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Abstract – This paper examinestwo multiple ground target
tracking methods.Their speci�city is that they usethe road net-
work as additionalprior geographical informationto further re-
�ne thetargets' stateestimation.The�r st methodis basedon be-
lief functionstheoryfor associatingmeasurementsto predictions
as well as for determiningthe road segmentrelativeto an exist-
ing target. Thesecondmethodusesa VariableStructure Interact-
ing Multiple Model methodintegrated in a Multiple Hypothesis
Trackingframework(MHT VS-IMM).Finally bothapproachesare
comparedsuggestingthepossibilityof usingtheadvantagesof the
evidentialapproach insidethewell establishedMHT framework.

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

1 Intr oduction

This paperfocuseson a typical groundtarget trackingap-
plicationfor which theEADS company is currentlydevel-
opingseveraldatafusionalgorithms.Thealgorithmscon-
tributeto fusesensordatato produceinformationto bedis-
playedon a single integratedgroundpicture. Much work
hasbeenconductedin the last threedecadeson the for-
malizationof Bayesianprobabilisticsub-optimal�lters to
handlemulti target, multi-sensordatafusion for air traf�c
controlandgroundtargetsurveillance,see[1, 2, 3]. In re-
centyears,someattentionandresearchhasfocusedon the
integration of prior knowledgerelative to terrain features
insidethetrackingprocess.Morespeci�cally, theroadnet-
work information,relevantfor tracksthatcannotexit intoan
open�eld, hasoftenbeenusedin vehiclelocalizationappli-
cationswheremeasurementof onboardsensors(telemetry,
electro-opticalsensors,odometer)arecombinedwith GPS
measurements.

The groundtargetsconsideredin this paperaremainly
vehicles:civil cars,trucks,tanks,thatarestrictly linkedto
the roadnetwork. However peopleandbuildings canalso
be usualtargetsin our surveillanceapplications.Also all
targetsaren't usuallystrictly linkedto roads.

Thesekind of groundscenariosoffer thefollowing chal-
lengesrelative to target behavior and detection,let alone
thedif�culties regardingtheuseof multiple sensorswhich
observation volumescanoverlap. The groundtargetsare
numerous,often closelyspaced,canmerge into groupsor
leave them. Several targetscanappearasa singleplot if
they are far enough. They can be hiddenby vegetation

or terrain, and their detectioncan be perturbedin dense
falsealarmareas.The groundtargetscanalsoaccelerate,
stop,suddenlychangetheir direction,exit roadsor stopin
an areawherethey arenot visible (forest, tunnel). These
speci�cities can't entirely be handledby an automaticfu-
sionalgorithmanda numberof operatorinteractionsmust
bede�ned.

Thiswork assumesthatthealgorithmis connectedwith a
GISthatcanprovideanumberof groundfeaturesrelativeto
a givenlocation,suchasthenearestroadsegments,thelo-
cal terrainnature,terrainelevationandslope.Theonly ter-
rain informationusedhereis theroadnetwork information,
with is modeledasa setof roadsegments:a pair of way
points. This paperexaminesan evidential approachanda
Bayesianprobabilistictracking method. Both algorithms
investigatedhereuseasingleGMTI sensor. Also, sincethe
studyfocusesonmeasurementmodeling,association,�lter -
ing anddecision,themeasurementdataarealreadyaligned
andarede�ned hereas2D positioncoordinateswith their
covariancematrix.

Section2 examinesa �rst algorithmthat is basedon the
PhD.researchof GruyerandRoy�ere[4, 5], andNajjar [6].
It modelsmeasurementsand the target internal stateas a
fuzzy set. Theassociationbetweenstatepredictionsof ex-
isting targetsandthenew measurementsis doneusingthe
DempsterShafertheoryusingadistancecriterion.Oncethe
new stateestimationof eachtarget is computed,the road
informationis usedto associateeachtargetwith aroadseg-
ment.Thechosenroadsegmentis thenusedasanobserva-
tion to re�ne thestateof thetargetrelatedto it.

Section3 describesaprobabilisticapproachbasedonthe
Multiple HypothesisTracking(MHT) in which a Variable
StructureInteractingMultiple Model (VS IMM) is inte-
grated. The hypothesisareorganizedin a hypothesistree
andsymbolizethe threedifferent interpretationsof a new
measurement.It caneitherbe the �rst measurementof a
new track, a falsealarm, or the detectionof an existing
track. Thus eachnodein the hypothesistree is an asso-
ciationhypothesisthatde�nestheroleof thenew measure-
ment.Thisis why theMHT is consideredasameasurement
orientedalgorithm.Thedynamicmodelsthatagiventarget
can follow are handledas sub hypothesis,within a given
associationhypothesis.Thespeci�city of theVS IMM ap-
proachis that the setof dynamicmodelsthat a target can



follow dependson the roadsegmentslocatednearthe tar-
get'spredictedposition.Wewill explicit how to constructa
dynamicroadmodelrelatedto thedirectionandthewidth
of theroad.Section4 analysesbothalgorithms,thanhigh-
lights theoriginality of eachapproach.Finally concluding
remarksin section5 examinehow eachtechniquecanbring
improvementsto theother.

