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Abstract — This paper examinestwo multiple ground target
tracking methods.Their speci city is that they usethe road net-
work as additional prior geagraphicalinformationto further re-
ne thetargets' stateestimation.The r st methods basedon be-
lief functionstheoryfor associatingmeasuementsgo predictions
aswell as for determiningthe road sggmentrelative to an exist-
ing target. Thesecondmethodusesa Variable Structue Interact-
ing Multiple Model methodintegratedin a Multiple Hypothesis
Tracking framevork (MHT VS-IMM).Finally bothapproachesare
compaedsugestingthe possibilityof usingtheadvantaesof the
evidentialappmoad insidethewell establishedHT framework.

Keywords: Informationfusion,groundtargettracking,roadnet-
work prior knowledge.

1 Intr oduction

This paperfocuseson a typical groundtarget tracking ap-
plicationfor which the EADS compay is currentlydevel-
oping several datafusion algorithms. The algorithmscon-
tributeto fusesensodatato produceinformationto bedis-
playedon a singleintegratedgroundpicture. Much work
hasbeenconductedin the last three decadeson the for-
malizationof Bayesianprobabilisticsub-optimal lters to
handlemulti target, multi-sensordatafusion for air trafc
controlandgroundtarget suneillance,see[1, 2, 3]. In re-
centyears,someattentionandresearctasfocusedon the
integration of prior knowledgerelative to terrain features
insidethetrackingprocessMore speci cally, theroadnet-
work information,relevantfor tracksthatcannotexit intoan
open eld, hasoftenbeenusedn vehiclelocalizationappli-
cationswheremeasurementdf onboardsensorgtelemetry
electro-opticakensorspdometerjarecombinedwith GPS
measurements.

The groundtargetsconsideredn this paperare mainly
vehicles:civil cars,trucks,tanks,thatarestrictly linkedto
the road network. However peopleand buildings canalso
be usualtamgetsin our suneillanceapplications. Also all
targetsarent usuallystrictly linkedto roads.

Thesekind of groundscenario®ffer the following chal-
lengesrelative to target behaior and detection,let alone
the dif culties regardingthe useof multiple sensorsvhich
obsenation volumescan overlap. The groundtargetsare
numerouspften closely spacedcanmege into groupsor
leave them. Several tamgetscanappearasa single plot if
they are far enough. They can be hiddenby vegetation

Patrick Vannoorenberghe
LaboratoirePSI,FRE2645CNRS
Universit deRouen,PlaceE. Blondel
76821Mont SaintAignan
France
Patrick.Vannoorenberghe @univ-rouen.fr

or terrain, and their detectioncan be perturbedin dense
falsealarmareas. The groundtargetscanalso accelerate,
stop,suddenlychangetheir direction, exit roadsor stopin
an areawherethey are not visible (forest,tunnel). These
speci cities cant entirely be handledby an automaticfu-
sion algorithmanda numberof operatorinteractionamust
bede ned.

Thiswork assumethatthealgorithmis connectedvith a
GlSthatcanprovide anumberof groundfeaturegelative to
agivenlocation,suchasthe nearestoadsegmentsthelo-
calterrainnature terrainelevationandslope.Theonly ter-
raininformationusedhereis theroadnetwork information,
with is modeledasa setof road sggments: a pair of way
points. This paperexaminesan evidential approachanda
Bayesianprobabilistictracking method. Both algorithms
investicgatedhereuseasingleGMTI sensorAlso, sincethe
studyfocusenmeasurememhodeling,association Jter -
ing anddecisionthe measuremerdataarealreadyaligned
andarede ned hereas2D positioncoordinateswvith their
covariancematrix.

Section2 examinesa rst algorithmthatis basedon the
PhD.researctof GruyerandRoyere[4, 5], andNajjar [6].
It modelsmeasurementandthe target internal stateas a
fuzzy set. The associatiorbetweerstatepredictionsof ex-
isting targetsandthe new measurements doneusingthe
DempsteiShafertheoryusingadistancecriterion. Oncethe
new stateestimationof eachtargetis computed the road
informationis usedto associateachtargetwith aroadseg-
ment. Thechoserroadsegmentis thenusedasanobsera-
tion to re ne the stateof thetametrelatedto it.

