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Abstract

Given three or four synchronizedvideostaken at eye
level and from different angles,we showthat we can ef-
fectivelyusedynamicprogrammingto accuratelyfollow up
to six individualsacrossthousandsof framesin spiteof sig-
ni�cant occlusions.In addition, we also derivemetrically
accuratetrajectoriesfor each oneof them.

Our main contribution is to show that multi-person
tracking can be reliably achievedby processingindividu-
al trajectoriesseparately over long sequences,provided
that a reasonableheuristic is usedto rank theseindividu-
alsandavoidconfusingthemwith oneanother. In thisway,
we achieve robustnessby �nding optimal trajectoriesover
many frameswhile avoiding the combinatorialexplosion
that would result from simultaneouslydealingwith all the
individuals.

1. Intr oduction
In this paper, we show that we caneffectively usedy-

namicprogrammingin situationssuchasthosedepictedby
Fig. 1 to keeptrackof peoplewhooccludeeachother. This
resultsin a fully automatedsystemthat cantrack up to 6
peoplein a roomfor severalminutesusingonly four cam-
eras,without producingany falsepositivesor falsenega-
tives in spiteof severeocclusionsand lighting variations.
As shown in Fig. 1, our systemalsoprovideslocationesti-
matesthatareaccurateto within a few tensof centimeters.

We combineprobabilitiesof occupancy of the ground
planethatarecomputedateachtimestepindependently[3]
with color andmotion modelsthat let us enforcetemporal
continuity. In contrastto most state-of-the-artalgorithms
that recursively updateestimatesfrom frameto frameand
may thereforefail catastrophicallyif dif�cult conditions
persistover several consecutive frames,our algorithmcan
handlesuchsituations,sinceit computesglobal optimaof
scoressummedover many frames.This givesus greatro-
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Figure 1. Top row: tracking results. Bottom
row: cum ulative distrib utions of the position
estimate error on a 3800-frame sequence .
See x6.1 for details.

bustnessto dataloss:Asshownin Fig.1, thereisnomeasur-
ableperformancedecreaseif asmany as20%of theimages
arelost,andonly a smalloneif 30%are.

More speci�cally, we processthe video sequencesby
batchesof onehundredframesandusedynamicprogram-
ming to computethemostlikely trajectoryof eachindivid-
ual. This batchprocessingintroducesa 4s delay, but this
is quite acceptablefor many surveillanceapplications.To
achieveconsistency overthewholesequence,weonly keep
theresultontheten�rst framesandslideourtemporalwin-
dow by tenframes.To handleentrancesanddepartures,we
considera virtual hiddenlocation containinga very large
numberof people,eachwith a very small probability of
enteringthe visible scene. Our mathematicalframework
treatsthe visible andhiddenindividualssimilarly anden-



trancesoccurwhenimagedatamakestheoptimaltrajectory
of someonelocatedin thehiddenlocationcrossinto thevis-
ible space.

Ourmaincontributionis to show thatmulti-persontrack-
ing canbereliablyachievedby processingindividualtrajec-
toriesseparatelyover long sequences,given that a reason-
able heuristicis usedto rank theseindividuals and avoid
confusingthem with one another. Processingtrajectories
individually lets us avoid the combinatorialexplosionthat
would result from explicitly dealingwith the joint poste-
rior distributionof thelocationsof individualsin eachframe
over a �ne discretization.This is what letsuscomputetra-
jectoriesthatareoptimalovermany frames.

2. RelatedWork

State-of-the-artmethodscanbe divided into monocular
and multi-view approachesthat we brie�y review in this
section.While our own methodsharesmany featureswith
thesetechniques,it differsin two importantrespects.First,
we rely on dynamicprogrammingto ensuregreaterstabil-
ity in challengingsituationsby simultaneouslytaking into
accountmultiple frames. Second,it relieson a discretiza-
tion of thefull areaof interest,andis thereforeableto deal
with very �at distributions.Finally, our approachcombines
theusualcolor andmotionmodelswith a sophisticatedes-
timationof theprobabilityof occupancy.

