belongingto a particularpersonat a particularheightareidentifiedandthe
colormodelis developedusingthewell-known methodof non-parametri&erneldensity
estimation([19]) whichis well suitedto our system.Letcy, ¢, ...., ¢, ben obsenations
determinedo bebelongingto the color model. The probability densityfunctioncanbe
non-parametricallgstimated90] usingthe kernelestimatork as

Pr(c) = % i K(c—¢) (4.1)
i=0

If we chooseour kernelestimatorfunction, K, to bethe Normalfunction, N (0, 3),
whereX representthe kernelfunctionbandwidth thenthe densitycanbewritten as

1 < 1 Lo e T
Pr(c) = — _— e 2(eme) BT (emei) (4.2)
EREP PSS
If we assumendependenceetweenthe differentchannelgdimensionsof the ob-
senationvector)with differentkernelbandwidthsf;]? for the jth channelthen

o2 0 0 0
2
2:8”200 (4.3)
0..03

Sincethe intensitylevels changeacrosscameragiueto apertureeffects,anddueto
shadaev andorientationeffectsin thesameview, we usenormalizedcolor (i.e. theratios
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Figure4.2: A color modelis developedfor eachheightslice of the person

r/(r+ g+ b)andg/(r + g + b)). In orderto have somedifferentiationbetweencolors
thatarevery differentfrom eachotherin intensitybut similar in chromaticity(for e.g.
white andblack),we addintensityasthethird variablewith high variance.

Note that having this color modeldoesnot restrictus to detectingpeoplewearing
uniform color clothes.Non-uniformcolorscanbe handledaslong astherearekernels
belongingto all the colors presentat a particularheight. This is possiblefor us to
dosincewe areviewing the peoplefrom all sidesandarethereforeableto build a color
modelthatcaptureshecolorprofile from all sidesandhencds notviewpointdependent.

4.3.2 “Presence”Probabilities

For our sggmentationalgorithm,we wantto determinethe probability thata particular
personis “present”(i.e. occupiesspace)alonga particularline of sight. Towardsthat
end, we define“Presence”Probability (denotedby L(h,w)) asthe probability that a
personis presentat heighth anddistancew from the vertical line passinghroughthe
persons center This probabilityis afunctionof boththe distancew andheighth since,
e.g.,the width of a personnearthe headis lessthanthe width nearthe center This
probabilityfunctionalsovariesfrom personto person.

We estimatethis probability by obsenation over time usingthe methoddescribed
in section10 (seeFigure4.3for somesamples)However, sincethis methodis reliable
only afteracertainnumberof time stepswe employ a heuristicto modelthe“presence”
probabilitiesin caseswherewe do not yet have sufficient dataavailable. We model
thewidth W of the personat a particularheighth asarandomvariablewith Gaussian
distribution andassumehatthe personoccupiesall spacefrom the centerup to width
W. Then,the probability thata personj is presentat distancew andheighth is given

by
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Figure4.3: SamplePresencérobabilitiesof peopleobseredover time. The x-axisis
the width, y-axisis the heightfrom the groundandthe valuesshonn are probabilities
scaledby afactorof 256 for displaypurposes.

Li(h,w)=Pjp(w <W)=1-CDFGw(w)

whereC' DF Gy is the cumulatve densityfunction for the Gaussiarfunction for 1.
The meanandstandarddeviation for W is variedto accommodatéhe factthatpeople
have differentdistributionsat differentheights.

Themodelfor presencgrobability usedhereis very effective in detectingthetorso
of the person,but is not very effective in detectinghandsand legs far away from the
centerof the person.However, sinceour goal hereis to find thelocationof the person,
it is moreimportantto find thetorsothanthehandsandlegs. If we wantto detecthands
andlegs far from the person,onewould have to usesomeothermodelfor the shape
prior, or would have to modify our modelsothathandsandlegsarehandledbetter

4.4 Pixel Classificationin a SingleView
We useBayesiarClassificatiorto classifyeachpixel asbelongingto a particularperson,

or the background. The a posteriori probability that a pixel having obsenation /(x)
belongsto apersonj (or thebackground)s

Bposterior (7 /1(x)) o< Bppioe (3) P(1(2)/5)
Thepixel is thenclassifiedas

Mostlikely class= arg max(Pposterior(7/1(2))
j
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P(I(zx)/j) is givenby the color modelof the personat heighth. For the background,
we usea backgroundnodelof the sceneusingthe methoddescribedn [66].

We wantthe prior probabilitiesto includeocclusioninformationsothatthe prior for
a personin front is highernearhis estimatedoositioncomparedo the priors far avay
from him andcomparedo a personn rear We employ thefollowing methodologyFor
eachpixel x, we projectaray in spacepassinghroughthe optical centerof thecamera
(seeFigure4.4). We find the perpendiculadistancesw; of this ray from the vertical
lines passinghroughthe currentlyestimatedcentersof the people.Also calculatedare
the heightsh; of theseperpendiculaftines(thesdine segmentsare horizontal). Then,
thea priori probabilitythata pixel x is theimageof personyj is

Pprior(j) :Lj(hjij) H (1 _Lk(hkwk))
k occludeg
Pyrior (bekgrnd) = T (1 = Lj(h;, w)))
all j

(4.4)

where L;(h;, w;) is the “presence”probability describedn section4.2. A personk
occludes”; if thedistanceof & to theopticalcenterof thecameras lessthanthedistance
of j to thecenter

42



Figure4.5: Theresultof segmentingfour of theimagesshowvn in Figure4.1

Themotivationfor thedefinitionis thata particularpixel originatesrom a personif
andonly if (1) the personis presentalongthatline of sight(Probabilityfor this = L),
and(2) nootherpersonn front of heris presentalongthatline of sight(Probability=1 -
Ly). If nopersons presentlonga particularline of sight,we seethebackgroundThe
classificationprocedureenablesus to incorporateboth the color profile of the people
andtheocclusioninformationavailablein a consistenandlogical manner

It is interestingto notethatwe expectto obtainbetterdiscriminationfrom the back-
groundusingour algorithmthanusingtraditionalbackgroundsubtractiormethodsbe-
causewe take into accountmodelsof the foregroundobjectsin the scenein addition
to information aboutthe backgrounahatis the only input for traditional background
subtractiormethodsindeed thisis whatwe obsene during experiments.