Section3 describes probabilisticapproactbasednthe
Multiple HypothesisTracking (MHT) in which a Variable
Structurelnteracting Multiple Model (VS IMM) is inte-
grated. The hypothesisare organizedin a hypothesistree
and symbolizethe threedifferentinterpretationsf a new
measurementlt caneitherbe the rst measurementf a
new track, a falsealarm, or the detectionof an existing
track. Thuseachnodein the hypothesistreeis an asso-
ciationhypothesighatde nestherole of thenew measure-
ment. Thisis why theMHT is consideredisameasurement
orientedalgorithm. The dynamicmodelsthata giventarget
canfollow are handledas sub hypothesis,within a given
associatiorhypothesis.The speci city of theVS IMM ap-
proachis that the setof dynamicmodelsthat a tamget can



follow dependsn the road sggmentslocatednearthe tar-

get's predictedposition. Wewill explicit how to construcia
dynamicroad modelrelatedto the directionandthe width

of theroad. Section4 analysesoth algorithms thanhigh-
lights the originality of eachapproach.Finally concluding
remarksn sections examinehow eachtechniquecanbring

improvementdo the other

2 The fuzzy setapproach

The gure 1 shaws the main stagesof the algorithm that
are describechereundeiin the following sub-section®.1
t02.8.
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Fig. 1: DST algorithmbasedn fuzzy measuremerodel

2.1 Measurementmodel

It is assumedhatthe alignmentprocesshascorvertedthe
measurements a Cartesiancoordinatesystemin which
the measurementaswell asthe targets' internal stateare
expressed.Thefuzzy measuremeris de ned by threepa-
rameters: the meanposition, the support,and its uncer
tainty. Figure 2 shows a two dimensionalexample of a
fuzzy measuremenilhesupporiof thefuzzy measurement
indicateghelocationswheretherealmeasuremertanpos-
sibly fall, whereashe uncertaintyindicatesthe belief that
the measuremernis relative to an actualtarget of interest.

Membership
deoree

Mean position

Fig. 2: Fuzzymeasurememnodel

The sensors reliability will beusedlaterin theassociation
process.

The constructiorof the fuzzy measurementesultsfrom
thepartitionof themeasuremerstpacen asetof fuzzy sets.
Figure 3 shavs an exampleof a measuremergpaceparti-
tion in onedimension(a distancaneasuremerttere).Note
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Fig. 3: Exampleof measuremergpacepartition

that the precisionof the sensordecreaseasthe distances
arebig. Themeasuremernl indicatesa distancedy, that

activatesthefuzzy setsS, andSs respectiely with adegree

of 0.8and0.2.

This approachcanbe generalizedo a two dimensional
spacendusedwhensereralsensorgxaminethesamearea
atthesametime. All themeasuremen@reusedto activate
the fuzzy setsin the measuremergpace andtheseactiva-
tionsarecombinedwith the disjunctive operatomax. This
combinationresultsin a multimodal fuzzy measurement.
The membershipdegreesare weightedby a measurement
densitythat indicateshow mary timesa given individual
fuzzy setwasactivated. This allows a betterdistinctionbe-
tweenfalsealarmsand actualtargetsfor objectextraction
from themultimodalfuzzy measuremeniTheuseof aden-
sity measuremerttowever only makessensevhenseveral
sensorgrovide redundantdataon a given area. We con-
siderthatthe measuremergrocesgproducegperceved ob-
jectsin the form of a supportanda uncertainty They are
denotedX; fori = 1toM in thesequelandwill beas-
sociatedwith the statepredictionsof existing targets,also
modelledasfuzzy sets,andlater denotedy; forj = 1to

2.2

In orderto track objectswe needto predictthefuture state
of existing targetsat time ti, at the latertime tx.; when

Inter nal state model and dynamic model



thenew measurementrereceved. Theinternalstates lo-
cationis modelledasaninterval pair| = [dy; d; d3; d4],
asshowvn in gure 4. Note thatthis generalizeghe repre-

Fig. 4: Representationf afuzzy internalstate

sentationn gure 3whered, = d3. Thepredictionusesa
constanticceleratiomynamicmodelandanextendedde -
nition of addition,substractionmultiplicationanddivision
adaptedo theinterval pairsl x andly for atwo dimensional
state.

The completeinternal stateis modelledby a fuzzy set
in position, speedand accelerationand the predictionis
computedusingthe evolution matrix [A] asfollows:

Xi+1 k] = [AL[Xkjk] 1)
where[xjk] = (Xt, ; X1, ; Xt )' and
2 3
1t (1)?%=2
[A]=40 1 t 5: (2)
0 O 1

Notethatwhenatarget's internalstateis initiated by a sin-
gle fuzzy distancemeasurementnly the locationx;, is
known, andprior valuesareusedto de ne thefuzzy speed
Xi, and acceleratiorx,, , that are modelledas shavn in
gure 4 with a certaintyof 1. The four valuesof the ac-
celerationintenal pair a;, ap, as, and a4, representhe
prior knowledgeon typical acceleratiorvaluesrelative to

strong unlikely manoeuvresand usual soft manoeuvres.

Whenthe taget's stateis updatedafter associatiorof its

predictionwith afuzzy measurementhe speeds updated
with the two last position measurementassociatedo the
track. Note thatthe acceleratiorpro le usedin the predic-
tion staysthe sameandtakesinto accountthe variation of

the real tamget motion relative to a constantspeedmodel.
Notealsothatequation(2) doesnot modify the certaintyof

thepredictedocationbut only theintenal values.Thepre-
dictionsrepresenthe perceved objectsdenotedy; in the
sequelthenext sectiondetailshow to computethe similar-

ity betweeranew measuremenX; andthepredictionof an
existing objectY; leadingto themassfunctionlaterusedin

association.