2 The fuzzy setapproach

The �gure 1 shows the main stagesof the algorithm that
aredescribedhereunderin the following sub-sections2.1
to 2.8.

Fig. 1: DSTalgorithmbasedon fuzzymeasurementmodel

2.1 Measurementmodel

It is assumedthat thealignmentprocesshasconvertedthe
measurementsin a Cartesiancoordinatesystemin which
the measurementsaswell asthe targets' internalstateare
expressed.Thefuzzy measurementis de�ned by threepa-
rameters: the meanposition, the support,and its uncer-
tainty. Figure 2 shows a two dimensionalexampleof a
fuzzymeasurement.Thesupportof thefuzzymeasurement
indicatesthelocationswheretherealmeasurementcanpos-
sibly fall, whereasthe uncertaintyindicatesthe belief that
the measurementis relative to an actualtarget of interest.

Fig. 2: Fuzzymeasurementmodel

Thesensor's reliability will beusedlater in theassociation
process.

Theconstructionof thefuzzy measurementresultsfrom
thepartitionof themeasurementspacein asetof fuzzysets.
Figure3 shows anexampleof a measurementspaceparti-
tion in onedimension(adistancemeasurementhere).Note

Fig. 3: Exampleof measurementspacepartition

that the precisionof the sensordecreasesasthe distances
arebig. ThemeasurementM indicatesa distancedM that
activatesthefuzzysetsS4 andS5 respectively with adegree
of 0.8and0.2.

This approachcanbe generalizedto a two dimensional
spaceandusedwhenseveralsensorsexaminethesamearea
at thesametime. All themeasurementsareusedto activate
the fuzzy setsin themeasurementspace,andtheseactiva-
tionsarecombinedwith thedisjunctive operatormax.This
combinationresultsin a multimodal fuzzy measurement.
The membershipdegreesareweightedby a measurement
densitythat indicateshow many times a given individual
fuzzysetwasactivated.This allows a betterdistinctionbe-
tweenfalsealarmsandactualtargetsfor objectextraction
from themultimodalfuzzymeasurement.Theuseof aden-
sity measurementhowever only makessensewhenseveral
sensorsprovide redundantdataon a given area. We con-
siderthatthemeasurementprocessproducesperceivedob-
jectsin the form of a supportanda uncertainty. They are
denotedX i for i = 1 to M in the sequel,andwill be as-
sociatedwith the statepredictionsof existing targets,also
modelledasfuzzy sets,andlater denotedYj for j = 1 to
N .

2.2 Inter nal statemodeland dynamic model

In orderto trackobjects,weneedto predictthefuturestate
of existing targetsat time tk , at the later time tk+1 when



thenew measurementsarereceived.Theinternalstate's lo-
cationis modelledasan interval pair I = [d1; d2; d3; d4],
asshown in �gure 4. Note that this generalizesthe repre-

Fig. 4: Representationof a fuzzy internalstate

sentationin �gure 3 whered2 = d3. Thepredictionusesa
constantaccelerationdynamicmodelandanextendedde�-
nition of addition,substraction,multiplicationanddivision
adaptedto theinterval pairsI x andI y for atwo dimensional
state.

The completeinternal stateis modelledby a fuzzy set
in position, speedand acceleration,and the predictionis
computedusingtheevolutionmatrix [A] asfollows:

[xk+1 jk ] = [A]:[xk jk ] (1)

where[xk jk ] = (x t k ; _x t k ; •x t k )t and

[A] =

2

4
1 � t (� t)2=2
0 1 � t
0 0 1

3

5 : (2)

Notethatwhena target's internalstateis initiatedby a sin-
gle fuzzy distancemeasurement,only the location x t k is
known, andprior valuesareusedto de�ne thefuzzy speed
_x t k and acceleration•x t k , that are modelledas shown in
�gure 4 with a certaintyof 1. The four valuesof the ac-
celerationinterval pair a1, a2, a3, and a4, representthe
prior knowledgeon typical accelerationvaluesrelative to
strong unlikely manoeuvres,and usual soft manoeuvres.
When the target's stateis updatedafter associationof its
predictionwith a fuzzy measurement,thespeedis updated
with the two last positionmeasurementsassociatedto the
track. Notethat theaccelerationpro�le usedin thepredic-
tion staysthesameandtakesinto accountthevariationof
the real target motion relative to a constantspeedmodel.
Notealsothatequation(2) doesnotmodify thecertaintyof
thepredictedlocationbut only theinterval values.Thepre-
dictionsrepresentthe perceived objectsdenotedYj in the
sequel;thenext sectiondetailshow to computethesimilar-
ity betweenanew measurementX i andthepredictionof an
existingobjectYj leadingto themassfunctionlaterusedin
association.

