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Abstract

Given three or four syndironizedvideostaken at eye
level and from different angles,we showthat we can ef-
fectivelyusedynamicprogrammingto accuratelyfollow up
to sixindividualsacrossthousand®f framesn spiteof sig-
ni cant occlusions.In addition, we also derive metrically
accumatetrajectoriesfor each oneof them.

Our main contribution is to show that multi-person
tracking can be reliably achieved by processingindividu-
al trajectories sepantely over long sequencesprovided
that a reasonableheuristicis usedto rank theseindividu-
als andavoid confusingthemwith oneanother In thisway;
we achieve robustnesdy nding optimal trajectoriesover
many frameswhile avoiding the combinatorial explosion
that would resultfrom simultaneoushdealing with all the
individuals.

1. Intr oduction

In this paper we showv that we can effectively usedy-
namicprogrammingn situationssuchasthosedepictedcby
Fig. 1 to keeptrack of peoplewho occludeeachother This
resultsin a fully automatedsystemthat cantrack up to 6
peoplein aroomfor several minutesusingonly four cam-
eras,without producingary falsepositives or false nega-
tivesin spite of severe occlusionsand lighting variations.
As shavnin Fig. 1, our systemalsoprovideslocationesti-
mateshatareaccurateo within afew tensof centimeters.

We combineprobabilitiesof occupang of the ground
planethatarecomputecdat eachtime stepindependently3]
with color andmotion modelsthatlet us enforcetemporal
continuity. In contrastto most state-of-the-aralgorithms
that recursvely updateestimatesrom frameto frameand
may thereforefail catastrophicallyif dif cult conditions
persistover several consecutie frames,our algorithmcan
handlesuchsituations,sinceit computegglobal optimaof
scoressummedover mary frames. This givesus greatro-
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Figure 1. Top row: tracking results. Bottom
row: cumulative distrib utions of the position
estimate error on a 3800-frame sequence .
See x6.1 for details.

bustnesso dataloss: As shovnin Fig. 1, thereisnomeasur
ableperformancealecreasd# asmary as20%of theimages
arelost,andonly asmalloneif 30%are.

More speci cally, we processthe video sequencedy
batchesf one hundredframesand usedynamicprogram-
ming to computethe mostlik ely trajectoryof eachindivid-
ual. This batchprocessingntroducesa 4s delay but this
is quite acceptabldor mary sunweillanceapplications.To
achieve consisteng overthewholesequenceye only keep
theresultontheten rst framesandslide ourtemporalwin-
dow by tenframes.To handleentrancesnddeparturesywe
considera virtual hiddenlocation containinga very large
numberof people,eachwith a very small probability of
enteringthe visible scene. Our mathematicaframeavork
treatsthe visible and hiddenindividuals similarly and en-



tranceoccurwhenimagedatamakesthe optimaltrajectory
of someonédocatedin thehiddenlocationcrossinto thevis-
ible space.

Ourmaincontributionis to shav thatmulti-persortrack-
ing canbereliably achievedby processingndividualtrajec-
toriesseparatelyver long sequencegjiventhata reason-
able heuristicis usedto rank theseindividuals and avoid
confusingthem with one another Processingrajectories
individually lets us avoid the combinatorialexplosionthat
would result from explicitly dealingwith the joint poste-
rior distribution of thelocationsof individualsin eachframe
overa ne discretization.Thisis whatlets us computetra-
jectoriesthatareoptimal over mary frames.

2. Related Work

State-of-the-arimethodscanbe divided into monocular
and multi-view approacheshat we briey review in this
section. While our own methodshareanary featureswith
thesetechniquesit differsin two importantrespectsFirst,
we rely on dynamicprogrammingto ensuregreaterstabil-
ity in challengingsituationsby simultaneouslytaking into
accountmultiple frames. Second,t relieson a discretiza-
tion of thefull areaof interest,andis thereforeableto deal
with very at distributions.Finally our approachcombines
the usualcolor andmotion modelswith a sophisticateabs-
timationof the probability of occupang.