4.4.1 DetectingNew Peopleand Bootstrapping

The algorithmasdescribedabore assumeshat we have informationaboutthe people
visible in the sceneandfails whenthereare peoplefor whom we do not have ary in-
formationor have inaccuratanformation. In orderto detect‘new” peoplein the scene
andto correctinaccuratgersormodelswe detectunclassifiegixelsasthosefor which
P,ior % P(c/j) is below agiventhresholdor all thepersormodelsandthe background,
i.e. noneof the personmodelsor the backgroundccanaccountfor the pixel with a high
enoughprobability. For thesepixels, we usea simple color sgmentationalgorithm,
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Figure 4.6: The point of intersectionof the quadrilateralformed by back-projecting
the endpointsof the matchedsegmentsyields a 3D point lying inside an object. The
matchingsegmentsarel and1’, and2 and2’ respectiely.

which groupstogetherpixels having similar color characteristics.This sggmentation
createsadditionalregionsin theimageandtheseregionsarealsomatchedacrosscam-
erasasdescribedn the next section. This methodworks not only for detecting‘new”
peopleenteringthescenebut alsofor bootstrappinghealgorithmsincein thebeginning,
all peoplearedetectedas“new”.

4.5 Region-BasedStereo

After sggmentationwe analyzeepipolarlinesacrosspairsof views. We first construct
epipolarlines suchthatthereare a fixed numberof lines for two views. For instance,
if the epipolelies inside a view, the lines aretaken at an angularseparatiorof 180/n

wheren is the numberof lines desired. If the epipolelies outsidethe view, thenthe
lines are constructedso thatthey have a fixed angularseparatiorand cover the whole
image.Along anepipolarline, we divide theline into “segments’belongingto different
regions. If aline intersectsa region twice, the two sggmentsthusformedare merged
to form one sggmentconsistingof the two extremeend points. Thesesegmentsfrom
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onecameraview arematchedo the sgmentsin the otherview. Segmentsbelonging
to the samepersonin differentviews (as determinedby the classificationalgorithm)
arematchedo eachother Regionscorrespondingo unclassifiepixelsarematchedo
eachotherbasedon color characteristics Evenif onesegmentmatchego morethan
oneseggmentin theotherview, we do not selectamongthesematchesut considerall of
thematchedpairsaspossiblematches.

For eachmatchedpair of sggments,we projectthe end-pointsof the segmentsand
form a quadrilaterain the planeof the correspondingpipolarlines. The point of inter-
sectionof the diagonalsof this quadrilaterals takento be belongingto the object(see
Figure4.6).

The motivationfor takingthe point of intersectiorof the diagonalsof the quadrilat-
eralis that,for a corvex object,thisis theonly pointthatcanbeguaranteedb lie inside
the object(seeproofin Appendix). Thisis assuminghatthe completeobjectis visible
andsegmentedcompletelyasoneregion in eachview. For any other3D pointin the
planeof the epipolarlines, it is possibleto constructa casein which this point will lie
outsidetheobject.

4.6 ProducingLik elihood Estimatesonthe Ground Plane

Having obtained3D pointsbelongingto people,we wantto detectandtrack peoplein
a robust mannerrejectingoutliers. Assumingthat peopleare standingupright or are
otherwiseextendedprimarily in the verticaldirection,onenaturalway to do thatwould
beto do the estimationon the groundplaneafter projectingthe 3D pointsontoit. It is
alsopossibleto do clusteringin 3D (asdoneby [51]) andthis would be the methodof
choicefor mary applications.However, for our application,estimationon the ground
planeis bettersincewe aredealingwith only walking people.

We definea “lik elihood” measuravhich estimatesvhethera particularlocationon
the groundplaneis occupiedby an object. Likelihood mapsare developedfor each
camergpair andarethencombinedin a robustmannerusingthe occlusioninformation
available.

4.6.1 Lik elihoodfrom a Single CameraPair

We develop likelihoodmapson the groundplaneusingthe groundplanepointsfound
usingregion matching. For eachof the 2D groundpoints, we add a Gaussiarkernel
to the likelihood map. The weight and standarddeviation of the kernelis basedon
the minimum width of the segmentsthat matchedto give rise to that point, andthe
cameranstantaneouselds of view (IFOV). This helpsus give higherweightto points
originatingfrom longersegmentghanfrom smallerones.Thelik elihoodfrom all these
gaussiarkernelsis thenintegratedto obtaina likelihood mapin the 2D spaceof the
groundplane. This is donefor eachpair of camerador which the sgmentationand
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Figure4.7: If sggmentmatchingfails to distinguishbetweentwo objects,the matches
wouldreinforceeachotheronly atthetruelocationof the objects andthefalsematches
would geteliminatedby theweightingscheme.

matchingis performed. Thus, the likelihood associatedvith arny point = on the 2D
planeis givenby

w; —(x; — x)?

ex ’
wherex; = (z;, y;) ando; arethe2D positionandstandardieviationof thei-th Gaussian
kernelandw; is theweightassignedo this kernel.