2.3 Computation of the similarity betweena
prediction Yj and an observation X i

Thesimilarity computationbetweenthetwo fuzzy setsde-
scribedhereis basedon a geometricalapproachthat han-
dlessetswith variablecertaintyandimprecisionandreturns

arealvaluebetween0 and1 for a totaldissimilarityandto-
tal similarity respectively. Thesimilarity value(latercalled
sij ) is basedontheratioof a) thevolumeof theintersection
betweenX i andYj andb) thetotal volumede�ned by X i .
Figure5 shows a partial similarity betweenX i andYj in
thecaseof aonedimensionalmeasurementspace.

Fig. 5: Similarity betweenX i andYj

2.4 Generationof a massfunction corresponding
to the similarity betweenYj and X i

The similarity sij computedabove is a critical value that
mustbeexpressedasamassfunctionthatwill laterbeused
in theassociationprocess.This sectionis basedon [4] that
de�nes anddescribeshow to build a specializedinforma-
tion sourceasamassfunction.Thespecialized-or indepen-
dent- sourcegivesits opinionon thebelief thatperceived
objectX i is similar- andcanbeassociatedonalocalization
basis-to existing objectYj in the form of a massfunction
m


i;j de�ned on 
 = f ! j ; j = 1; � � � ; N g. Eachsingle-
ton in 
 mapsa speci�c relationbetweenperceivedobject
X i andexisting objectYj (! j

$= X i $ Yj ). A special-
ized sourceon 
 canbe de�ned andassignedbasicbelief
masseson theevents! j , ! j , and
 . Theframeof discern-
mentof thisparticularsource,thatfocusesonperceivedob-
ject X i only is thusmadeof the singlehypothesis.These
threeeventsde�ne respectively a relationshipbetweenX i

andYj , anabsenceof relationshipbetweenX i andYj , and
total ignorance. The closer the fuzzy measurementis to
theprediction,theclosersij getsto 1, thehigherthemass
on becomes.Figure6 illustratesa de�nition of themasses

Fig. 6: Massfunction generationbasedon similarity sij

betweenX i andYj

functionsof thedissimilarityvalue1� sij . Notethatthein-



formationsourceis specializedandneverpretendssimulta-
neouslythatX i is andis not in relationshipwith Yj . When
the masson ! j is positive, thenthe masson ! j is 0, and
conversely. The masscurves can be derived from a sine
function.

Two parameters� (� = 0:6 in �gure 6) and� canbeused
to take into accountthetendency to associateeasilyandthe
sensor's reliability. Thelower � , thefasterthemasson the
hypothesis(! j = X i $ Yj ) will decrease.This is a pes-
simisticapproachwheremeasurementandpredictionneed
to beclosefor associationto beconsidered.This approach
workswell whenthedynamictargetmodelsandthesensors
areprecise.But it canleadto dismisscorrectassociations
that canresult in non detectionand�nally track loss. In-
verselyahighvaluefor � favorsassociationwhichcanlead
to numerousambiguitiesandcon�icts whenit comesto ex-
aminingassociationsbetweenall X i andYj .

Thereliability of thesensoris thebelief thatit is in nom-
inal operationconditionswhenit deliversits measurement.
Whenthe con�denceon the sensor's reliability is low, we
justdiscountthebasicbeliefassignmentandthentransfera
partof themassfrom ! j and! j on total ignorance
 .

2.5 Generationof a massfunction relating X i to
eachYj and assignment

We describehere the combinationof all the specialized
sourceson eachobjectYj . Thesesourceseachgive their
opinion on whetherthe object X i is relatedto Yj . The
questionis to which existing objectYj is the observation
X i underconsiderationrelated?Theopinionsproducedby
theN specializedsourcesarecombinedin theframeof dis-
cernment
 � = f 
 ; �g wherethe symbol � refersto all
possibleeventsthat arenot coveredby the ! j . This way
the frameof discernmentde�ned by the setof hypothesis
f ! 1; � � � ; ! N ; �g is exclusiveandexhaustive, it is calledthe
open-extendedworld in [5]. The event (X i $ � ) means
that theobservation isn't associatedwith any known exist-
ing objectYj . ThusX i caneithercomefrom a new target
or a falsealarm.TheN massfunctionsm 


i;j previouslyde-
�ned arethencombinedon 
 � which imposesto take their
extensionson 
 � .

The combinationprocessof the N massfunctions is
basedon theDempstercombinationandis detailedin [4].
This leadsto a resultingmassfunctioncalledm 
 �

i;: de�ned
asfollows:

m
 �

i;: =
NM

j =1

m

i;j (3)

which givesanopinionon the relationshipof X i to all el-
ementsin 
 � . Equation(3) allows us to quantify the rela-
tion to theexistingpredictionsfrom anobservationpointof
view. In the samemanner, the basicbelief functionsm 
 �

i;j
can be aggregatedin order to evaluatethe relation to the
observationsfrom a predictionpoint of view. This leadsto
thefollowing equation:

m
 �

:;j =
MM

i =1

m

i;j (4)

whereM is the total numberof perceived objects. This
processcanleadto ambiguitiesandcon�icts. Ambiguity is
de�ned if a perceived objectX i canbe associatedto sev-
eralexisting objectswhile con�ict ariseswhenassociating
asingleexistingobjectwith severalperceivedobject.