2.1. Monocular approaches

Approachesthatperformtrackingin a singleview prior
to computingcorrespondencesacrossviews typically rely
on extractinggroupsof pixels,which canthenbeassigned
to individual people[6, 2, 8]. Tracking performancecan
besigni�cantly increasedby takingcolor into account.For
example,in [9], the imagesaresegmentedpixel-wiseinto
differentclasses,thusmodelingpeopleby continuouslyup-
datedGaussianmixtures. A standardtracking processis
thenperformedusinga Bayesianframework, which helps
keeptrack of peopleunderocclusion. When sucha case
occurs,modelsof visible personskeepbeingupdated,but
the updateof occludedonesstops. This may causetrou-
ble if theirappearanceshavechangednoticeablywhenthey
reemerge.

More recently, multiple humanshave beensimultane-
ously detectedand tracked in crowded scenes[16] using
Monte-Carlo-basedmethodsto estimatetheir numberand
positions. In [13], multiple peopleare also detectedand
trackedin front of complex backgroundsusingmixturepar-
ticle �lters guidedby peoplemodelslearntby boosting.In
[5], multi-cue3D objecttrackingis addressedby combin-
ing particle-�lter basedBayesiantrackinganddetectionus-
ing learntspatio-temporalshapes.This approachleadsto
impressiveresultsbut requiresshape,texture,andstereoin-

formationasinput. Finally [15] proposesaparticle-�ltering
schemewith a MCMC optimizationwhich handlesnatu-
rally entrancesanddepartures,andintroducesa �ner mod-
eling of interactionsbetweenindividuals as a productof
pairwisepotentials.

2.2. Multi­view Approaches

Despitethe effectivenessof suchmethods,the useof
multiplecamerassoonbecomesnecessarywhenonewishes
to accuratelydetectandtrackmultiple peopleandcompute
their precise3D locationsin a complex environment. Oc-
clusionhandlingmay be facilitatedby theuseof 2 setsof
stereocolorcameras[10]. However, in mostapproachesthat
only take a setof 2D views as input, occlusionis mainly
handledusingthe temporalconsistency broughtby a mo-
tion model,whetherfrom Kalman�ltering or moregeneral
Markov models.As a result,theseapproachesmaynot al-
waysbeableto recover if theprocessstartsdiverging.

Blob-basedMethods In [11], Kalman�ltering is applied
on3D pointsobtainedby fusingin a least-squaressensethe
image-to-world projectionsof points belongingto binary
blobs.In [1], aKalman�lter is usedto simultaneouslytrack
in 2D and3D, andobject locationsareestimatedthrough
trajectorypredictionduringocclusion.

In [4], a best-hypothesisanda multiple-hypothesisap-
proachesarecomparedto �nd peopletracksfrom 3D loca-
tionsobtainedfrom foregroundbinaryblobsextractedfrom
multiple calibratedviews. In [14], silhouette-basedvisual
anglesareobtainedfrom motionblobs.In caseof occlusion
ambiguities,multiple occlusionhypothesesare generated
given predictedobject statesand previous hypotheses.A
Bayesianframework is appliedto testmultiple hypotheses
usinga statetransitionmodel,a dynamicsmodelfor transi-
tionsbetweenocclusionstructuresandthemeasurements.

Color-BasedMethods [12] proposesa systemthat seg-
ments,detectsandtracksmultiple peoplein a sceneusing
a wide-baselinesetupof up to 16 synchronizedcameras.
Intensity information is directly usedto perform single-
view pixel classi�cation and match similarly labeledre-
gionsacrossviewsto derive3D peoplelocations.Occlusion
analysisisperformedin two ways.First,duringpixelclassi-
�cation, thecomputationof prior probabilitiestakesocclu-
sioninto account.Second,evidenceis gatheredacrosscam-
erasto computea presencelikelihoodmapon the ground
planethat accountsfor the visibility of eachgroundplane
point in eachview. Groundplanelocationsarethentracked
over timeusingaKalman�lter .