2.3 Computation of the similarity betweena
prediction Y; and an obsewation X
The similarity computatiorbetweenthe two fuzzy setsde-

scribedhereis basedon a geometricalapproactthat han-
dlessetswith variablecertaintyandimprecisionandreturns

arealvaluebetweerD and1 for atotal dissimilarityandto-
tal similarity respectiely. Thesimilarity value(latercalled
sj ) is basedntheratio of a) thevolumeof theintersection
betweenX; andY; andb) thetotal volumede ned by X;.
Figure 5 shavs a partial similarity betweenX; andY; in
the caseof a onedimensionameasuremergpace.

Fig. 5: Similarity betweenX; andY;

2.4 Generation of a massfunction corresponding
to the similarity betweenY; and X

The similarity s; computedabove is a critical value that
mustbe expressedisamassunctionthatwill laterbeused
in the associatiorprocessThis sectionis basedon [4] that
de nes anddescribeshow to build a specializednforma-
tion sourceasamasgunction. Thespecializedor indepen-
dent- sourcegivesits opinion on the belief that perceved
objectX; is similar- andcanbeassociatednalocalization
basis-to existing objectY; in the form of a massfunction
m;; denedon = fl;;j = 1, ;Ng. Eachsingle-
tonin  mapsaspeci c relationbetweerperceved object
X andexisting objectY; (! ; 2 Xi $ ;). A special-
izedsourceon canbede ned andassignedasicbelief
masse®ntheevents! ;, I, and . Theframeof discern-
mentof this particularsourcethatfocusesn percevedob-
ject X; only is thusmadeof the single hypothesis.These
threeeventsde ne respectiely a relationshipbetweenX;
andyY;, anabsencef relationshipbetweernX; andY;, and
total ignorance. The closerthe fuzzy measuremenis to
the prediction,the closers;; getsto 1, the higherthe mass
on becomeskFigure6 illustratesa de nition of the masses

Fig. 6: Massfunction generationbasedon similarity s;;
betweenX; andY;

functionsof thedissimilarityvaluel s; . Notethatthein-



formationsources specializecandnever pretendsimulta-
neouslythatX; is andis notin relationshipwith Y; . When
themasson ! j is positive, thenthe masson Iy is 0, and
conversely The masscurves can be derived from a sine
function.

Two parameters ( = 0:6in gure 6)and canbeused
to take into accounthetendeny to associateasilyandthe
sensors reliability. Thelower |, thefasterthe massonthe
hypothesig(! ; = X; $ ;) will decreaseThisis apes-
simisticapproachwheremeasuremerdandpredictionneed
to be closefor associatiorio be consideredThis approach
workswell whenthedynamictargetmodelsandthesensors
areprecise.But it canleadto dismisscorrectassociations
that canresultin non detectionand nally trackloss. In-
verselyahighvaluefor favorsassociationvhich canlead
to numerousmbiguitiesandcon icts whenit comeso ex-
aminingassociationbetweenall X; andY; .

Thereliability of thesensoiis thebeliefthatit isin nom-

inal operationconditionswhenit deliversits measurement.

Whenthe con denceon the sensors reliability is low, we
justdiscountthe basicbeliefassignmenandthentransfera
partof themassfrom! ; andf; ontotalignorance .

2.5 Generationof a massfunction relating X; to
eachY; and assignment

We describehere the combinationof all the specialized
sourceson eachobjectY;. Thesesourceseachgive their
opinion on whetherthe object X; is relatedto Y;. The
questionis to which existing objectY; is the obseration
Xi underconsiderationelated?The opinionsproducecdby
theN specializedourcesarecombinedn theframeof dis-
cernment = f ;g wherethe symbol refersto all
possibleeventsthat are not coveredby the ! j. This way
the frame of discernmentle ned by the setof hypothesis
fl1; ;!N g isexclusive andexhaustve, it is calledthe
open-atendedworld in [5]. Theevent(X; $ ) means
thatthe obsenationisn't associatedavith ary known exist-
ing objectY;. ThusX; caneithercomefrom a new target
orafalsealarm.TheN massfunctionsm;; previously de-
ned arethencombinedon  whichimposedo take their
extensionon

The combinationprocessof the N massfunctions is
basedon the Dempstercombinationandis detailedin [4].
This leadsto aresultingmassfunctioncalledm,.. de ned
asfollows:

mi;: = mi;j (3)

which givesan opinion on the relationshipof X; to all el-
ementsn . Equation(3) allows usto quantify the rela-
tion to the existing predictionsfrom anobsenationpoint of
view. In the samemanney the basicbelief functionsm;;
can be aggr@atedin orderto evaluatethe relationto the
obsenationsfrom a predictionpoint of view. This leadsto
thefollowing equation:

m; (4)

whereM is the total numberof perceved objects. This
procesganleadto ambiguitiesandcon icts. Ambiguity is
de ned if a perceved objectX; canbe associatedo sev-
eral existing objectswhile con ict ariseswhenassociating
asingleexisting objectwith severalpercevedobject.