Theassociationalgorithmis basedon theanalysisof the
two massfunctionsm 
 �

i;: andm
 �

:;j .
In order to have a numberof measurementsequal to

thenumberof predictions,�cti veobjects(measurementsor
predictions)areaddedwith zero-beliefthatthey canbeas-
sociatedwith a counterpartobject. Thustheassignmentis
performedbetweentwo setsof the samesize. The global
belief of associatingeachYj to eachX i is thengiven by
averagingthemassesde�ned by m 
 �

i;: andm
 �

:;j .
Next the massesarereplacedby 1 minustheir valueso

that they areconsideredascosts.Theassignmentproblem
should minimizetheglobal costcriterion,andtheHungar-
ian algorithmis used.Theassignmentlinks eachmeasure-
mentto a singleexisting trackpredictionor � , producinga
decisionfreefrom any con�icts andambiguities.All obser-
vationsarerelatedto onepredictionor to � . This last as-
signmentmeansthat theobservation is eithera falsealarm
or a new track. Similarly, somepredictionscanalsobere-
lated to � which meansthe existing track disappeared,or
was not detected. Gruyer [4] gives an expressionof the
con�dencerelatedto theassignmentof N observationsand
M predictions.Let Cij be the global belief of linking X i

to Yj andx ij a binary valueequalto 1 if the assignment
associatedX i andYj and0 otherwise.Thenthecon�dence
on theassignmentis givenby:

	 =

P N
i =1

P M
j =1 x ij Cij

min (N ; M )
: (5)

2.6 Track management

A con�dencevalueis updatedon eachtrack,that indicates
thebelief that thetrack is relative to a realsingleobjectof
interest. As detailedin [4], the moreoften new measure-
mentsareassociatedto a given track, the higher the con-
�dence on this trackbecomes.Inversely, eachtime a scan
of measurementsarrives,andthatnoneis associatedto the
track,its con�dencedecreases.Theinitial con�dencevalue
of a trackthatis initiatedby a singlefuzzy measurementis
either�x edat anarbitraryvaluedependingon theapplica-
tion, or dependsuponthemeasurementdensity. In this last
case,thetrackerreceivesredundantinformationandseveral
measurementscanactivatethesamefuzzyset(themeasure-
mentspaceis partitionedinto fuzzysets).Themoreredun-
dantmeasurementsthe sensorsproduceon the target, the
higher the initial con�denceis. Note that the con�dence
is updatedonly after association,andthat its value is un-
changedduring the predictionprocess.Figure7 shows a
geometricalway of updatingthe track's con�dence,repre-
sentedontheordinateaxis.Theabscissaaxisrepresentsthe
normalizedupdaterate.It is computedonaslidingwindow
and equals1 if eachscaninside the sliding window pro-
duceda measurementthatwasassociatedto thetrack.Fig-
ure7 shows thestepsfor increasingthecon�dencewhena



Fig. 7: Updatingthetrackcon�dence

measurementis receivedthatis associated1.

2.7 Road network exploitation using belief
functions theory

Onceassociationandtrackupdateareperformedtheinter-
nal statein positionandspeedis availablefor eachtrack.
The roadnetwork is modeledasa setof segmentswhich
locationsareknown. Consideringthat the tracksmove on
roadsonly, thequestionis to �nd thecorrectroadsegment
for eachobject in track. First a windowing is performed
aroundthelocationof eachtrackde�ning asubsetof possi-
ble roadsegmentsfor eachtrack.Roy�ere[5] andNajjar [6]
have studiedtheuseof two geometricalcriteriato quantify
thesimilarity betweenthetrack'sstateandagivenroadseg-
ment. The roadsegmentselectionproblemis represented
in �gure 8. First thepositioncriteriaassumesthatthetrack

Fig. 8: Roadsegmentselectionproblem

positionis closeto the centerline of the roadit is follow-
ing. Secondthe velocity orientationcriteria assumesthat
thetrack'sspeedvectoris parallelto theroadsegment'sdi-
rection.Thegoalis to decide,for agiventrack,whichof S
roadsegmentsSi (i = 1 to S) insidethewindow this track
is following. Theframeof discernmentfor a giventrackis
the setof basichypothesis:S = f S1; : : : ; SN g. Ref. [5]

1Curveaallowsthecertaintytoclimb rapidlywith alow updat-
ing rate;curvec is neutral,andontheotherhand,curveerequires
a high updaterateof the trackby measurementsfor it to survive
in thetracker. Curve a is usedwhenthetrackvisibility is low, or
that the sensoris in a degradedoperationmodesincethesecon-
ditions causemissingor erroneousmeasurementsthat limit the
associationrate. Inverselycurve e is usedwhenthe target hasa
high detectionprobability, the sensorsarepreciseandthe target
dynamicmodelis preciselyknown.