In [7], individualsaretrackedboth in imageplanesand
top view. The 2D and3D positionsof eachindividual are
computedso asto maximizea joint probability de�ned as
theproductof a color-basedappearancemodeland2D and
3D motionmodelsderivedfrom a Kalman�lter .



Table 1. Notations

We usebold lettersfor vectorsanddrop the indicesto denote
a vectorof valuescorrespondingto several valuesof the said
indices,for exampleL t andL n below.

C numberof cameras

G numberof locationsin thegrounddiscretization(' 1000)

T numberof framesprocessedin onebatch(T = 100)

t frameindex

I t imagesfrom all thecamerasI t = (I 1
t ; : : : ; I C

t )

B t binary imagesgeneratedby the backgroundsubtraction
B t = (B 1

t ; : : : ; B C
t )

T t textureinformation

N � virtual numberof people,includingthenon-visibleones

L t vectorof peoplelocationson the groundplaneor in the
hiddenlocationL t = (L 1

t ; : : : ; L N �

t ) Eachof theseran-
domvariablestakesvaluesinto f 1; : : : ; G; Hg, whereH
is thehiddenplace.

L n trajectoryof individualn, L n = (L n
1 ; : : : ; L n

T )
� c

n colordistributionof individualn from camerac

X k
t booleanrandomvariablestandingfor theoccupancy of lo-

cationk on thegroundplane
�
X k

t = 1
�

, (9q; L q
t = k)

3. Overview and Notations

Here, we give a short overview of the completealgo-
rithm, beforegoing into moredetailsin the following sec-
tion. Fromnow on, we will usethenotationssummarized
by Table.1.

We processthevideosequencesby batchesof T = 100
frames,eachof which includesC images,andcomputethe
mostlikely trajectoryfor eachindividual. To achieve con-
sistency oversuccessivebatches,weonly keeptheresulton
the�rst tenframesandslideour temporalwindow.

For agivenbatch,let L t = (L 1
t ; : : : ; L N �

t ) bethehidden
stochasticprocessesstandingfor the locationsof individu-
als,whethervisibleor not. Assumingthatthevisiblepartof
thegroundplanehasbeendiscretizedinto a�nite numberG
of regularlyspaced2–Dlocations,theL n

t variablestakedis-
cretevaluesin the rangef 1; : : : ; G; Hg, whereH denotes
ahiddenlocation.ThenumberN � standsfor themaximum
allowablenumberof individuals in our world. It is large
enoughso thatconditioningon thenumberof visible indi-
vidual doesnot changetheprobabilityof a new individual
enteringthescene.

GivenI t , our taskis thereforeto �nd thevaluesof theL t

thatmaximizeP(L 1; : : : ; L T j I 1; : : : ; I T ).

3.1. StochasticModeling

Our optimizationschemeoptimizestrajectoriessucces-
sively, andtheoptimizationof anindividualtrajectoryrelies
onanappearancemodelandamotionmodel.

TheappearancemodelP(I t j L n
t = k) is a combination

of two terms. The �rst is an estimateof theprobabilityof
occupancy of thegroundplanethatis computedateachtime
stepindependently[3] given the outputof a simpleback-
groundsubtractionalgorithm. It is depictedby Fig. 2. The
secondis a very genericcolor-histogrambasedmodel for
eachindividual. Note that thegroundplaneoccupancy es-
timatesaysnothingaboutidentity or correspondencewith
pastframes.Theappearancesimilarity is entirelyconveyed
by the color histograms,which hasexperimentallyproved
suf�cient for our purposes.

The motionmodelP(L n
t +1 j L n

t = l) is simply a distri-
bution into a discof limited radius,which correspondsto a
looseboundon themaximumspeedof a walkinghuman.