4.6.2 Combining Results from Many Camera Pairs Using Occlu-
sion Analysis

Giventhelik elihoodmapsfrom matchingacrosgairsof cameraswe describeamethod
for combininglik elihoodmapsthat makesuseof occlusioninformationavailablefrom

the approximateposition of the people. The simplestmethodwould averagethe lik e-
lihood estimatesobtainedfrom differentpairs. This methoddoesyield good results
becauséhe lik elihoodvaluesat the true locationsof the objectsreinforceseachothes

whereaghe valuesat falselocationsarescatterecaboutandoccurat different2D loca-
tionsfor differentpairsof camerasThis canbeseenn theexampleillustratedin Figure
4.7 wherefalsematchesarenotreinforcedbut goodonesare.
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Althoughsimpleaveragingof lik elihoodvaluesyieldsgoodresults we canimprove
likelihood estimatessignificantly by determining(probabilistically)whethera particu-
lar locationis visible or occludedfrom a cameraand weighingthe likelihood values
accordingly

For eachof the cameraswe form a probability map that gives us 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
calculateheperpendiculadistancew,; of eachperson; fromtheline joining thecamera
centerandthe pointx. Then,defining“presence’probabilitiesZ;() similar to section
4.2,but takingonly thewidth asparamete(by averagingovertheheightparameter)ye
find the probabilitythatthe pointx is visible from thecamerac as

Px) = [ a-ILw) (4.5)

j occludes<

where; occludesx if its distancefrom the camerais lessthanx. Now, for a particular
camergpair (cl, c2), theweightfor the groundpointx is calculatedas

Wet,e2)(X) = Per(x) Pea(x) (4.6)

The weightis essentiallythe probability that x is visible from both the cameras.The
weightedlik elihoodvalueis thencalculatedas

 Deren) Wiened) (X) Lo e2)(X)
2 (e1,c2) Wet,e2)(X)

This definition helpsus to dynamicallyweigh the differentlik elihood valuessuch

thatthevalueswith thehighestconfidencdevel (leastocclusion)areweightedthe most.

Notethatthenormalizatiorconstants differentfor eachgroundplanepointandchanges
overtime.

Lk(x) 4.7)

4.7 Tracking onthe Ground Plane

After obtainingthe combinedlik elihood map, we identify objectsby examininglik e-
lihood clustersand identifying regions wherethe sumof likelihoodsexceedsa given
threshold.Thecentroidsof suchlikelihood“blobs” areobtainedsimply using

zx,xeregifm x* Lk(X)
XcentT()id 7 ZX Lk(X)

whereLk(x) is thelikelihoodat point x.

Thesecentroidsof the objectblobsaretracked over time usinga differentKalman
filter for eachof theblobs. The statevectorof thefilter consistsof positionandvelocity
of the objectand predictionis madeusing the assumptiorof constantvelocity during

(4.8)
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Figure4.8: Theresultsof detectionandtrackingasseenin four of theimagesshowvn in
Fig. 4.1.

thetime step. The currentobsenation of the objectlocationis obtainedby finding the
centroidover a circularregion aroundthe currentpredictedobjectlocation.
Somesimpleheuristicsareusedto eliminatefalsedetectionsmaintainrobustperson
identitiesandto re-identify lost peoplewho might be seenagain. We keeptrack of the
amounbf timethataparticularpersorhasbeentracked. If apersoris notfoundnearhis
predictedpositionby the groundplanepositionfinding algorithm,thenheis eliminated
or retaineddependingon the amountof time he hasbeentracked continuously Also,
if two objectsaretoo closeto eachother thenthe onetracked for lesserdurationis
removedunlessothof themhave beentrackedfor somepredefinediuration.If aperson
thatwould normally have beenremovedis retainedbecaus®f time considerationghen
he is predictedto be at the position predictedby the Kalmanfilter for sometime and
this position and his modelsare usedin the sggmentationalgorithm. However, after
sometime of non-detectionthe personis removed from thelist of tracked peopleand
his modelis storedin the*“lost” peoplelist. Whena new personis detectedhis model
(mainly the color profile) is matchedto the modelsfor lost peopleandif it matches
oneof them,thenhe is identified asthis “lost” person.We calculatethe dissimilarity
betweentwo probability distribution functions P, and P, usingthe L; distancej.e.

diSSLl(Pl,PQ) = / | Pl(X) — PQ(X) | dx (49)

Thedissimilarity from the modelsat differentheightsis thensimply summedup to get
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Figure4.9: Thefirst imageis the likelihood map obtainedfor the imagesetshowvn in
Figure4.1by applyingtheocclusion-analysig/eightingscheme Therestof theimages
aremapsobtainedor the sequenceat othertime steps.Thedotsshav the positionstate
variableof the Kalmanfilter trackingthe person. Visit www.umiacs.umd.edu/"anurag
for thefull sequencandsomeadditionalresults.
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thedissimilarity measurdéetweerthe color profilesof two people.

4.8 Updating Models of People

Obsenredimagesandinformationaboutthe currentpositionof the peopleare usedto
updatemodelsof peopleand createonesfor the “new” peopledetected.In orderto
develop accuratemodels,we want to identify pixels for which we are very surethat
they belongto a particularperson.To do so, for eachpixel, we calculatethe “presence”
probabilities; for eachpersonasdescribecearlier We usethe obsenred probability
methodonly whenthe numberof obsened pixels for a particularwidth w is above a
certainthreshold.Thenwe determineif L; is above a certainthresholdfor a particular
personand belonv another(lower) thresholdfor all others. This helpsusin ensuring
thatthe pixel is viewing the particularpersononly and nothing else(exceptthe back-
ground).In orderto determindf the pixel belongsto the backgroundr not, we usethe
backgroundnodelto determinethe probability thatthe pixel color originatesfrom the
backgroundlf this probabilityis below a certainthreshold thenwe determinethatthe
pixel belongsto the person;elseit belongsto the background.If it belongsto the per
son,it is addedasakernelto the color modelof the personatthatheight. We updatethe
“presence’probability L, for the persorby incrementinghe countfor thetotal number
of obsenationsat heighth andwidth w for the personandincrementingthe countfor
positive matchesonly if this pixel is determinedo belongto the person(accordingto
the abore mentionedmethod). The “presence”probability at that heightandwidth is
thensimply the secondcountdivided by thefirst.

For a new personsincewe do not know the true heightof the personwe develop
modelsup to amaximumpossibleheight. The true heightof the personis estimatedyy
obsenationovertime andis usedto deletethe slicesabove thatheight.