presentstheopenextendedworld whereS is augmentedby
anotherhypothesis� , whichmeanthatthetargetundercon-
siderationis somewhereelsethat on the known segments
Si . ThusS becomesS� = f S1; : : : ; SN ; �g . Theopenex-
tendedworld approachassumesthat if thecombinationof
severalmassfunctions,providedby severalsensorsobserv-
ing the sameobject,producesmasson ; , this implies that
oneof thesensorsisn't reliable.On theotherhand,if mass
is producedon � , thismeanstheobservedobjectscomplies
partly with theadditionalevent � . In thecurrentroadseg-
mentselection,� meansthatthetargetis onaroadsegment
that is not yet registeredin the GeographicalInformation
System,or that it hasexited the road into an open�eld.
The modellingof the relationshipbetweenthe track anda
givensegmentSi accordingto a givengeometricalcriteria
(locationor velocity orientation)is similar to theapproach
describedin Secs.2.4and2.5.Thisrelationshipis modeled
by a massfunctionon theelementsSi , Si andS whereSi

includes� . Thusfor a giventarget,M criteriaandN road
segments,wecancomputeM � N massfunctions.

TheM � N massfunctionsarecombinedwith theDemp-
stercombinationrule; �rst the two geometricalcriteriaare
combinedfor eachroadsegment. This resultsin N mass
functionsrelative to the N segments. Note that someof
thesefunctions can contain masson ; meaningthat for
that particularsegment,the positionandorientationcrite-
ria arein con�ict: they do not producethesamedecision:
one favors Si , whereasthe other puts more emphasison
Si . Next the N massfunctionsarecombined.Finally the
pignistic transformation[7] producesa masson eachSi ,
� , and; , allowing an immediatedecisionconsideringthe
segmentthat hasthe maximumpignistic probability. This
two-stagecombinationmethodis practical,but canleadto
ahighmasson; dueto apossiblecon�ict betweencriteria,
evenif thesensorsareall reliable.Thecon�ict appearsbe-
causeeachindependentsourceconsidersa singlesegment,
ignoringtheothers.This reducesthereliability of the�nal
decision. The masson ; requiresa con�ict management
methodusinga conjunctive-disjunctive operatorasstudied
in [5]. Notethatanadditionalcriteriasuchasroadcontinu-
ity (thetrackstaysonthesameroadbetweenjunctions)can
beused,see[6].

2.8 Track update basedon the selectedroad
segment

The track's location and speedinternal stateis expressed
in the form of fuzzy sets. The selectedroadsegmentcan
beusedasanadditionalobservation,andupdatetheprevi-
oustrack internalstateby Kalman�ltering, seeNajjar [6].
For this purpose,the internal statecan be expressedin a
statisticalformalismby a meanvectorandthecorrespond-
ing covariancematrix for the target's locationand speed.
Themeanvectormustbe insidethefuzzy setsupport,and
thestandarddeviationof eachcomponentshouldby in pro-
portion with the correspondingsupportvalue. In [6], the
selectedroadsegmentprovidesa mapobservationthatup-
datestheabove internalstateby linearKalamnestimation.
Themapobservation is completedby anobservationerror



covariancematrixwhichexpressestheprecisionof thecho-
sensegment. The standarddeviation of the locationerror
orthogonalto the roadsegmentcorrespondsto the road's
width; the location error parallel to the road segment is
higherandis in proportionof thesegment's length.Finally
the localizationprecisionof the map featuresthemselves
mustbe addedto the mapobservation covariancematrix.
Thuseachtarget thatcouldberelatedto a roadsegmentis
updatedandits stateis representedwith a meanvectorand
its correspondingcovariancematrix. The latercanthenbe
convertedto fuzzy setsso thata new associationwith new
measurementscantakeplace,asseenin Sec.2.5.

3 Advantagesand drawbacks of a MHT VS
IMM approach

Thissectiondescribesthefeaturesandoperationconstraints
of aMHT-IMM tracker. Theuseof aVariableStructuredy-
namicmodelsetinsteadof a �x edmodelsetseemsto bea
logical andconvenientadaptationto theMHT IMM in or-
derto accountfor theroadinformation.Featuressupported
by theMHT VS IMM arenow comparedwith their coun-
terpartsin the evidential approachdescribedin section2
in termsof estimationprecision,robustness,overheadand
computationalload.

3.1 Stateand measurementmodelling and basic
MHT approach

Thestateandmeasurementsaremodelledwith thestatisti-
cal formalismusedin the optimal linear Kalman�ltering.
They areconsideredasGaussianrandomdistributions,that
can be completelyrepresentedby a meanvector and the
correspondingcovariancematrix. A good way to under-
standandto describethe MHT approachis to considerit
asageneralizationof thesuboptimalProbabilisticDataAs-
sociationFilter (PDAF), for a single target, and the Joint
ProbabilisticData AssociationFilter (JPDAF) [2]. How-
ever, unlike thesealgorithms,the MHT is a measurement
orientedmethodin that it considerseachmeasurementre-
ceivedin anew scanaseithera) thedetectionof anexisting
track, b) a falsealarm,or c) the detectionof a new track.
Also two measurementsin thesamescancannotupdatethe
sametrack. RealMTI scansaremadeof severalhundreds
of measurements.Thereforeit is impossibleto keeptrack
of all possiblehypothesis;ef�cient hypothesistreemanage-
mentmethodswill bedescribed.