2.1 Monocular approaches

Approacheshatperformtrackingin a singleview prior
to computingcorrespondencescrossviews typically rely
on extractinggroupsof pixels, which canthenbe assigned
to individual people[6, 2, 8]. Tracking performancecan
besigni cantly increasedy takingcolorinto account.For
example,in [9], the imagesare segmentedpixel-wiseinto
differentclassesthusmodelingpeopleby continuouslyup-
datedGaussiarmixtures. A standardtracking processis
then performedusing a Bayesianframeawork, which helps
keeptrack of peopleunderocclusion. Whensucha case
occurs,modelsof visible personkeepbeing updated but
the updateof occludedonesstops. This may causetrou-
bleif theirappearancdsave changecdhoticeablywhenthey
reemege.

More recently multiple humanshave beensimultane-
ously detectedand tracked in crowded sceneq16] using
Monte-Carlo-basedhethodsto estimatetheir numberand
positions. In [13], multiple peopleare also detectedand
trackedin front of complex backgroundsisingmixture par
ticle lters guidedby peoplemodelslearntby boosting.In
[5], multi-cue 3D objecttrackingis addressedby combin-
ing particle- Iter basedBayesiartrackinganddetectionus-
ing learntspatio-temporashapes.This approachieadsto
impressve resultsbut requiresshapetexture,andsterean-

formationasinput. Finally [15] proposes particle- Itering
schemewith a MCMC optimizationwhich handlesnatu-
rally entrancesinddeparturesandintroducesa ner mod-
eling of interactionsbetweenindividuals as a product of
pairwisepotentials.

2.2 Multi-view Approaches

Despitethe effectivenessof suchmethods,the use of
multiple camerasoonbecomesecessarwhenonewishes
to accuratelydetectandtrack multiple peopleandcompute
their precise3D locationsin a complex ervironment. Oc-
clusionhandlingmay be facilitatedby the useof 2 setsof
stereacolorcameras[1D However, in mostapproachethat
only take a setof 2D views asinput, occlusionis mainly
handledusingthe temporalconsisteng broughtby a mo-
tion model,whetherfrom Kalman Itering or moregeneral
Markov models.As aresult,theseapproachesay not al-
waysheableto recoverif the processtartsdiverging.

Blob-basedMethods In [11], Kalman ltering is applied
on 3D pointsobtainedoy fusingin aleast-squaresensehe
image-to-vorld projectionsof points belongingto binary
blobs.In [1], aKalman Iter is usedto simultaneouslyrack
in 2D and 3D, and objectlocationsare estimatedhrough
trajectorypredictionduringocclusion.

In [4], a best-hypothesiand a multiple-hypothesisp-
proachesarecomparedo nd peopletracksfrom 3D loca-
tionsobtainedrrom foregroundbinaryblobsextractedfrom
multiple calibratedviews. In [14], silhouette-basedisual
anglesareobtainedrom motionblobs.In caseof occlusion
ambiguities,multiple occlusionhypothesesre generated
given predictedobject statesand previous hypotheses.A
Bayesianframeanwork is appliedto testmultiple hypotheses
usinga statetransitionmodel,a dynamicsmodelfor transi-
tionsbetweerocclusionstructuresandthe measurements.

Color-BasedMethods [12] proposesa systemthat sey-

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-

gionsacrosssiewsto derive 3D peopleocations.Occlusion
analysids performedn two ways. First, duringpixel classi-
cation, the computatiorof prior probabilitiestakesocclu-

sioninto account.Secondgvidenceis gatheredcrossam-

erasto computea presencdik elihood map on the ground
planethat accountdor the visibility of eachgroundplane
pointin eachview. Groundplanelocationsarethentracked

overtime usingaKalman lter .

In [7], individualsaretracked bothin imageplanesand
top view. The 2D and 3D positionsof eachindividual are
computedso asto maximizea joint probability de ned as
the productof a color-basedappearancenodeland2D and
3D motionmodelsderivedfrom a Kalman Iter .



Table 1. Notations

We usebold lettersfor vectorsand drop the indicesto denote
a vector of valuescorrespondingo several valuesof the said
indices,for exampleL andL" belaw.