Theassociatioralgorithmis basedn the analysisof the
two massfunctionsm;.. andm.; .

In orderto have a numberof measurementequalto
thenumberof predictions, cti ve objects(measurementsr
predictions)areaddedwith zero-beliefthatthey canbe as-
sociatedwith a counterparbbject. Thusthe assignmenis
performedbetweentwo setsof the samesize. The global
belief of associatingeachy; to eachX; is thengiven by
averagingthemassesle ned by m;.. andm., .

Next the massesarereplacedby 1 minustheir value so
thatthey areconsideredascosts. The assignmenproblem
should minimizethe global costcriterion,andthe Hungar
ian algorithmis used.Theassignmenlinks eachmeasure-
mentto a singleexisting track predictionor , producinga
decisionfreefrom ary con icts andambiguities All obser
vationsarerelatedto one predictionor to . This lastas-
signmentmeanghatthe obsenrationis eithera falsealarm
or anew track. Similarly, somepredictionscanalsobere-
latedto which meansthe existing track disappearedor
was not detected. Gruyer [4] gives an expressionof the
con dencerelatedto theassignmenof N obsenationsand
M predictions.Let C;j bethe global belief of linking X
to Y; andx; a binaryvalueequalto 1 if the assignment
associate; andY; and0 otherwise.Thenthecon dence
ontheassignmenis givenby:

P N
_ iz = X Gy 5)
min(N;M)

2.6 Track management

A con dencevalueis updatedon eachtrack, thatindicates
the beliefthatthetrackis relative to a real singleobjectof

interest. As detailedin [4], the more often new measure-
mentsare associatedo a given track, the higherthe con-
dence on this track becomes Inversely eachtime a scan
of measurementarrives,andthatnoneis associatedo the
track,its con dencedecreasesTheinitial con dencevalue
of atrackthatis initiated by a singlefuzzy measuremeris
either x edat anarbitraryvaluedependingon the applica-
tion, or dependaiponthe measuremerdensity In thislast
casethetraclerrecevesredundaninformationandseveral
measurementsanactivatethesamefuzzy set(themeasure
mentspaces partitionedinto fuzzy sets).Themoreredun-
dantmeasurementthe sensorgroduceon the tamget, the
higherthe initial con denceis. Note thatthe con dence
is updatedonly after associationandthatits valueis un-
changedduring the predictionprocess. Figure 7 shows a
geometricaway of updatingthe track's con dence,repre-
sentedntheordinateaxis. Theabscissaxisrepresentthe
normalizedupdaterate.lt is computednasliding window
and equalsl if eachscaninside the sliding window pro-
duceda measuremenhatwasassociatedo thetrack. Fig-
ure 7 shavs the stepsfor increasinghe con dencewhena



Fig. 7: Updatingthetrackcon dence
measuremerns recevedthatis associated.

2.7 Road network exploitation using belief
functions theory

Onceassociatiorandtrack updateare performedtheinter
nal statein positionandspeedis availablefor eachtrack.
The road network is modeledas a setof sggmentswhich
locationsareknown. Consideringthatthe tracksmove on
roadsonly, the questionisto nd thecorrectroadsegment
for eachobjectin track. First a windowing is performed
aroundthelocationof eachtrackde ning asubsebf possi-
ble roadsggmentsfor eachtrack. Royere[5] andNajjar [6]
have studiedthe useof two geometricatriteriato quantify
thesimilarity betweerthetrack's stateandagivenroadseg-
ment. The road segmentselectionproblemis represented
in gure 8. Firstthe positioncriteriaassumeshatthetrack

Fig. 8: Roadsegmentselectionproblem

positionis closeto the centerline of the roadit is follow-
ing. Secondthe velocity orientationcriteria assumeghat
thetrack's speedvectoris parallelto theroadsegments di-
rection. Thegoalis to decide for agiventrack,which of S
roadsggmentsS; (i = 1to S) insidethewindow thistrack
is following. Theframeof discernmenfor a giventrackis

lcurweaallowsthecertaintyto climb rapidlywith alow updat-
ing rate;curve c is neutral,andontheotherhand,cure e requires
a high updaterate of the track by measurementf®r it to survive
in thetracker. Curve ais usedwhenthetrackvisibility is low, or
thatthe sensoris in a degradedoperationmodesincethesecon-
ditions causemissingor erroneousmeasurementthat limit the
associatiorrate. Inverselycune e is usedwhenthe targethasa
high detectionprobability the sensorsare preciseandthe tamget
dynamicmodelis preciselyknown.