Let usde�ne � k ;l anassociationhypothesiswherek in-
dicatesthetimeof thescanunderconsiderationandl is the
node(or hypothesissee[2]). A hypothesiscanbeconsid-
eredasan”associationlandscape”thatde�neshow all mea-
surementsthatwerereceivedareassociated,andthatmost
of all de�nes witch measurementsareusedto form tracks.
Thegoalof theMHT is to singleout themostprobablehy-
pothesis.Ideally, if all parametersarewell modelled,anda
suf�cient numberof hypothesisarekept,thentherealasso-
ciationhypothesismuststandout. As aBayesianalgorithm,
theMHT computesaposteriorprobabilityfor eachhypoth-
esis,denotedPf � k ;l jZ k g. This notationindicatesthat the

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

Pf � k ;l jZ k g =
m kY

i =1

[N t i [
�
zi (k)]] � i � �

F T � �
N T

�
t 2 � k � 1 ;s (P � t

D :(1 � PD )1� � t )

(e�
( t k � t k � 1 )

� 0 )1� � t (1 � e�
( t k � t k � 1 )

� 0 ) � t

Pf � k � 1;s jZ k � 1g
1
c0 (6)

Equation6 representsthe Bayesianapproachwhere the
posteriorknowledgePf � k � 1;s jZ k � 1g at scank � 1 be-
comesprior knowledgewhen measurementsfrom scank
arrive. Thusthehypothesisprobabilitiesarecomputedre-
cursively. Equation(6) shows thekind of prior knowledge
that is neededfor theMHT operation.First � F T and� N T

arethevolumicdensityof falsealarmsandnew trackdetec-
tions.Thesecanpossiblybeadaptedto thespeci�c scanned
area. The numberof measurementsin the scanis called
mk . The averagelife time of a track is called � 0. Vari-
ables� and� arerespectively thenumberof measurements
consideredas falsealarmsand as new tracksin the scan
k, accordingto thede�nition of thehypothesis� k ;l under
consideration.The volumic probability densitythat exist-
ing track t i producesa measurementat location ~zi (k) is
called [N t i [~zi (k)]]. The producton all existing tracksin
hypothesis� k � 1;s is denoted �

t 2 � k � 1 ;s . Theeventthatmea-
surement~zi (k) is thedetectionof anexisting trackis sym-
bolizedby theboolean� i . Theeventthattrackt 2 � k � 1;s

is detectedin scank is denoted� t . The detectionprob-
ability of an existing track is denotedPD . Note that this
probabilitycanbeadaptedto eachexistingtrackprediction.
Finally c0 is thesumof all theexpressionssimilar to thatin
brackets in equation(6), relating to all the otherpossible
associationscenarios� k ;l . This guaranteesthatthesumof
Pf � k ;l jZ k g overall � k ;l is 1.

3.2 Insertion of the IMM method inside the
MHT framework

The hypothesistree de�nes all the possiblemeasurement
associationhypothesis. The posteriorprobability of each
hypothesiscan be computedusing the previous posterior
probability of the ”f ather” hypothesisin the tree by the
Bayesianrecursiveequation(6).

It is fundamentalto note that inside a given associa-
tion hypothesis� k ;l , it is possibleto de�ne a setof sub-
hypothesisthat specifywhich dynamicmodeleachtarget
is following, betweentime tk � 1 and current time tk . If
thereexistsN targetsin � k � 1;s , andM dynamicmodels,
thenthenumberof subhypothesisinsidetheMHT nodeis
N � M . Therecursive equation6 caneasilybeupdatedto
take thesedynamicmodelsub-hypothesisinto account.

A VariableStructureIMM canbe insertedin the MHT
framework as well, when the targetsunderconsideration
areassumedto be linked to the roadnetwork. In this case
theIMM' s dynamicmodelinteractionthat takesplacejust
after updatingat time tk � 1 mustbe modi�ed. Insteadof



consideringa �x edmodelstructure,themodels(theroads)
that a given target can follow from time tk � 1 to time tk

dependon the roadjunctionsthat aretraversedduring the
trajectorypredictionfrom tk � 1 to tk .

The useof a variablestructureallows to consideronly
the modelsthat the target canpossiblyfollow. Moreover
themodelsareprecisesincethey arebasedon known road
characteristics.The roaddynamicmodelsassumethat the
targets'velocitiesareparallelto theroaddirection,andthat
their positionis on the roadcentre-line.The modelnoise
that is expressedin the modelnoisecovariancematrix ac-
countsfor unknown manoeuvresparallelandorthogonalto
the road's direction. In particularthe model noisein lo-
cationorthogonalto the road's directionin functionof the
road'swidth. Themoreprecisethedynamicmodelsare,the
moreaccuratetheinternalstateestimationis.