C numberof cameras

G numberof locationsin thegrounddiscretizatior(" 1000

T numberof framesprocessedh onebatch(T = 100)

t frameindex
. imagedrom all thecameras; = (I{L;:::;It
B: binary imagesgeneratedby the backgroundsubtraction
Bt = (Bf;:::;BY)

T textureinformation

N virtual numberof people,includingthe non-visibleones
L. vectorof peoplelocationson the groundplaneor in the

hiddenlocationL = (L{;:::;LYN ) Eachof theseran-
domyvariablestakesvaluesinto f 1;:: : ; G; Hg, whereH
is thehiddenplace.

L" trajectoryofindividualn, L" = (L7;:::;LT)

¢ colordistribution of individual n from camerac

X ¥ boolearrandomvariablestandingor theoccupang of lo-
cationk onthegroundplane X = 1 , (9q;L{ = k)

3. Overview and Notations

Here, we give a shortoverview of the completealgo-
rithm, beforegoinginto more detailsin the following sec-
tion. Fromnow on, we will usethe notationssummarized
by Table.1.

We procesghevideo sequenceby batchesof T = 100
frames,eachof whichincludesC imagesandcomputethe
mostlikely trajectoryfor eachindividual. To achieve con-
sisteny oversuccessie batchesye only keeptheresulton
the rst tenframesandslide ourtemporalwindow.

stochastigrocessestandingfor the locationsof individu-
als,whethervisible or not. Assumingthatthevisible partof
thegroundplanehasbeendiscretizednto a nite numberG
of regularly space@®-DlocationsthelL ! variablegakedis-

ahiddenlocation. ThenumberN stand<or themaximum
allowable numberof individualsin our world. It is large
enoughsothat conditioningon the numberof visible indi-
vidual doesnot changethe probability of a new individual
enteringthescene.

Givenl, ourtaskis thereforeo nd thevaluesof thel ;

3.1 StochasticModeling

Our optimizationschemeoptimizestrajectoriessucces-
sively, andtheoptimizationof anindividualtrajectoryrelies
onanappearanceodelanda motionmodel.

TheappearancenodelP (11 jL[ = k) is acombination
of two terms. The rst is an estimateof the probability of
occupany of thegroundplanethatis computedateachtime
stepindependently[3] given the outputof a simple back-
groundsubtractioralgorithm. It is depictedby Fig. 2. The
secondis a very genericcolor-histogrambasedmodel for
eachindividual. Note thatthe groundplaneoccupang es-
timate saysnothing aboutidentity or correspondencerith
pastframes.Theappearancsimilarity is entirelycorveyed
by the color histogramswhich hasexperimentallyproved
sufcient for our purposes.

ThemotionmodelP (L7, jL' = 1) is simply a distri-
bution into a disc of limited radius,which correspondso a
looseboundon the maximumspeedf awalking human.

Entranceinto the sceneand departurefrom it are natu-
rally modeledthanksto the hiddenlocationH, for which
we extendthe motionmodel. The probabilitiesto enterand
to leave are similar to the transitionprobabilitiesbetween
differentgroundplanelocations.

3.2 Optimization

Given this model, we computethe optimal trajectories
over the whole batch, one individual at a time, including
thehiddenoneswho canmove into thevisible sceneor not.
For eachone thealgorithmperformshecomputatiorunder
the constrainthatno individual canbe at a visible location
occupiedby anindividual alreadyprocessed.

In theory this approachcould leadto undesirabldocal
minima, for exampleif our algorithmconnectedhetrajec-
toriesof two separatgeople.However, this doesnot hap-
penoftenbecaus®ur batchesaresufciently long. To fur-
therreducehechance®f this,we processndividualtrajec-
toriesin anorderthatdependn a reliability scoresothat
the mostreliableonesarecomputedrst, therebyreducing
the potentialfor confusionwhenprocessinghe otherones.
This orderalsoensureghatif anindividual remainsin the
hiddenlocation, all the other peoplepresentin the hidden
locationwill alsostaythereandthereforedonotneedto be
processed.

Our experimentalresultsshov thatour methoddoesnot
suffer from theusualweaknessesf greedyalgorithms such
asatendeny to getcaughtin badlocal minima.

4. StochasticModeling

processingrajectoriesindividually. We shaw in x5.1 that
this requiresonly modelingat a given framet the condi-
tional distribution P (I jL = k) of theimagesgiventhe
locationof oneindividual. We describethis modelingin the
presensection.