4.9 Implementation and Experiments

Image sequenceare capturedusingup to 16 color CCD cameragKodak ES-310C).
Thesecameraswhich are attachedo “Acquisition” PCsvia frame grabbersare ca-
pableof beingexternally triggeredfor synchronizatiorpurposes.Camerasarelocated
at positionssurroundingthe lab sothat they seethe objectsfrom differentviewpoints.
Eight camerasarelocatedin approximatelya circle at alower (in height)level andthe
othereightcamerasrelocateddirectly ontop of themat a higherlevel. Thereforethe
anglebetweermadjacentamerasat the sameheightis approximately5 degrees.All of

thecamerasrecalibratedusinga globalcoordinatesystemandthegroundplaneis also
determinedFramesynchronizatiomcrossamerass achievedusingaTTL-level signal
generatetby a DataTranslationDT340cardattachedo acontrollerPC,andtransmitted
via coaxialcablego all thecamerasFor videoacquisitionthesynchronizatiorsignalis
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Figure4.10: Cumulatve errorsfor four sequencesf 200time stepseachby averaging
likelihoodsandusing(a) no occlusionanalysisand(b) usingocclusionanalysis.

usedto simultaneouslgtartall camerasNo timecodeperframeis required.For details
see[11].

In thedistributedversionof thealgorithmwherewe usea Pentiumll Xeon450MHz
PCfor eachof the camerasthe systemcurrentlytakesabout2 secondgeriterationof
the groundplanepositionfinding loop. On the average we needabout?2 - 3 iterations
pertime step,sotherunningtime of thealgorithmis currentlyabout5 secondgertime
step.We believe thatby codeoptimizationsandfasterprocessorsye will beableto run
thealgorithmin realtime.

In orderto evaluateour algorithm,we describeaxperimentson four sequenceson-
taining 3, 4, 5 and6 peoplerespectrely. Eachsequenceonsistedf 200 framestaken
attherateof 10frames/secondndpeoplewereconstrainedo movein aregionapprox-
imately 3.5mX3.5min size. Matchingwasdonefor only adjacentairsof cameragn
pairs)andhotfor all of the C7 pairspossible.This helpsuscontrolthetime compleity
of thealgorithm,but reduceghe quality of theresultsobtained.

For eachof the sequencesye calculatedhe numberof falseobjectsfoundandthe
numberof true objectsmissedby the algorithm. We calculatedthesemetricsusing4,
8 and 16 camerasn orderto studythe effect of varying the numberof camerasthus
enablingusto determinghe minimumnumberof camerasequiredto properlyidentify
andtrack a certainnumberof objects. For the experimentwith four camerasgcameras
were placedat an angularseparatiorof 90 degrees,for the eight cameraexperiment,
only the top row of cameraswere used(so the angularseparatiorbetweenadjacent
camerass about45 degrees)andfor the sixteencameraexperiment,all camerasvere
used(againtheangularseparatiometweeradjacentamerass 45degrees).Theangular
separatiorfor usis atleast45 andup to 90 degreeswhich is muchmorethanthatused
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Figure4.11: Total errorsasa function of time for the sequencavith 5 peopleusing8
cameras.Note how the errorsdecreasavith time asthe modelsbecomemore robust.
Errorsaftertheinitial periodoccurmainly becausef peoplecomingtoo closeto each
other

by shortbaselinestereccamerasvherethe separations of the orderof 5 to 15 degrees.
The cumulatve errorsover the 200 framesareshowvn in Figure4.10(b). Also shovniin

Figure4.10(a)arethe error metricsobtainedwhenthe lik elihoodvaluesobtainedfrom

differentcamerasreweightedequallyandocclusionanalysiss notused.This helpsus
obsene theimprovementobtainedby usingthe occlusionanalysisscheme.

4.9.1 Behavior during Initialization

In the beaginning, we have no information asto wherethe peopleare, or what their
modelsare, so the algorithmis trying to find peoplebasedsolely on color matching
acrossviews. The resultsfrom an algorithm that doesdetectionand tracking based
solely on color matchingcanbe foundin our paper[64]. Theresultsaredecidedlyof
lower quality but, in a senseareusedto initialize the algorithmpresentedn this paper
Onceanobjecthasbeendetectedhowever, hecanbetrackedeasilysincewe areableto
build the modelsfor him. Dueto undetectegbeoplein the scenethe modelsdeveloped
for the detectedpeopleare sometimesiot so accuratebecausegixels belongingto the
undetectegheopleareassignedo detectebnesandareincludedevenin their models.
Apartfrominaccurataletectiorandtrackingresults thisalsoresultsin anincreasen the
numberof iterationsrequired.This is a potentialproblem,especiallywhenthe number
of peopleis very large andocclusionsarevery heary. However, for casesof moderate
occlusions,we have found that this stageis very shortand the undetectegeopleare
alsofound after sometime, allowing the algorithmto build moreaccuratenodelsand
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getvery accurataesults.

4.10 Summary and Conclusions

In this chapter we have presentec methodfor detectingandtrackingdenselylocated
multiple objectsusingmultiple synchronizeadameradocatedfar awvay from eachothet

It is fully automaticanddoesnotrequireany manualinputor initializations. It is ableto

handleocclusionsand partial occlusionscausedoy the denseocationof theseobjects
andhencecanbe usefulin mary practicalsureillanceapplications.
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Chapter 5

Human Body PoseEstimation Using Silhouette Shape
Analysis

5.1 Intr oduction

Determiningthe poseof humansis an importantproblemin vision andhasmary ap-
plications. In this chapterwe target multi-camerasurweillanceapplicationswhereone
wantsto recognizethe actiities of peoplein a scenean the presencef occlusionsand
partial occlusions.Onecannotassumehata personis visible in isolationor in full in
eitheroneor all of theviews. Nor canoneassumehatwe have amodelof thepersonpor
thattheinitial bodyposeis known. Suchasystemshouldalsobereasonablyast. How-
ever, very accuratebody posevaluesaretypically not required,andananswercloseto
the actualbody posemight be adequate We describean algorithmthat canform the
basisof suchasuneillancesystem.

Our systemestimateghe 3D poseof a humanbody from multiple views. We make
useof recentwork in decompositiorof a silhouetteinto 2D parts. These2D partprim-
itivesare matchedacrossviews to build primitivesin 3D which arethenassembledo
form ahumanfigure. In orderto searchfor the bestassemblywe usea lik elihoodfunc-
tion thatintegratesnformationavailablefrom multiple views aboutbodypartlocations.
Greedysearclstratgiesareemployedsoasto find the bestassemblyfast.