Entranceinto the sceneanddeparturefrom it arenatu-
rally modeledthanksto the hiddenlocationH , for which
weextendthemotionmodel.Theprobabilitiesto enterand
to leave aresimilar to the transitionprobabilitiesbetween
differentgroundplanelocations.

3.2. Optimization

Given this model,we computethe optimal trajectories
over the whole batch,one individual at a time, including
thehiddenoneswhocanmoveinto thevisiblesceneor not.
Foreachone,thealgorithmperformsthecomputationunder
theconstraintthatno individualcanbeat a visible location
occupiedby anindividualalreadyprocessed.

In theory, this approachcould leadto undesirablelocal
minima,for exampleif our algorithmconnectedthetrajec-
toriesof two separatepeople.However, this doesnot hap-
penoftenbecauseour batchesaresuf�ciently long. To fur-
therreducethechancesof this,weprocessindividualtrajec-
toriesin anorderthatdependson a reliability scoresothat
themostreliableonesarecomputed�rst, therebyreducing
thepotentialfor confusionwhenprocessingtheotherones.
This orderalsoensuresthat if an individual remainsin the
hiddenlocation,all the otherpeoplepresentin the hidden
locationwill alsostaythere,andthereforedonotneedto be
processed.

Our experimentalresultsshow thatour methoddoesnot
suffer from theusualweaknessesof greedyalgorithms,such
asa tendency to getcaughtin badlocalminima.

4. StochasticModeling
We computetheMAP of P(L 1; : : : ; L T j I 1; : : : ; I T ) by

processingtrajectoriesindividually. We show in x5.1 that
this requiresonly modelingat a given frame t the condi-
tional distribution P(I t j L n

t = k) of the imagesgiven the
locationof oneindividual. Wedescribethismodelingin the
presentsection.

FromtheinputimagesI t , weusebackgroundsubtraction
to producebinarymasksB t andthepixelsinsidetheblobs



T t . The restof the imagesis treatedas backgroundand
ignored.We have:

Appearancemodel
z }| {
P(I t j L n

t = k) =
P(I t )

P(L n
t = k)

P(L n
t = k j I t )

/ P(L n
t = k j B t ; T t )

= P(L n
t = k; X k

t = 1j B t ; T t )

= P(L n
t = k j X k

t = 1; B t ; T t ) P(X k
t = 1j B t ; T t )

= P(L n
t = k j X k

t = 1; T t )| {z }
Color model

P(X k
t = 1j B t )| {z }

Groundplaneoccupancy

whereP(L n
t = k j X k

t = 1; T t ) is basedon the color
model andP(X k

t = 1j B t ) is an estimateof the ground
planeoccupancy.
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Figure 2. Original images from two cameras
(a), binar y images produced by backgr ound
subtraction (green) and synthetic average
images computed from them (b). The sur -
face on (c) represents the corresponding oc-
cupanc y probabilities � k on the grid.

4.1. Estimating Ground PlaneOccupancy

The�rst moduleof our trackingalgorithmis aframe-by-
framepeopledetectorthat takesasinput thebinary masks
B t generatedby asimplebackgroundsubtractionalgorithm
andcomputesfor eachlocationin thegroundplanethecon-
ditional marginal probability of presenceof an individual.
To this end,we have slightly improved our earlierFixed-
Point ProbabilityField (FPPF)algorithm[3] by including
adhocdescriptionsof potentiallymoving partsof theback-
ground,suchassliding doors. This is legitimatesincethe
cameraenvironmentis �x edandknown.

After discretizationof the groundplaneinto a regular
grid (Fig. 2.b),this algorithmprovidesfor every locationk
with anestimateof

� k = P(X k
t = 1j B 1

t ; : : : ; B C
t ) (1)

whereX k
t standsfor theoccupancy of locationk at time t

by any individual.
Thecorrespondencebetweenground-planelocationsand

thecameraviews is providedby themean,for every cam-
era,of acollectionof rectanglesstandingfor humanshapes
locatedat every positionof thegrid (Fig. 2.b). Thoserect-
anglesarecomputedfrom theaveragehumanheightandthe
homographymappingthegroundplanein thecameraview.