presentsheopenextendedworld whereS is augmentedby
anothemhypothesis , whichmeanthatthetargetundercon-
siderationis somavhereelsethat on the known segments

tendedworld approachassumeshatif the combinationof
severalmasgunctions,providedby severalsensorebserv-
ing the sameobject, producesnasson ; , this implies that
oneof thesensorssn't reliable. Onthe otherhand,if mass
is producedon , this meanghe obsenedobjectscomplies
partly with the additionalevent . In the currentroadsey-
mentselection, meanghatthetargetis onaroadsegment
that is not yet registeredin the Geographicalnformation
System,or that it hasexited the roadinto an open eld.
The modellingof the relationshipbetweenthe track anda
givensegmentS; accordingto a given geometricakriteria
(locationor velocity orientation)is similar to the approach
describedn Secs.2.4and2.5. Thisrelationships modeled
by amassfunctionon the elementsS;, S; andS whereS;
includes . Thusfor agiventarget,M criteriaandN road
segmentswe cancomputeM N massfunctions.

TheM N masdunctionsarecombinedvith theDemp-
stercombinationrule; rst thetwo geometricakriteriaare
combinedfor eachroad seggment. This resultsin N mass
functionsrelative to the N segments. Note that someof
thesefunctions can contain masson ; meaningthat for
that particularsegment,the positionand orientationcrite-
ria arein conict: they do not producethe samedecision:
onefavors S;, whereasthe other puts more emphasison
Si. Next theN massfunctionsare combined.Finally the
pignistic transformation7] producesa masson eachsS;,

, and; , allowing animmediatedecisionconsideringthe
sgmentthat hasthe maximumpignistic probability This
two-stagecombinationmethodis practical,but canleadto
ahighmasson; dueto apossiblecon ict betweercriteria,
evenif thesensorareall reliable. Thecon ict appearde-
causesachindependensourceconsiders singlesegment,
ignoringthe others.This reduceghereliability of the nal
decision. The masson ; requiresa con ict management
methodusinga conjunctive-disjunctve operatorasstudied
in [5]. Notethatanadditionalcriteriasuchasroadcontinu-
ity (thetrackstaysonthe sameroadbetweerjunctions)can
beusedseeg[6].

2.8 Track update basedon the selectedroad
segment

The track’s location and speedinternal stateis expressed
in the form of fuzzy sets. The selectedroad segmentcan
be usedasanadditionalobsenation,andupdatethe previ-
oustrackinternalstateby Kalman ltering, seeNajjar [6].
For this purpose the internal statecan be expressedn a
statisticalformalismby a meanvectorandthe correspond-
ing covariancematrix for the target's locationand speed.
The meanvectormustbe insidethe fuzzy setsupport,and
thestandardleviation of eachcomponenshouldby in pro-
portion with the correspondingsupportvalue. In [6], the
selectedoadsggmentprovidesa mapobsenrationthatup-
datesthe above internalstateby linear Kalamnestimation.
The mapobsenationis completedby an obsenation error



covariancematrixwhich expressesheprecisionof thecho-
senseggment. The standarddeviation of the locationerror
orthogonalto the road segmentcorresponddo the road’s
width; the location error parallel to the road segmentis
higherandis in proportionof the sggments length. Finally
the localization precisionof the map featuresthemseles
must be addedto the map obsenation covariancematrix.
Thuseachtargetthatcould be relatedto a roadsegmentis
updatedandits stateis representedith a meanvectorand
its correspondingovariancematrix. The latercanthenbe
convertedto fuzzy setssothata new associatiorwith new
measurementsantake place,asseenn Sec.2.5.

3 Advantagesand drawbacks of a MHT VS
IMM approach

Thissectiondescribeshefeaturesandoperatiorconstraints
of aMHT-IMM tracker. Theuseof aVariableStructuredy-

namicmodelsetinsteadof a x edmodelsetseemdo bea

logical andcorvenientadaptatiorto the MHT IMM in or-

derto accounfor theroadinformation. Featuresupported
by the MHT VS IMM arenow comparedwith their coun-
terpartsin the evidential approachdescribedin section2

in termsof estimationprecision,robustnesspverheadand
computationaload.

3.1 Stateand measurementmodelling and basic
MHT approach

The stateandmeasurementaremodelledwith the statisti-
cal formalismusedin the optimal linear Kalman ltering.

They areconsiderecisGaussiamandomdistributions,that
can be completelyrepresentedy a meanvector and the
correspondingcovariancematrix. A goodway to under
standandto describethe MHT approachis to considerit
asageneralizatiorof the suboptimaProbabilisticDataAs-
sociationFilter (PDAF), for a single target, and the Joint
ProbabilisticData AssociationFilter (JPDAF) [2]. How-

ever, unlike thesealgorithms,the MHT is a measurement

orientedmethodin thatit considerseachmeasuremente-

ceivedin anew scanaseithera)thedetectiorof anexisting

track, b) a falsealarm, or c) the detectionof a new track.