Fromtheinputimaged , weusebackgroundubtraction
to producebinary masksB; andthe pixelsinsidethe blobs



T¢. Therestof the imagesis treatedas backgroundand
ignored.We have:

Appearﬂncenode
PULY = K = 5 p(Ly = kil
t PLI=k)

I P(L{ = kjBy¢; Ty)

= P(L! = k; X£ = 1jBy; Ty)

= P(LP = kjX§ =1, By T)P(XK = 1jBy; Ty)
n — : k — 1. k — :

F(Lt = kJ{>7<t =1 Tt? F(Xt {—7 1JBt?

Colormodel Groundplaneoccupanyg

whereP (L] = kjX& = 1; T,) is basedon the color
modelandP (X ¢ = 1jB;) is an estimateof the ground
planeoccupang.

Figure 2. Original images from two cameras
(a), binary images produced by background
subtraction (green) and synthetic average
images computed from them (b). The sur-
face on (c) represents the corresponding oc-
cupanc y probabilities ¢ on the grid.

4.1 Estimating Ground Plane Occupancy

The rst moduleof ourtrackingalgorithmis aframe-by-
frame peopledetectorthattakesasinput the binary masks
B generatedby asimplebackgroundubtractioralgorithm
andcomputedor eachlocationin thegroundplanethecon-
ditional marginal probability of presencenf an individual.
To this end, we have slightly improved our earlier Fixed-
Point Probability Field (FPPF)algorithm[3] by including
adhocdescription®f potentiallymoving partsof theback-
ground,suchassliding doors. This is legitimate sincethe
cameraernvironmentis x edandknown.

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

k= P(Xf=1jBL:::;BE) (1)

whereX X standsfor the occupany of locationk attime t
by ary individual.
Thecorrespondendaetweerground-plandocationsand
the cameraviews is provided by the mean,for every cam-
era,of acollectionof rectanglestandingfor humanshapes
locatedat every positionof the grid (Fig. 2.b). Thoserect-
anglesarecomputedrom theaveragehumanheightandthe
homographymappingthegroundplanein the cameraview.

4.2 Color model

We assumehatif somebodyis presenat a certainloca-
tionk, herpresencén uencesthecolorof thepixelslocated
at the intersectionof the moving blobs and the rectangle
correspondingo thelocationk. We modelthatdependeng
asif thepixelswereindependenandidenticallydistributed
andfollowed a densityin the RGB spaceassociatedo the
individual.

If anindividual waspresenin the framesprecedinghe
currentbatch, we have an estimationof her distribution,
sincewe have previously collectedthe pixelsin all frames
at the locationsof her estimatedrajectory If sheis at the
hiddenlocationH , hercolor distributionis at.

Let Tf(k) denotethe pixelstaken at the intersectionof
the binary imageproducedby the backgroundsubtraction
from thestreamof camerac attimet andtherectanglecor-
respondindo locationk in thatsameeld of view (Fig. 2.b).

Let §;:::; { bethecolordistributionsof theN in-
dividualspresentn thescenetthebeginningof thecurrent
batchof T framesfor camerac. We have

5 Coloﬂmodel {

SPLY = Kk XE=1Ty)

P(LP = kjX§=1Ty) =1
! ! GP(LY= Kk XE=1,Ty)

_pPLi=kTy) _ PTLy =Kk
CGPLIE KT G P(TijLi=k)




where
P(TejLp = k) = P(THK); i TEK) LY = K)
¥ Y .
= n()
=l 2T¢(K)

4.3, Motion model

We optedfor a very unconstrainednd simple motion
modelP(L; = kjL; 1 = ). It simply limits the max-
imum speedallowed for the tracked peopleby beingzero
forjjk | greatethana maximumdistanceandconstant
otherwise. We chosea tolerantmaximumdistanceof one
squareof the grid perframe,which correspondso a speed
of alImostl2mph. We alsode ned explicitly thepartsof the
scenghatareconnectedo the hiddenlocationH. Thisis a
singledoorin theindoor sequenceandall the contoursof
thevisible areain the outdoorsequences.