3.3 Managementtechniquesspeci�c to the MHT

Somehypothesismanagementmethodmustbeusedto limit
the combinatoryexplosion of the numberof hypothesis.
First it is possibleto partitionthesurveillanceareainto in-
dependentgeographicalsectorswhere independentMHT
trackersoperate.This is calledclustering. Two indepen-
dentMHT algorithmsfusewhentheir hypothesisgenera-
tion cannotcontinueindependently. This happenswhen
tracks from both MHTs competefor the samemeasure-
ment.Second,a validationwindow canbeusedaroundthe
predictionof eachtrack to limit the numberof measure-
mentsthat areprocessed.Measurementsthat fall outside
thesewindows initiateanew MHT algorithmthatmayfuse
with existing tracksafterawhile. A classicalwayof reduc-
ing hypothesisin a tree is pruning,consistingin deleting
hypothesiswith the lowestprobabilities.Combiningis an
otherpossiblesimpli�cation in thetree,consistingin iden-
tifying associationscenariosthat producethe sametrack
”landscape”.Thesemanagementtechniquesalsorequirea
noticeablecomputingload,althoughthey aremandatoryfor
anMHT to operate.

3.4 Track management

Eachtrack insideeachassociationhypothesishasa score
that is updatedaftereachscan,which allows thecon�rma-
tion of tentative tracks,aswell astrackdeletion.Thescore
of agiventrackis theratioof thescenario's (or hypothesis)
posteriorprobabilityto theprobabilityof thesamescenario
wherethetrack's measurementsareall consideredasfalse
alarms.Hencethetrack'sscoremeasuresits contributionto
theprobabilityof thescenariothatincludesit. Themorethe
track detectionsatis�es the parametersusedfor the MHT,
thehigherthescoreincrements.Thescoredecreaseswhen
anexistingtrackis notdetected,but hereagain,if thespeci-
�ed detectionprobabilityis low, andthetrack'saveragelife
time is low, thenthescorewill experiencea limited slump
becausethealgorithmconsidersanondetectionasnormal.

4 Featurecomparison
Thissectioncomparesthefeaturesof thealgorithmsexam-
ined in Secs. 2 and3. For moreclarity, we will respec-

tively refer to the evidential/fuzzyapproachandthe MHT
approachasmethod1 andmethod2.

Method 1 is more descriptive and provides a power-
ful and �e xible meansof expressingbelief by useof the
Dempster-Shafertheory. The�e xibility comesfrom thenu-
merousways to de�ne a frame of discernment,the mass
functions,thecombinationoperators,andthecon�ict man-
agementmethods.Method2 is morenormative. The hy-
pothesisprobabilitiesaswell as the track's scoresarede-
�ned in a theoreticalframework whereall resultscan be
demonstrated.Namely, performancepredictionscanbede-
riveddependingon thedifferencebetweentheprior infor-
mationusedin thealgorithm,andtheactualvalues.

Method 1 has little operationalrequirementswhereas
the optimal linear estimationin method 2 requiresthat
modelandmeasurementnoisesbe Gaussianandindepen-
dent.Theseconditionsarerarelymet.HowevertheKalman
�lter andprobabilisticmethodsthatuseit arerobustto �uc-
tuatingmeasurementconditions,concerningtrack mainte-
nance.

Method 1 modelsmeasurementsand internal statesin
an economicalway using fuzzy setsthat supportimpre-
cision aswell asuncertainty. A lower uncertaintyresults
from redundantmeasurementsthatactivatethesamefuzzy
set.Also thesensor'smeasurementspacecanadaptively be
partitionedin fuzzy setsre�ecting thesensor's characteris-
tics in differenttrack-sensorgeometricalcon�gurations.In
method2, stateandimprecisionareaccountedfor but in a
morecomplex statisticalformalism.Sensorprecisionis ac-
countedfor; but thereis no provision for targetcertaintyor
sensorreliability in themeasurementprocessesmodelling.
Sensorreliability canbe re�ected by �xing propervalues
for thefalsealarmvolumic densityandthedetectionprob-
ability, functionof spaceandtime.

Associationis one of the featureswhereboth methods
differ themost,in theapproachandin thecomputingload.
The economicalway of modellingmeasurementsandtar-
getstatepaysoff; indeed,thecomputationof thesimilarity
betweenpredictionsandobservationsis simple,aswell as
the determinationand combinationof the massfunctions
providedby eachindependentinformationsource[4]. The
assignmentis performedon a simplecriterionandthe ”*”
hypothesisallows to managetheevent thatanobservation
can't beassociatedto any existing track,or thatanexisting
trackhasnot beendetected.Method2 providesa moreex-
haustiveframework sinceacompletehypothesisgeneration
is performedon the threepossibleorigins of the measure-
ment.This causesa high computingloadandnecessityfor
treemanagementmethods[1]; however thismethodclearly
differentiatesafalsealarmfromanew target,whichmethod
1 doesn't.