Our work is mostcloselyrelatedto the work of Kakadiarisand Metaxas[43] who
try to acquire3D body partinformationfrom silhouettesextractedin orthogonaliews.
They employ a deformablehumanmodelso thatary size of the humancanbe recog-
nized.Thedistinguishingieatureof ourwork is thatit is ableto work in acrowdedscene
sothatin all of theviews, thepersommightbefully or partially occluded.Thisis accom-
plishedby explicitly modelingocclusionanddevelopingprior modelsfor persorshapes
from the scene.This helpsusto decouplethe problemsof poseestimationfor multiple
peoplesothatthe degreesof freedomof the problemaredecreasedubstantially

The chapteris organizedasfollows. Section5.2 describeshe methodof extraction
of multiple silhouettesn a crowdedsceneusingthe methoddescribedn thelastchap-
ter. Section5.3 describeshapeanalysisof silhouettesandmatchingpartsacrossviews
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Figure5.1: Multiple Segmentation®btainedfor theimageshawn in thefirstimage

to obtain3D part primitives. Section5.4 describeghe lik elihoodfunction usedfor as-
semblyevaluation. Section5.5 describeghe algorithmusedto find the bestassembly
We concludewith somepreliminaryresultsin section5.6.

5.2 Obtaining Multiple Segmentations

We usethemethoddescribedn thelastchapterfor obtainingsegmentation®f peoplein
acrowvdedsceneThereareseveralparameterg the segmentatioralgorithm. Accurate
extractionof differentpartsof the personrequiresdifferentparametersTherefore|t is
essentiato vary the parametersoasto obtainmultiple segmentationsThe parameters
thatwe vary are

(1) therelative weightgivento the backgroundnodel,

(2) therelative weightgivento differentforegroundobjectssothatdifferentobjectsare
highlighted,and

(3) thethresholdfor determiningwhethera pixel is unclassifiecixels.

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 Silhouette ShapeAnalysis

In orderto recoverthe poseof a personwe breakthe silhouetteof the personinto parts.
Accordingto humanintuition aboutparts,a sgmentationinto partsoccursat negative
minima of curvatue so that the decomposegartsare corvex regions. Singh et al.
notedthatwhenboundarypointscanbe joined in morethanoneway to decompose
silhouette humarnvision prefersthe partitioningschemeavhich usegheshortestcuts( A
cutis the boundarybetweera partandtherestof the silhouette).They furtherrestricta
cutto crossasymmetryaxisin orderto avoid shortbut undesirableuts. However, most
symmetryaxesarevery sensitve to noiseandareexpensve to compute.In contrastwe
usetheconstrainbnthesalienceof apartto avoid shortbut undesirableuts. According
to HoffmanandSinghs[32] studytherearethreefactorshataffectthesalienceof apart:
the sizeof the partrelative to the whole object,the degreeto which the part protrudes,
andthestrengthof its boundariesAmongthesehreefactors the computatiorof a parts
protrusion(theratio of the perimeterof the part (excludingthe cut) to the lengthof the
cut) is moreefficient androbustto noiseandpartial occlusionof the object. Thus,we
employ the protrusionof a partto evaluateits saliencethe salienceof a partincreases
asits protrusionincreases.

In summarywe combinetheshort-cutrule andthesaliencaequiremento constrain
the otherend of a cut. For examplein Figure5.3.1,let S be a silhouette,C' be the
boundaryof S, P beapointon C' with negative minimaof cunature,and P,, beapoint
on(C sothatP andP,, dividetheboundaryC into two curves(C;, C,. of equalarclength.
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Figure5.3: Computingthe cutspassinghroughpoint P

Thentwo cutsareformedpassinghroughpoint P: PP, PP, suchthatpoints P, and
P, lieson C; and C,, respectrely. The endsP, and P, of the two cutsarelocatedas
follows:

P, =arg n}pi/n|PP’\

7 5.1)
PP - (
s.t. |_| >1T, P eC,PP €S
|PP|
P, =arg H]lji/n|PP/|
7 5.2)
PP __ (
S.t. |_| >T, P eC,PPesS
|PP|

wherePAP’ is the smallerpartof boundaryC' betweenP and P/, PAP’| is thearclength

of PP’, and }IIZ_ZI is the salienceof the partboundedby curve PP, andcut PP,.

Eg. (5.1) meanghatpoint , is locatedsothatthecut PP, is theshortesbneamong
all cutssharingthe sameend P, lying within the silhouettewith the otherendlying on
contour(;, andresultingin a significantpart whosesalienceis above a thresholdZ,.
Theotherpoint P, is locatedin thesameway usingEg. (5.2).

Sincengyative minima of curvatureare obtainedby local computation their com-
putationis not robustin real digital images.We take several computationallyefficient
stratgiesto reducethe effectsof noise.First, a B-splineapproximationis usedto mod-
eratelysmooththe boundaryof a silhouette sinceB-splinerepresentatiois stableand
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Figure5.4: Multiple Body partsobtainedusingthe sgmentationshowvn in Fig. 5.1

easyto manipulatdocally without affecting the restpart of the silhouette.Secondthe
negative minimaof curvaturewith smallmagnitudeof curvatureareremovedto avoid
partsdueto noiseor smalllocal deformationsHowever, curvatureis not scaleinvariant
(e.g.its valuedoublesf thesilhouetteshrinksby half). Oneway to transformcurvature
into ascale-ivariantquantityis to first find the chordjoining thetwo closesinflections
which boundthe point, then multiply the cunvatureat the point by the length of this
chord. Theresultingnormalizedcurvaturedoesnot changewith scale— if the silhou-
etteshrinksto half size,the curvaturedoublesbut the chordhalves,so their productis
constant.