5. Optimization

We rst describehow we computethe optimaltrajectory
of a persongivena batchof images.We thendescribethe
whole optimizationschemethat processesrajectoriesone
afteranotherandheuristicallychoosesnadequat@rocess-
ing ordet

5.1 Singletrajectory

We considerin the following only the trajectoryL" =
(LT;::5;LT) of individual n over T frames. We are
looking for the trajectory (I7;:::;1}), taking valuesin
f1;:::;G;Hg whereH is a hiddenlocation. The initial
Iocatlonl is eithera known visible locationif theindivid-
ual is visible in the rst frameof the batch,or H if sheis
not. The scoreto maximizeis

PLT =115 = 10y
P(Il,Ln =10 L = 108)
Pz 1T)
If we introducethe maximumof the probability of boththe

obsenationsandthe mostprobabletrajectoryendingup at
locationk attimet

t(K) = " max Py L) =170 L] = k)
we canusethewell-known Viterbi algorithm
t(k) = r(ltlkn = kg maxP(L” = k{JL } e 1()
Appearancenodel Motion model

to performa globalsearchwith dynamicprogramming.

5.2 Multiple trajectories

Givenabatchof T framesl = (I1;:::;17), wewantto

maximizethe posteriorconditionalprobability
P(Ll |1 ,LN :|N JI)

We assumethat optimizing trajectoriesaltogetheris the
sameas optimizing one trajectory after anothey provided
thatit is donein anadequat@rder We arethuslooking for

1\1
1\2

argmaxP (L= 1jl);
|

argmaxP (L2 = IjI; LY = 19);
|

N

argmaxP (LN =1j1; L =14 L2 =120
|

Suchaprocedurés correctundertheassumptiorthataterm
of theformP(L" = IjLY = f%;:::;L" 2= 1)) can
not be substantiallyincreasedy choosmgdlfferenttrajec-
toriesf?;:::;f" 1, atleastnotenoughto changethe max-
imum. Th|s is true in our case,aslong asthe trajectories
f1:::::f 1 do not steallocationsusefulto i". We ensure
thatpropertyby usinganheuristicto rankthe processingf
theindividuals.Notethatunderour modelwe have

PIL"=1jI; LY =1L 1= Y
= P(L" = 1jI;8k< n;8t; LM 6 f*);

which canbeseenasP (L" = IjI) with areductionof the
admissibldocationsin thegrid.

We rst extendthetrajectorieghathave beenfoundwith
con dencein the previous batches. We then processthe
lower con denceones. As aresult,a low probability tra-
jectory, thatis likely to be problematidn the currentbatch,
will be optimizedlast and thus preventedfrom “stealing”
somebodyelses location. Furthermore this approachin-
creasespatialconstraintson sucha problematictrajectory
whenwe nally getaroundto modelingit.

To this end,we useasa ranking scorethe concordance
of theestimatedrajectoriesn the previousbatchesandthe
localizationcueprovidedby FPPE-Sincethereis a high de-
greeof overlappingbetweensuccessie batchesthe chal-
lengingsegmentof atrajectory— dueto failure of the back-
groundsubtractiornor changen illumination for instance-
is metin several batcheseforeit actuallyhappengluring
thetenkeptframes.Thus,the heuristicwould have ranked
thecorrespondingndividualin thelastonesto beprocessed
whenthe problemoccurs.

This heuristicnaturallypusheghetrajectoriesstartingin
the hiddenlocationH — thosenotvisible in the rst frame
of thebatch-to theendof thecomputation.Thealgorithm
doesnot actuallycomputeall the N trajectories:It stops



assoonasoneof the processe@neremainsin the hidden
location for the completebatchof frames,sinceall other
not-yet-processeddividualsareidenticalandwoulddothe
same.

6. Results

We estimatedhe performanceof our algorithmon sev-
eral sequenceshotindoor with four camerasand outdoor
with three cameras. The indoor sequence@volve up to
six peopleand trajectoriesmore complex than what hap-
pensusuallyin real-life situations. The outdoorsequences
were shoton our campusand involve peoplegoing about
their normalbusinesswhosetrajectoriesare actually sim-
pler. In all our experimentsthe camerasremountedat, or
justabove, headlevel, andmary occlusionsoccur

Becausethe obsened areais discretizedinto a nite
numberof positionswe linearly interpolatethetrajectories
ontheoutputimageso smooththem.