Also two measuremenis the samescancannotupdatethe

sametrack. RealMTI scansaremadeof severalhundreds
of measurementsThereforeit is impossibleto keeptrack

of all possiblehypothesisgf cient hypothesidreemanage-
mentmethodswill bedescribed.

Letusde ne X! anassociatiornypothesisvherek in-
dicateghetime of thescanunderconsideratiorand| is the
node(or hypothesissee[2]). A hypothesiscanbe consid-
eredasan”associatiodandscapethatde neshow all mea-
surementshatwerereceved areassociatedandthat most
of all de neswitch measurementareusedto form tracks.
Thegoalof theMHT is to singleoutthe mostprobablehy-
pothesislideally, if all parameterarewell modelled,anda
sufcient numberof hypothesisarekept,thentherealasso-
ciationhypothesignuststandout. As aBayesiaralgorithm,
theMHT computesaposteriomprobabilityfor eachhypoth-
esis,denotedPf k!jzkg. This notationindicatesthatthe

probability of k! is computedposteriorto all measure-
mentsincludingthosein scank. This posteriorprobability
is computedusingfollowing equation:

kil ¥ :

: [Nt [z (K" g7 N7
i=1

t2 k Lis (PDt (1 PD)l t)
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Equation6 representghe Bayesianapproachwhere the
posteriorknowledgePf * 1sjzk lgatscank 1 be-
comesprior knowvledgewhen measurementgom scank
arrive. Thusthe hypothesisprobabilitiesare computedre-
cursively. Equation(6) shaws thekind of prior knowledge
thatis neededor the MHT operation.First ¢t and N1
arethevolumicdensityof falsealarmsandnew trackdetec-
tions. Thesecanpossiblybeadaptedo thespeci ¢ scanned
area. The numberof measurements the scanis called
my. The averagelife time of a trackis called o. Vari-
ables and arerespectrely thenumberof measurements
consideredas falsealarmsand as new tracksin the scan
k, accordingto the de nition of the hypothesis *' under
consideration.The volumic probability densitythat exist-
ing track t; producesa measuremenat location z (k) is
called [Ny, [z (k)]]. The producton all existing tracksin
hypothesis X 1S is denoted, , ... Theeventthatmea-
surement; (k) is the detectionof anexisting trackis sym-
bolizedby theboolean ;. Theeventthattrackt 2 * 1S
is detectedin scank is denoted ;. The detectionprob-
ability of an existing track is denotedPp . Note that this
probabilitycanbeadaptedo eachexisting trackprediction.
Finally c®is the sumof all the expressionsimilar to thatin
bracletsin equation(6), relatingto all the other possible
associatiorscenarios “!'. This guaranteethatthe sumof
Pf Kljzkgoverall *'is1.

Pf

Insertion of the IMM method inside the
MHT framework

The hypothesistree de nes all the possiblemeasurement
associatiorhypothesis. The posteriorprobability of each
hypothesiscan be computedusing the previous posterior
probability of the "father” hypothesisin the tree by the
Bayesiarrecursve equation(6).

It is fundamentalto note that inside a given associa-
tion hypothesis ', it is possibleto de ne a setof sub-
hypothesisthat specify which dynamicmodel eachtarget
is following, betweentime ty ; and currenttime ty. If
thereexistsN tamgetsin ¥ 1S, andM dynamicmodels,
thenthe numberof subhypothesisnsidethe MHT nodeis
N M. Therecursve equationé caneasilybe updatedo
take thesedynamicmodelsub-typothesisnto account.

A Variable StructurelMM canbe insertedin the MHT
frameavork aswell, when the targets under consideration
areassumedo belinkedto theroadnetwork. In this case
theIMM' s dynamicmodelinteractionthattakesplacejust
after updatingat time ty ; mustbe modi ed. Insteadof

3.2



consideringa x edmodelstructure the models(the roads)
that a given target can follow from time ty ; to time ty
dependon the roadjunctionsthat are traversedduring the
trajectorypredictionfromty 1 toty.

The useof a variablestructureallows to consideronly
the modelsthat the target can possiblyfollow. Moreover
the modelsareprecisesincethey arebasedon knowvn road
characteristicsThe roaddynamicmodelsassumehatthe
targets'velocitiesareparallelto theroaddirection,andthat
their positionis on the road centre-line. The modelnoise
thatis expressedn the modelnoisecovariancematrix ac-
countsfor unknavn manoeuvregparallelandorthogonato
the roads direction. In particularthe model noisein lo-
cationorthogonatto the roads directionin function of the
roadswidth. Themoreprecisehedynamicmodelsare,the
moreaccurateheinternalstateestimations.