This analysisyields 2D body partsfor a personin a singleview. Thetorsois not
found directly by this methodasthe body part segmentationsanonly find protruded
partsreliably. Sincetheseprotrudedparts can overlap, there are a large numberof
torsosthat canbe formedfrom the remainingpart of the silhouette. Therefore we do
notattemptto find thetorsosdirectly andsimply infer it from the otherbody parts.

Zhao[114]hasusedasimilarmethodo developasystentor bodypartidentification
from asingleview. However, body partidentificationfrom asingleview is very difficult
andlabelingsare often incorrect,especiallyin the caseof partial-occlusionsand self-
occlusionsvheresomebodypartsarenotvisible. Theproblemis alsounderconstrained
sincedepthinformationis not available. Anotherdifficulty is thattheir systemrequires
extractionof goodsilhouettesvhich arenoteasyto obtainin adensescene As opposed
to Zhao's work, we usemultiple camerasandidentify body posein 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 eachotherare combinedwith eachothet
Second,the decomposegbarts are matchedacrossviews using epipolargeometryto
yield 3D body parts. The two endpointsof a partin oneview are matchedo the cor
respondingendpointsn the otherview. The matchingis basedon simply lying onthe
correspondingpipolarine. An additionalconstrainthatcanbeusedis thecolor profile
of the bodyparts. The disadwantages thatif the viewpointsaresubstantiallydifferent,
the color profilescanvary significantly Also, the color profilesfor differentbody parts
canbevery similar (for e.g.thetwo legscanhave very similar color profiles.)
Oncematchingis done,a certainnumberof body partsare selectecbasedon their
matchingscoreandtheir endpointsareprojectedn spaceo yield 3D bodyparts.

5.4 AssemblyEvaluation using the Obsetvation Lik eli-
hood

Labelingsare assignedo these3D partsby building an assemblythat hasthe maxi-
mum likelihood accordingto an appropriatdik elihoodfunction. From the setof 3D
body parts,we form setsof possibleheads handsandlegs basedon size constraints.
Additional knowledge,if available,canbe used.Suchinformationmight consistof the
knowledgethatthelegsarecloseto thefloor or thatthe persons standing(constrainon
headandhandpositions).Then,the problemreducedo finding a headtwo hands(or a
singleor no handsjf notfound)andtwo legs(or O or 1 legs),suchthattheassemblyhas
the highestlikelihood. Thelik elihoodfunctionwe useis describedn the next section.

5.4.1 Obserwation Lik elihood

In orderto evaluatea particularassemblyA, we determinethe obsenration likelihood
Pr(ly, I, ..., I,/A), whichis thelikelihoodof observingmagesl,, I, ..., I,, giventhe
particularassemblyd. Assumingthatassembliebave equalpriors,theassembljhaving
the highestlikelihoodis alsothe assemblywith the highestposterior Sincewe do not
know the body poseof other peoplein the scene,the obsenration likelihood cannot
be determinedunlessthe problemsof body posedeterminatiorof differentpeopleare
coupledwith oneanother Thisleadsto anexponentialincreasen thecompleity of the
algorithm.

We candecouplethe problem,however, if we make somesimplifying assumptions.
Specifically we canusethe methoddevelopedin MsTracker[65] to determinepriors
usingpresencerobabilities. Then,the generafformulafor the obsenation probability
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ataparticularpixel =z canbewritten as:

P1(2)) = 3 Pyrion () Pr(1(2) /) (53)

wherethe summationis doneover all persons;j andthe backgroundand /() is the
obsenration at pixel z. If the location of the assemblyis given, the function L,(x)

(PresenceéProbability definedin section4.3.2) for the personm underconsideration
changegrom a probabilisticto a fixedfunctionsothat:

1 if assembl rojectsto pixel x
Lo >~{ Y1 projectsto p (5.9)

0 if A doesnotprojectto pixel x

Using this definition, one canre-determinehe priors for all peopleusingequation
(4.4) andcalculatethe obsenation probability usingequation(5.3). This would be the
conditionalprobability Pr(/(z)/A):

p(I(z)/A) = Z Pyrior (§/A) Pr(1(z)/5) (5.5)
where

Pp?"’ioT(j/‘A) = Lj<hj7wj> H (1 - Lk(hk* wk>>
k occludeg

Porior (bekgrnd/A) = T] (1 = L;(hy, w;))
all |

(5.6)

suchthat ,, is given by Equation5.4 andfor all other personswe usethe presence
probabilityfunctiondevelopedin the previouschapter

Assumingthatobsenationsat differentpixelsareindependentthe overall obsena-
tion probabilityis thensimply the productof the obsenrationprobabilitiesat eachpixel
in eachview.

Pr(ly Iy, LA =] ] PrU@/A) (5.7)

=1 all pixelsx

5.4.2 Projection of the Assembly

In orderto determinethe projectionof the assemblyon animage,we modelthe hands
andlegsascylinderswith approximatewidths andthe headasa sphereanddetermine
their projectionsonto a view (Figure5.5). Thetorsois built by filling in the polygon

formedby taking the joint locationsof the (five) partsasthe vertices. More accurate
projectioncan be formed by building a 3D structurebasedon the joint locationsand

finding its projectionontotheviews. Thatwill, however, addto the runningtime of the

algorithm.
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Figure5.5: Determiningthe Projectionof an Assembly

5.4.3 Refiningthe Lik elihood Function

M, Tracker determineghe probability Pr(1(x)/j) usedin equation(5.3) using color
modelsatdifferentheightslices.This putsonly occupang constraint®nthelik elihood.
However, apartfrom the hypothesisthat the given assemblyprojectsto a particular
pixel, we alsohave informationasto which part of the assemblyprojectsto the pixel.
Using this information,we canimprove resultsby includingin thelikelihoodfunction
informationavailablefrom the views aboutpossiblebody partlocations. For example,
we might be ableto find the headusinga facedetector If we have a skin detectoywe
might wantto excludethetorsofrom the setof bodypartsthatcangiverisetoit. In the
presenwork, we includeanadditionaltermin thelikelihood Pr(1(x)/7).