6.1 Indoor sequences

Theindoorsequencewereshotby avideo-sureillance
dedicatedetupof 4 synchronizedamerasn a50m? room.
Two camerasvereroughlyatheadlevel (' 1:80m) andthe
two othersslightly higher(" 2:30m). They werelocated
ateachcornerof theroom. The sequenceareabout3000
frameslong andinvolve up to six individuals.

The areaof interestwasof size5:5m 5:5m' 30m?
anddiscretizednto G = 28 28 = 794locations,corre-
spondingo aregulargrid with a20cm resolution.

Onall thosesequenceshealgorithmperformsverywell
anddoesnotloseasingleoneof thetrackedpersonsTo in-
vestigatehespatialaccurag of ourapproachye compared
theestimatedocationswith theactuallocationsof theindi-
vidualspresenin theroomasfollows.

We picked 100 framesat randomamongthe complete
four individual sequenceaind marked by handa reference
point locatedon the belly of every personpresentn every
cameraview. For eachframeandeachindividual, from that
referencepoint andthe calibrationof the four camerasye
estimateda groundlocation. Sincethe 100 frameswere
taken from a sequencewith four individuals enteringthe
roomsuccessiely, we obtained354locations.

We then computedthe distancebetweenthis ground-
truth andthe locationsestimateddy the algorithm. There-
sultsare depictedby the bold curve on Fig. 1. More than
90% of thoseestimatesareat a distanceof lessthan31cm
and 80% of lessthan 25cm. We also computedsimilar
curvesafterhaving replaceda certainpercentagef images
taken randomlyover the completesequencédy blankim-
ages.The accurag remainsunchangedor an erasingrate
ashighas20%. The performancef the algorithmstartsto
getworsewhenwe getride of onethird of theimages,as
shavn with thethin curveson Fig. 1.

6.2 Outdoor sequences

Theoutdoorsequencewereshotin front of theentrance
of a building on our campus.We usedthreestandardand
unsynchronizedigital Video camerasand synchronized
the video streamsby hand afterward. All cameraswere
at headlevel (' 1:80m) coveringthe areaof interestfrom
threeangles.Thegroundis at with aregularpavement.

Theareaof interestis of sizelOm  10m anddiscretized
intoG = 40 40= 1600locationscorrespondingo areg-
ular grid with a resolutionof 25cm. Up to four individuals
appearsimultaneously Despitedisturbingin uence of ex-
ternalelementssuchasshadaevs, a sliding door, carspass-
ing by, andthefactthatpeoplecanenterandexit thetracked
areafrom arywhere,the algorithm performswell andfol-
lows peopleaccuratelyln mary casesbecaus¢hecameras
are not locatedideally, individuals appearon one stream
alone.They arestill correctlylocalizeddueto boththetime
consisteng andthe rectangle-matchingf FPPE which is
ableto exploit the size of the blobs evenin a monocular
contet. Onoutdoorsequenceaswell, thealgorithmdoes
not produceonefalsepositive or falsenegative, nor make
confusionbetweerindividuals.

7 Conclusion

We have presentedan algorithmthat canreliably track
multiple personsin a complex ervironmentand provide
metrically accurateposition estimates. This is achieved
throughglobal optimizationof their trajectoriesover 100-
frame batches. This introducesa 4 seconddelay between
imageacquisitionand outputof the results,which we be-
lieve to be compatiblewith mary surnweillanceapplications
giventherobustnessncreasat offers.

Thereare mary possibleextensionsof this work. The
most obvious ones are improvementsof our stochastic
model. The color modelcould bere ned by splitting bod-
iesinto severaluniform partsinsteadof relying onthei.i.d.
assumption. Similarly, the motion model could take into
accountconsisteng of speedanddirection. Modeling the
avoidancestratgiesbetweerpeoplewould alsohelp.

Besidethosestraightforvardimprovementsa moream-
bitious extensionwould beto usethe currentschemeo au-
tomatically estimatetrajectoriesfrom a large setof video,
from which one could then learn sophisticatecbehaior
models.
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