3.3 Managementtechniquesspeci c to the MHT

Somehypothesisnanagemenhethodmustbeusedo limit
the combinatoryexplosion of the numberof hypothesis.
Firstit is possibleto partitionthe suneillanceareainto in-
dependengeographicakectorswhereindependenMHT
trackers operate. This is called clustering. Two indepen-
dentMHT algorithmsfuse whentheir hypothesisgenera-
tion cannotcontinueindependently This happensvhen
tracks from both MHTs competefor the samemeasure-
ment. Seconda validationwindow canbe usedaroundthe
predictionof eachtrack to limit the numberof measure-
mentsthat are processed.Measurementshat fall outside
thesewindows initiate anew MHT algorithmthatmayfuse
with existing tracksafterawhile. A classicaway of reduc-
ing hypothesisin a treeis pruning, consistingin deleting
hypothesiswith the lowestprobabilities. Combiningis an
otherpossiblesimpli cation in thetree,consistingin iden-
tifying associatiorscenarioghat producethe sametrack
"landscape”. Thesemanagementechniqueslsorequirea
noticeablecomputingoad,althoughthey aremandatoryfor
anMHT to operate.

3.4 Track management

Eachtrack inside eachassociatiorhypothesishasa score
thatis updatedaftereachscan,which allows the con rma-
tion of tentatve tracks,aswell astrackdeletion. Thescore
of agiventrackis theratio of the scenarics (or hypothesis)
posteriomprobabilityto the probability of the samescenario
wherethetrack's measurementareall consideredasfalse
alarms.Hencethetrack's scoremeasuregs contrilutionto
theprobabilityof thescenaridhatincludesit. Themorethe
track detectionsatis esthe parametersisedfor the MHT,
the higherthe scoreincrementsThe scoredecreasewhen
anexistingtrackis notdetectedbut hereagain, if thespeci-
ed detectiorprobabilityis low, andthetrack's averagdife
time is low, thenthe scorewill experiencea limited slump
becausehe algorithmconsidersanondetectionasnormal.

4 Feature comparison

This sectioncompareshefeaturesof the algorithmsexam-
inedin Secs. 2 and3. For moreclarity, we will respec-

tively referto the evidential/fuzzyapproachandthe MHT
approachasmethodl andmethod?.

Method 1 is more descriptve and provides a pover
ful and e xible meansof expressingbelief by useof the
DempsterShafertheory The e xibility comedrom thenu-
merousways to de ne a frame of discernmentthe mass
functions,thecombinationoperatorsandthe con ict man-
agemenimethods. Method 2 is morenormatve. The hy-
pothesisprobabilitiesas well asthe track's scoresare de-
ned in a theoreticalframevork whereall resultscan be
demonstratedNamely performanceredictionscanbede-
rived dependingon the differencebetweerthe prior infor-
mationusedin thealgorithm,andtheactualvalues.

Method 1 has little operationalrequirementswhereas
the optimal linear estimationin method 2 requiresthat
modeland measuremermoisesbe Gaussiarandindepen-
dent. Theseconditionsarerarelymet. HowevertheKalman

Iter andprobabilisticmethodghatuseit arerobustto uc-
tuatingmeasurementonditions,concerningtrack mainte-
nance.

Method 1 modelsmeasurementand internal statesin
an economicalway using fuzzy setsthat supportimpre-
cision aswell asuncertainty A lower uncertaintyresults
from redundantmeasurementhat activatethe samefuzzy
set.Also thesensor$ measuremergpacecanadaptvely be
partitionedin fuzzy setsre ecting the sensors characteris-
ticsin differenttrack-sensogeometricaton gurations.In
method2, stateandimprecisionareaccountedor but in a
morecomple statisticaformalism. Sensomprecisionis ac-
countedfor; but thereis no provision for targetcertaintyor
sensorreliability in the measuremergrocessesnodelling.
Sensorreliability canbe re ected by xing propervalues
for the falsealarmvolumic densityandthe detectionprob-
ability, functionof spaceandtime.

Associationis one of the featureswhere both methods
differ themost,in theapproactandin the computingload.
The economicalway of modellingmeasurementandtar-
getstatepaysoff; indeedthe computatiorof the similarity
betweenpredictionsandobsenrationsis simple,aswell as
the determinationand combinationof the massfunctions
provided by eachindependeninformationsource[4]. The
assignmenis performedon a simple criterion andthe ™*”
hypothesisallows to managehe eventthatan obseration
cant beassociatedo ary existing track, or thatanexisting
trackhasnot beendetectedMethod2 providesa moreex-
haustie framevork sinceacompletenypothesigjeneration
is performedon the threepossibleorigins of the measure-
ment. This causes high computingload andnecessityfor
treemanagemennethodqd1]; howeverthis methodclearly
differentiates@falsealarmfrom anew target,whichmethod
1 doesnt.