4.2. Color model

We assumethatif somebodyis presentat a certainloca-
tionk, herpresencein�uencesthecolorof thepixelslocated
at the intersectionof the moving blobs and the rectangle
correspondingto thelocationk. Wemodelthatdependency
asif thepixelswereindependentandidenticallydistributed
andfolloweda densityin theRGB spaceassociatedto the
individual.

If an individual waspresentin theframesprecedingthe
currentbatch,we have an estimationof her distribution,
sincewe have previously collectedthepixels in all frames
at the locationsof her estimatedtrajectory. If sheis at the
hiddenlocationH , hercolordistribution is �at.

Let T c
t (k) denotethe pixels taken at the intersectionof

the binary imageproducedby the backgroundsubtraction
from thestreamof camerac at time t andtherectanglecor-
respondingto locationk in thatsame�eld of view (Fig.2.b).

Let � c
1; : : : ; � c

N � bethecolor distributionsof theN � in-
dividualspresentin thesceneatthebeginningof thecurrent
batchof T frames,for camerac. We have

Color model
z }| {
P(L n

t = k j X k
t = 1; T t ) =

P(L n
t = k; X k

t = 1; T t )P
q P(L q

t = k; X k
t = 1; T t )

=
P(L n

t = k; T t )P
q P(L q

t = k; T t )
=

P(T t j L n
t = k)

P
q P(T t j L q

t = k)



where

P(T t j L n
t = k) = P(T 1

t (k); : : : ; T C
t (k) j L n

t = k)

=
CY

c=1

Y

� 2 T c
t (k )

� c
n (� )

4.3. Motion model

We optedfor a very unconstrainedand simple motion
modelP(L t = k j L t � 1 = � ). It simply limits the max-
imum speedallowed for the tracked peopleby beingzero
for jjk � � jj greaterthana maximumdistanceandconstant
otherwise.We chosea tolerantmaximumdistanceof one
squareof thegrid per frame,which correspondsto a speed
of almost12mph.Wealsode�nedexplicitly thepartsof the
scenethatareconnectedto thehiddenlocationH . This is a
singledoor in the indoorsequencesandall thecontoursof
thevisibleareain theoutdoorsequences.

5. Optimization

We �rst describehow wecomputetheoptimaltrajectory
of a persongivena batchof images.We thendescribethe
whole optimizationschemethat processestrajectoriesone
afteranotherandheuristicallychoosesanadequateprocess-
ing order.

5.1. Singletrajectory

We considerin the following only the trajectoryL n =
(L n

1 ; : : : ; L n
T ) of individual n over T frames. We are

looking for the trajectory (ln
1 ; : : : ; ln

T ), taking values in
f 1; : : : ; G; Hg whereH is a hiddenlocation. The initial
locationln

1 is eithera known visible locationif theindivid-
ual is visible in the �rst frameof the batch,or H if sheis
not. Thescoreto maximizeis

P(L n
1 = ln

1 ; : : : ; L n
T = ln

t j I 1; : : : ; I T )

=
P(I 1; L n

1 = ln
1 ; : : : ; I T ; L n

T = ln
T )

P(I 1; : : : ; I T )

If we introducethemaximumof theprobabilityof boththe
observationsandthemostprobabletrajectoryendingup at
locationk at time t

	 t (k) = max
l n
1 ;::: ;l n

t � 1

P(I 1; L n
1 = ln

1 ; : : : ; I t ; L n
t = k)

wecanusethewell-known Viterbi algorithm

	 t (k) = P(I t j L n
t = k)

| {z }
Appearancemodel

max
�

P(L n
t = k j L n

t � 1 = � )
| {z }

Motion model

	 t � 1(� )

to performa globalsearchwith dynamicprogramming.