The track stateupdatingin method1 is alsosimple: in
someapplications,the new statetakes the valuesof the
measurementthatwasassociatedto theprediction.In other
cases,the measurementsthat wereusedareweightedrel-
ative to their similarity to the predictionthey were asso-
ciated to, and make up the updatedstate. On the other
hand,Kalman�ltering resultsfrom estimationtheory, and
usesprecisedynamicandmeasurementmodels.Depending



on theimprecisionof thesystemandmeasurementprocess
andthecorrelationbetweenmeasurementvaluesandtarget
state,the�lter balancesthecon�denceon thepredictionor
on themeasurement.

Method1 accountsfor the sensorreliability in that the
sourcesincreasemasson ignorance(� ) insteadof making
an assertion.Method2 again usesthe falsealarmdensity
andthe detectionprobability but thereis no separatecon-
siderationonmeasurementuncertainty(is themeasurement
relativeto anobjectof interest),andsensorreliability (is the
sensoroperatingasit is supposedto).

Both methodsquantifythecertaintyrelative to tracksby
a scorethatcanleadto trackdeletion.Method1 �rst uses
thecertaintyfrom themeasurementdensitywhenthetrack
is created,thena very empiric methodfor track certainty
update,which doesn't accountfor similarity betweenpre-
dictionandtheassociatedmeasurement.However thissim-
ilarity wasaccountedfor to selecttheglobalassociationand
to computethecon�denceon theassociation,seeEq. (5).

Method1 allows to regulatetheeaseto associateby �x-
ing the pro�les in �gure 6. An optimistic curve would al-
lows moremassto be put on associationevents. Method
2 usesno dedicatedparameterto in�uence association,al-
though the sameresult could be arti�cially achieved by
overestimatingthe modelor measurementerror in the �l-
ter's covariancematrices.

Finally the roadinformationis accountedfor usingtwo
criteriain method1. Theroadsegmentselectionfor agiven
track usesindependentsourcesandcombinesthemin the
samemannerthanfor association,resultingin alow compu-
tationload. In themassfunctioncombinationprocess,con-
�ict betweenthecriteriacanarise,requiringdedicatedtech-
niquesfor con�ict managementcausingadditional com-
plexity.

Method2 integratesa VS IMM methodwithin theMHT
framework combiningthebene�tsof bothapproaches.

5 Conclusion
An evidential/fuzzytrackingapproachhasbeendescribed
for tracking multiple targets. Independentinformation
sourceswereusedto quantifybelief in associationbetween
thepredictionof existingtargetsandobservationsby means
of massfunctions. Thesewerecombinedto computethe
costof eachindividual association.The Hungarianalgo-
rithm wasusedto selectthebestassociationfreefrom any
ambiguityor con�ict, basedon a global costcriterion. A
methodfor selectingaroadsegmentfor eachtargetwasde-
scribedusingmassfunctionsfor a locationandanvelocity
orientationcriterion. The combinationof both criteria re-
quiresacon�ict managementmethod.

Wehavedescribedasecondmethodbasedontheintegra-
tion of theVS IMM algorithmin theMHT generalframe-
work.

Comparingboth trackmethodsshows that the MHT al-
thoughit is derivedfrom a well establishedoptimalproba-
bilistic approach,needsacarefulevaluationof its operation
parameterssuchasfalsealarmdensity, averagetracklife or
detectionprobabilityfor correcttracking.In facttheMHT,
asaBayesianmethod,usesmuchprior information.

TheclassicalMHT approachis morereassuringsinceall
parametershave a theoreticalmeaning,whereasthemeans
to controltheevidence-basedmethodaremoreexperimen-
tal.

The MHT approach,even when it is optimisedwill al-
waysrequirea high computingprocessingload. The inte-
grationof theVS IMM for usingtheroadinformationis not
morecomplex thanusingan IMM. On theotherhand,the
evidentialapproachbasicallyrequireslittle computing,but
the managementof imprecision,uncertainty, and con�ict
canbecomecomplex whenseveralcriteriaarecombined.

Theevidentialmethodoffersa numberof intuitive ways
to directly actuponprecisefeatureslike measurementun-
certainty, inclination for association,sensorreliability. An
additionaladvantageof this framework is that it allows to
quantifycon�icting beliefs,andto determinethecon�ict' s
origin.

A promisingideais to useanevidentialapproachinside
theMHT framework for hypothesismanagement.This al-
lows to measurethe degreeof belief on basicassociation
hypothesisor on familiesof hypothesissuchastarget de-
cided to take road j. When the belief is suf�ciently con-
centratedonthesesinglehypothesis,aharddecisioncanbe
taken, thatsimpli�es thehypothesistree. Conversely, if to
muchmassstill remainson disjunctionsof basichypothe-
sis, thenthe branchesin the hypothesistreemustbe kept
and expandedto the next measurementscan. In spite of
thecautionthatis neededto formalizetheframeof discern-
ment, the massfunctionsand the combinationoperators,
we think that integratingmeansto manageuncertaintyas
well asimprecision,sensorreliability andcon�ict in proven
trackingapproachescanleadto improved trackingin real
world groundsurveillanceapplications.
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