First, we determineheprobabilitythata particularbody parthasa particularaspect
ratio Pry,(ar). This probability is modeledasa 1D Gaussianjts meanand standard
deviation learntusing training data. Now, we considerbody partsdetectedirom the
silhouettesextractedfor the personandfind their aspectatios. Findingthevalueof the
function Pry,(ar), we assignthis valueto all pixelsbelongingto the partin the silhou-
ette. Sincethetorsois not obsered directly, we cannotdeterminethis probability for
pixelsbelongingto it andhencethey areassigned constanvalue. Sincewe have mul-
tiple silhouettesandhencemultiple probability estimategor the aspectatio at a given
pixel, we averagethemto yield a singleresult. For pixelslying outsideary silhouette,
the probability is zero. This will yield the function Pr(ar/bp) for eachpixel z and
eachbody partbp. During evaluationof anassemblywe cancomputethe valueof this
function sincewe know the projectionsof the body partsonto the image. This proba-
bility valuecanbe multiplied with the color likelihoodto yield the lik elihoodfunction
Pr(I(z)/j) usedin equation(5.3).
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Building from scratch -

Figure5.6: Schematidor the Initialization procedure

5.5 Searching for the Optimal Assembly

We believe thatthe bestassemblycanonly be found by an exhaustie searchin O(n?)
time (wheren ~ O(10)) is the numberof possibleprimitivesfor eachpart). However,
in practice,we have found that the sameresult can be obtainedin O(n) time if we
have a goodinitial estimateof the body part positions, andin O(n?) time duringthe
initialization phase We first describeheincrementascheme.

5.5.1 Incremental Algorithm

If we have a sufficiently good estimateof the currentbody part locations,we usea
greedyapproach.Theideais to first try to replaceeachpartwith candidateparts. If

the assemblywith the original part hasa higherlik elihoodthanthe oneswith any of

the new primitives,we keepthe original one. This is repeatedor differentparts. We
have found that, apartfrom beingvery fast, this methodyields the bestresults(better
thaninitialization method)sinceit is oftenthe casethat somebody partshave no good
candidatesit a particulartime step,in which casewe cankeeptheold estimate.



|

Figure5.7: Resultsof the algorithmfor a personat a particulartime instantfrom mul-
tiple perspecties.Note how the persons body partsarecorrectlydetectedeventhough
heis partially occludedirom someviews.

5.5.2 Initialization

In orderto find aninitial solution,or reinitialize the methodif the incrementaimethod
fails, we usethefollowing approachFirst, wetry to find goodleg pairs.We find K best
pairs(in O(K?) time) basedon thelik elihoodfunction by building anassemblyof just
thetwo legs. Similarly, we find K bestpairsof hands.Next, we find K bestassemblies
consistingof two handsandtwo legsusingthe handandleg pairsfoundearlier(Figure
5.6). For this step,we constructthe torso usingthe four joint locations. Finally the
headis addedandthe bestassemblyis found. Althoughthis methoddoesnot find the
optimalassemblywe have foundthatit is extremelyeffective in practiceandwith the
right choiceof K, yieldsresultsvery closeto anexhaustve search.

If computationatostis available,we canfind theresultusingbothalgorithms tak-
ing theassemblywith the higherlik elihoodasthe answer

5.6 Results

We have obtainedpromisingresultsfor the algorithm. We testedour algorithmon a
5-perspectie sequencevith two peoplepartially occludingeachotherin severalviews.
We wereableto correctlyidentify thebody partsof the peoplewhenthey wereextended
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Figure5.8: Resultsfor five framesof the sequenceNote how the motion of theleg is
correctlycaptured.

from thebody Whenthe partswerecloseto the body, the algorithmlabeledthe partas
missingandcorrectlyidentifiedthe otherparts. Figure5.7 shavs the resultobtainedat
a particulartime instantfor the sequenceFigure5.8 shows the resultsover time from
a particularview. No initialization was done, nor ary exact 3D model of the person
specified.Thealgorithmtook aboutl0s/frameonaDual 933MHzPentiumlll processor
wheremostof thetime wasspentin evaluatingdifferentassemblies.

5.7 Summary and Conclusions

We have presentednalgorithmfor body poseestimationthatdoesnot requireary ini-
tializationsor modelsto be specifiedup front andis ableto work in a crovdedscene
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sothatocclusions bothfull andpartial- arepresent.Thesefeatureamake it especially
usefulfor mary surwillanceapplications. Futurework in this areamight involve in-
vestigationof otherscuesfor body partsin animage(otherthanthe silhouettes)ike
edgemapsandtexture regions,which might help us to reducethe numberof cameras
requiredto obtaina certainquality of results.
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Chapter 6

Conclusions

In this thesis,we have addressedhe problemof surweillancein situationswherethe
densityof objectsis high.

Chapter2 presented stochastidramework for evaluationof thevisibility probabil-
ity givena certainconfigurationof sensorsn a scene.Apart from yielding important
performancecharacteristic®f multi-camerasystemsijt canbe usedto evaluatediffer-
entcameraconfigurationsandto determinethe onethatis the bestgiventhe visibility
requirements.

Chapter3 describedan algorithmfor wide areasurweillanceand monitoring using
a singlecamera.The methodusesa mixture of Gaussiarmodelto represenpixelsin
the scene. This backgroundmodel provides a meansof registeringvideo framesthat
is robustin the presencef moving objectsin the scene.The modelscanalsobe used
to detectmoving objectsin a moving camerasceneandto createpanoramicviews and
videosequencethatdo not containary moving objects.

Whenmultiple camerasareavailable,onecancoordinatebetweerthemsothatde-
tectionis doneusingall the camerasn the scene Chapter4 describedh systemfor de-
tectingandtrackingdenselylocatedmultiple objectsfrom multiple synchronizeccam-
eras.Widely separatedamerasreusedasthey provide the highestvisibility .

Chapters usedthe segmentatiormethodof Chapterd to developa systemfor body
poseestimation.Techniquedor silhouettedecompositiorare usedto identify possible
body partsin oneview. Thesearethencombinedacrossviews to build a 3D assembly
Theassemblyhaving thehighestlik elihoodis selected.