5.2. Multiple trajectories

Givena batchof T framesI = (I 1; : : : ; I T ), we wantto
maximizetheposteriorconditionalprobability

P(L 1 = l1; : : : ; L N �

= lN �

j I ):

We assumethat optimizing trajectoriesaltogetheris the
sameas optimizing one trajectoryafter another, provided
thatit is donein anadequateorder. We arethuslooking for

l̂1 = argmax
l

P(L 1 = l j I );

l̂2 = argmax
l

P(L 2 = l j I ; L 1 = l̂1);

...

l̂N �

= argmax
l

P(L N �

= l j I ; L 1 = l̂1; L 2 = l̂2; : : :):

Suchaprocedureis correctundertheassumptionthataterm
of theform P(L n = l j L 1 = l̂1; : : : ; L n � 1 = l̂n � 1; I ) can
not besubstantiallyincreasedby choosingdifferenttrajec-
toriesl̂1; : : : ; l̂n � 1, at leastnot enoughto changethemax-
imum. This is true in our case,as long asthe trajectories
l̂1; : : : ; l̂n � 1 do not steallocationsusefulto l̂n . We ensure
thatpropertyby usinganheuristicto ranktheprocessingof
theindividuals.Notethatunderourmodelwe have

P(L n = l j I ; L 1 = l̂1; : : : ; L n � 1 = l̂n � 1)

= P(L n = l j I ; 8k < n; 8t; L n
t 6= l̂k

t );

which canbeseenasP(L n = l j I ) with a reductionof the
admissiblelocationsin thegrid.

We�rst extendthetrajectoriesthathavebeenfoundwith
con�dence in the previous batches. We then processthe
lower con�denceones. As a result,a low probability tra-
jectory, thatis likely to beproblematicin thecurrentbatch,
will be optimizedlast and thus preventedfrom “stealing”
somebodyelse's location. Furthermore,this approachin-
creasesspatialconstraintson sucha problematictrajectory
whenwe �nally getaroundto modelingit.

To this end,we useasa rankingscoretheconcordance
of theestimatedtrajectoriesin thepreviousbatchesandthe
localizationcueprovidedby FPPF. Sincethereis ahighde-
greeof overlappingbetweensuccessive batches,the chal-
lengingsegmentof a trajectory– dueto failureof theback-
groundsubtractionor changein illumination for instance–
is met in several batchesbeforeit actuallyhappensduring
thetenkeptframes.Thus,theheuristicwould have ranked
thecorrespondingindividualin thelastonesto beprocessed
whentheproblemoccurs.

Thisheuristicnaturallypushesthetrajectoriesstartingin
thehiddenlocationH – thosenot visible in the �rst frame
of thebatch– to theendof thecomputation.Thealgorithm
doesnot actuallycomputeall the N � trajectories:It stops



assoonasoneof theprocessedoneremainsin thehidden
location for the completebatchof frames,sinceall other
not-yet-processedindividualsareidenticalandwoulddothe
same.

6. Results
We estimatedtheperformanceof our algorithmon sev-

eral sequencesshot indoor with four camerasandoutdoor
with threecameras. The indoor sequencesinvolve up to
six peopleand trajectoriesmore complex than what hap-
pensusuallyin real-life situations.Theoutdoorsequences
wereshoton our campusand involve peoplegoing about
their normalbusiness,whosetrajectoriesareactuallysim-
pler. In all our experiments,thecamerasaremountedat,or
justabove,headlevel, andmany occlusionsoccur.

Becausethe observed area is discretizedinto a �nite
numberof positions,we linearly interpolatethetrajectories
on theoutputimagesto smooththem.