The track stateupdatingin method1 is alsosimple: in
someapplications,the new statetakes the valuesof the
measuremerthatwasassociatedb theprediction.In other
casesthe measurementthat were usedare weightedrel-
ative to their similarity to the predictionthey were asso-
ciatedto, and make up the updatedstate. On the other
hand,Kalman ltering resultsfrom estimationtheory and
usegrecisedynamicandmeasurememhodels.Depending



ontheimprecisionof the systemandmeasuremerirocess
andthe correlationbetweermeasurementaluesandtarget

statethe lter balanceshecon denceonthepredictionor

onthemeasurement.

Method 1 accountdor the sensorreliability in that the
sourcesncreasanassonignorance ) insteadof making
an assertion.Method 2 again usesthe falsealarmdensity
andthe detectionprobability but thereis no separatecon-
sideratioron measurementncertainty(is themeasurement
relative to anobjectof interest) andsensoreliability (is the
sensomoperatingasit is supposedo).

Both methodsquantify the certaintyrelative to tracksby
a scorethatcanleadto track deletion. Method1 rst uses
the certaintyfrom the measuremerdensitywhenthetrack
is created thena very empiric methodfor track certainty
update,which doesnt accountfor similarity betweenpre-
dictionandtheassociatedheasurementioweverthis sim-
ilarity wasaccountedor to selectheglobalassociatiomnd
to computethe con denceontheassociationseeEq. (5).

Method1 allows to regulatethe easeto associatdy x-
ing the pro les in gure 6. An optimistic curve would al-
lows more massto be put on associatiorevents. Method
2 usesno dedicatedparameteto in uence associational-
though the sameresult could be arti cially achiezed by
overestimatinghe modelor measuremengrrorin the |-
ter's covariancematrices.

Finally the roadinformationis accountedor usingtwo
criteriain methodl. Theroadsegmentselectiorfor agiven
track usesindependensourcesand combinesthemin the
samemannethanfor associationresultingin alow compu-
tationload. In themassfunctioncombinatiornprocesscon-

ict betweerthecriteriacanarise requiringdedicatedech-
niguesfor con ict managementausingadditional com-
plexity.

Method?2 integratesa VS IMM methodwithin the MHT
framavork combiningthe bene ts of bothapproaches.

5 Conclusion

An evidential/fuzzytrackingapproachhasbeendescribed
for tracking multiple tamgets. Independentinformation
sourcewereusedto quantifybeliefin associatiorbetween
thepredictionof existingtargetsandobsenationsby means
of massfunctions. Thesewere combinedto computethe
costof eachindividual association. The Hungarian algo-
rithm wasusedto selectthe bestassociatiorfree from ary
ambiguityor con ict, basedon a global costcriterion. A
methodfor selectingaroadsegmentfor eachtargetwasde-
scribedusingmassfunctionsfor alocationandanvelocity
orientationcriterion. The combinationof both criteriare-
guiresacon ict managemennethod.

We have describecisecondnethodbasedntheintegra-
tion of the VS IMM algorithmin the MHT generalframe-
work.

Comparingboth track methodsshows thatthe MHT al-
thoughit is derived from a well establishe@ptimal proba-
bilistic approachneedsa carefulevaluationof its operation
parametersuchasfalsealarmdensity averagetracklife or
detectionprobabilityfor correcttracking. In factthe MHT,
asaBayesiammethod,usesmuchprior information.

TheclassicaMHT approachis morereassuringinceall
parameterbiave a theoreticaimeaningwhereaghe means
to controlthe evidence-basethethodaremoreexperimen-
tal.

The MHT approachgven whenit is optimisedwill al-
waysrequirea high computingprocessindoad. Theinte-
grationof theVS IMM for usingtheroadinformationis not
more comple thanusingan IMM. On the otherhand,the
evidentialapproachhasicallyrequiredittle computing,but
the managemenof imprecision,uncertainty and con ict
canbecomecomple whenseveral criteriaarecombined.

The evidential methodoffers a numberof intuitive ways
to directly actuponprecisefeaturedik e measuremenin-
certainty inclination for associationsensorreliability. An
additionaladwantageof this framework is thatit allows to
quantify con icting beliefs,andto determinghecon ict's
origin.

A promisingideais to usean evidential approactinside
the MHT framework for hypothesismanagementThis al-
lows to measurehe degreeof belief on basicassociation
hypothesisor on families of hypothesissuchastamet de-
cidedto take roadj. Whenthe belief is sufciently con-
centratednthesesinglehypothesisa harddecisioncanbe
taken, thatsimpli es the hypothesidree. Corversely if to
muchmassstill remainson disjunctionsof basichypothe-
sis, thenthe branchesn the hypothesistree mustbe kept
and expandedto the next measuremenscan. In spite of
thecautionthatis neededo formalizetheframeof discern-
ment, the massfunctions and the combinationoperators,
we think that integrating meansto manageuncertaintyas
well asimprecisionsensoreliability andcon ict in proven
trackingapproachesanleadto improved trackingin real
world groundsuneillanceapplications.
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