Thedistinguishingfeatureof our methodss thatthey do notrequireary initializa-
tionsor modelsto be specifiedup front andareableto work in a crovdedscenesothat
occlusions bothfull andpartial- arepresent.Dueto thesefeaturesthey canform the
basisfor afully automaticreal-timesurweillancesystemfor usein real-world scenarios
thathave a high densityof objects.
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Appendix A

Region-BasedStereo

In this section,we prove that,in the caseof a corvex objectO, the point of intersection
of the diagonalsof the quadrilateraformedby backprojectinghe end-pointsof corre-
spondingsegmentsof thatconvex objectis guaranteedo lie insidethe object;andthat
no otherpoint canbe guaranteedhus. (For a non-cowex object, this point lies inside
the corvex hull of theobject.)

We prove thiswith thehelpof anillustrationshowving the planecorrespondingo the
epipolarlines. (seeFigureA.1). Let a andb betheraysback-projectedrom theleft and
right endsof thesggmentasseerfrom thefirst cameralet c andd bethecorresponding
raysfrom thesecondcameraNow, let P, P;, P; and P, bethepointsof intersectiorof
a, b, candd asshavn in thediagram.Let P bethepointof intersectiorof thediagonals
of P,P,P;P,. Sincecameral seessomepoint on line a thatbelongsto O, andO is
guaranteedo lie betweerraysc andd, we canconcludethatthereexistsa pointonthe
line segmentP; P, thatlies on the boundaryof O. Let this pointbe calledA. Similarly,
we canconcludethe existenceof pointsfrom O online segmentsP;, P3, P3P, and P, P.
Let thesepointsbe calledB, C andD respectrely. Sincethe objectis corvex, we can
now concludethatall pointslying insidethe quadrilateraABCD alsolie within O.

Now, considerthe line segmentAB. Omitting details,we caneasilyprove thatthe
point P liesonthesamesideof AB asthequadrilaterald BC' D. Similarly, we canprove
that P liesonthesamesideof lines BC', CD and D A asthequadrilateralA BC'D. But
thismeanghat P liesinside ABC D, hencensideO.

For ary point P’ otherthan P, it is possibleto placeA, B, C andD suchthatthe
point P’ lies outsidethe quadrilateralABCD. For, it mustlie on onesideof atleastone
of thelines P, P; and P, Py. If it liesonthesideof P, P; towards P, thenwe canplace
AB suchthat P’ lies on the side of AB towards P, thusimplying thatit lies outside
ABCD.

Thereforethepoint P is the only pointguaranteedb lie insideO.
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‘ ‘ ¢ bacm)rojection
| : rom the segmen
segment from camera 1 as seen fr%m

back-projected results the second came

Figure A.1: lllustration for Appendix- shaws that, for a corvex object, the point of
intersectionof the diagonalsof the quadrilateralformed by back-projectingthe end-
pointsof the matchedseggmentss the only pointguaranteedo lie insidethe object
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Point of intersection of
the back-projected
centers

Point of intersection
of the diagonals of
the quadrilateral
ABCD

Cam] C'am?

Centers of corresponding line segments

FigureA.2: Shavsthatthe standardnethodof intersectinghe projectionof thecenters
of correspondingegmentsmayresultin a 3D point outsidethe object,but the point of
intersectionof the diagonalsof quadrilateralABCD is alwaysinsidethe objectif it is

assumedo be cornvex.
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Appendix B

Codefor Visibility Analysis

#define PI 3.1416
#defi ne SCALE 5

inline int sqgr(int x){return(x*x);}
int updatevar(int var[], int i, int ncam{

var[i-1] = var[i-1]+1;
if (var[i-1] >= ncan){

if (i == 1) return 1;
i f (updatevar(var, i-1, ncam1l)) return 1
var[i-1] = var[i-2]+1;

}

return O,

mai n(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]);

i nt maxangle = atoi(argv[7]);
fl oat pden = atof (argv[8]);

int index = 9;

i nt pcanx|[ 100], pcany[100], hcani 100];

for (int cammo = 0; cammo < ncany canmmo++){
pcanx[ canmo] atoi (argv[index++]);
pcany[ cammo] atoi (argv[index++]);
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hcanf cacmo] = atoi (argv[i ndex++]) - phei ght;

}

float nmu_rat[100];

float m ncandi st[100];

for (cammo = 0; cammo < ncany cammo++){
float mu = (float) hvis/(float) hcan{cammo];
mu_rat[ camo] = mu/ (mu+l. 0);

m ncandi st [ camo]

}

= hcanf cammo] / t an( maxangl e* Pl / 180. 0) ;

fl oat probinf MAXY] [ MAXX] ;

fl oat doccl[100];
int var[100];
float tenp, tenp2;

for (int yi = 0; vyi
for (int xi = 0; Xi
Int x = SCALE*xi ,

<si zey/ SCALE; yi ++)
<si zex/ SCALE; xi ++){
y = SCALE*yi ;

for (int cacmmo = 0; cammo < ncany camo++){

fl oat di stcam =

sgrt(sqgr(x - pcanx[cammo])

+ sqr(y - pcany[camo]));

if (distcam> m
doccl [ camo]

ncandi st [ cammo] )
= di stcanmfmu_rat[ camo] ;

el se doccl[camo] = -1.0;

}

prob[yi][xi] = 0.0;

float sign = -1.0;

for (int k =1; k
sign = -sign

<= ncam k++){

for (int i=0; i<k; i++)

var[i] =1;

int endcond = O;

whil e (!endcond) {
fl oat sundi soccl
for (int i=0; (i

= 0.0;
<k) && (sundisoccl > -0.5); i++){

if (doccl[var[i]] >= 0.0) sundisoccl += doccl[var[i]];
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el se sundi soccl = -1.0;

}

float a = 1.0/ (pden*2. 0*prad*sundi soccl);
float b = PI*2. 0*prad/ sundi soccl ;
i f (sundisoccl >= 0.0)
probinfyi][xi] += sign*exp(-(2.0*a-b)/(2.0*a*(a-b)));

endcond = updatevar(var, k, ncam

111}
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