6.1. Indoor sequences

Theindoorsequenceswereshotby a video-surveillance
dedicatedsetupof 4 synchronizedcamerasin a50m2 room.
Two cameraswereroughlyatheadlevel (' 1:80m) andthe
two othersslightly higher (' 2:30m). They were located
at eachcornerof the room. Thesequencesareabout3000
frameslong andinvolveup to six individuals.

The areaof interestwasof size5:5m � 5:5m ' 30m2

anddiscretizedinto G = 28 � 28 = 794 locations,corre-
spondingto a regulargrid with a 20cmresolution.

Onall thosesequences,thealgorithmperformsverywell
anddoesnot loseasingleoneof thetrackedpersons.To in-
vestigatethespatialaccuracy of ourapproach,wecompared
theestimatedlocationswith theactuallocationsof theindi-
vidualspresentin theroomasfollows.

We picked 100 framesat randomamongthe complete
four individual sequenceandmarked by handa reference
point locatedon thebelly of every personpresentin every
cameraview. For eachframeandeachindividual,from that
referencepoint andthecalibrationof thefour cameras,we
estimateda ground location. Sincethe 100 frameswere
taken from a sequencewith four individuals enteringthe
roomsuccessively, we obtained354locations.

We then computedthe distancebetweenthis ground-
truth andthe locationsestimatedby thealgorithm. There-
sultsaredepictedby the bold curve on Fig. 1. More than
90%of thoseestimatesareat a distanceof lessthan31cm
and 80% of less than 25cm. We also computedsimilar
curvesafterhaving replaceda certainpercentageof images
taken randomlyover the completesequenceby blank im-
ages.Theaccuracy remainsunchangedfor an erasingrate
ashigh as20%. Theperformanceof thealgorithmstartsto
get worsewhenwe get ride of onethird of the images,as
shown with thethin curvesonFig. 1.

6.2. Outdoor sequences
Theoutdoorsequenceswereshotin front of theentrance

of a building on our campus.We usedthreestandardand
unsynchronizedDigital Video camerasand synchronized
the video streamsby handafterward. All cameraswere
at headlevel (' 1:80m) covering the areaof interestfrom
threeangles.Thegroundis �at with a regularpavement.

Theareaof interestis of size10m � 10m anddiscretized
into G = 40� 40= 1600locations,correspondingto areg-
ular grid with a resolutionof 25cm. Up to four individuals
appearsimultaneously. Despitedisturbingin�uence of ex-
ternalelementssuchasshadows, a sliding door, carspass-
ing by, andthefactthatpeoplecanenterandexit thetracked
areafrom anywhere,the algorithmperformswell andfol-
lowspeopleaccurately. In many cases,becausethecameras
are not locatedideally, individuals appearon one stream
alone.They arestill correctlylocalizeddueto boththetime
consistency andthe rectangle-matchingof FPPF, which is
able to exploit the size of the blobs even in a monocular
context. On outdoorsequencesaswell, thealgorithmdoes
not produceonefalsepositive or falsenegative, nor make
confusionbetweenindividuals.

7 Conclusion
We have presentedan algorithmthat canreliably track

multiple personsin a complex environment and provide
metrically accurateposition estimates. This is achieved
throughglobal optimizationof their trajectoriesover 100-
framebatches.This introducesa 4 seconddelaybetween
imageacquisitionandoutputof the results,which we be-
lieve to becompatiblewith many surveillanceapplications
giventherobustnessincreaseit offers.

Therearemany possibleextensionsof this work. The
most obvious ones are improvementsof our stochastic
model. Thecolor modelcouldbere�ned by splitting bod-
iesinto severaluniform partsinsteadof relying on thei.i.d.
assumption.Similarly, the motion model could take into
accountconsistency of speedanddirection. Modeling the
avoidancestrategiesbetweenpeoplewould alsohelp.

Besidethosestraightforwardimprovements,a moream-
bitiousextensionwouldbeto usethecurrentschemeto au-
tomaticallyestimatetrajectoriesfrom a large setof video,
from which one could then learn sophisticatedbehavior
models.
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