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ABSTRACT

Targettracking(TT)withnon-linearkalmanfiltering(NLKF)hasrecentlybecomeaverypopular
researcharea,particularlyinthefieldofmarineengineeringandairtrafficcontrol.Contemporary
NLKFalgorithmshavebeenveryeffective,inparticular,withextensionsandmergingwithareduced
rootmeansquareerror(RMSE)value.However,thereareanumberofissuesthatconfrontNLKF
approaches,notablyweaknessinrobustness,convergencespeed,andtrackingaccuracyduetolarge
initialerrorandweakobservability.Furthermore,NLKFalgorithmssignificantlyresultsinerrorfor
highnon-linearsystems(NLS)becauseofthepropagationofuncertainty.Again,thereisaproblem
ofestimatingfuturestatesasaresultofwhitenoise.Tohandletheseissues,theauthorsproposea
novelnon-linear filteringalgorithm,called locality-sensitiveNLKF(LSNLKF) that incorporates
locality-sensitiveadaptorsintothestructureofanintegratedNLKF.Theyaretheextendedkalman
filter(EKF)andtheunscentedkalmanfilter(UKF)forTT.
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1. INTRoDUCTIoN

CurrentproliferationofDigitalandubiquitousdeviceswithitsattendantadvancementinTechnology
havecontributedimmensely,totheupsurgeinthestudyofNon-linearKalmanFiltering(NLKF)
anditsapplicationinsurveillancenetworksandMilitaryintelligencesystemsfortrackingofobjects.
Thiscomplementstheadvancementinthelifestyleofsocialbeings(Humans).NLKFisafiltering
algorithmthatisusedinlinearizingNLSforeffectivetrackingofobjectsindynamicenvironments
whichissignificantlybetterthananystrictlylinearfilter.Franklyspeaking,Ohm’slawisonlylinear
uptoacertainthreshold,however,manysystemsaremoreclosetobeenlinearsincetheygivea
satisfactoryresult(Akram,Liu,Tahir,Ali,&Wang,2019;Julier&Uhlmann,1997).Moreso,the
mosteffectiveapplicationsofKFhasbeenincircumstancesofnon-lineardynamicsormeasurements,
hencetheobjectiveistolinearizethesystemfirstandthenapplythenormalKalmanFilter(KF)to
obtainthecurrentstateofthesystemaddressedin(Musoff&Zarchan,2005).
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Furthermore,therearetwotypesoflinearizationcarriedoutwithrespecttoNLS,namelythe
linearizationof trajectoryor solutionof stochastic system(i.e. continuouslywith stateestimates
resultingfrommeasurement)andlinearizationwithasetofchosensamplepointsrespectivelyreferred
toasEKFby(Gao,Zhang,&Petersen,2017)andUKFby(Wan&VanDerMerwe,2000)aswellas
thenormalKFin(Faragher,2012),wherethetrajectoriesarelinearizedindependentofmeasurement
data.Whenbothmodels(statetransitionandobservationmodel)arehighlynon-linear,EKFgive
poor performance because the covariance is propagated through linearization of the underlying
nonlinearmodel.ButincaseofUKF,adeterministicsamplingtechniqueisusedknownasunscented 
transformtopickasetofsamplepointsaroundthemeanknownassigma points.TheSigmapoints
are propagated through non-linear functions, from which estimate of mean and covariance are
calculated.Moreso,EKFisusedtolinearizeallnon-linearmodelsinordertocouldapplylinearKF
(Julier&Uhlmann,1997).Further,thereisachallengeinapplyingKFtorealisticallymapsignals
inhighdimensionalspaceintoalowspaceandalsohowtoobtainanappropriateapproximation
model.Hence,incorporatinglocality-sensitivewithKFseemstobethemostpracticalwaytoaddress
theissueforeffectivetargettracking.TT,whichisthepredictionofthefuturelocationofadynamic
objectbasedonitsestimatesandmeasurements.

Moving objects are monitored and detected by sensor nodes and their trajectories further
predictedbysensornodesbasedontheirobservationsonmovementsofthetarget.Signalsthatare
transmittedareusuallyopposedbysomeformofinertialandthesesignalsneedtobesubjectedto
someformoffiltering.Thisisdonedigitallythroughanalgorithmthatdiscriminates,definedbased
onthetraitsofsignals.ThefiltersusedtoachievethispurposeofNLKFaretheUKFandtheEKF,
bothofwhichcouldbeimplementedinaddressingtheissuesofwhitenoiseandothersignaldefects
inNKL.TT,theestimationofthefuturetrajectoryofatargetedobjectcalculatedonitspastevents
orstates.NLKFhasbeenwidelyusedastrackingfiltertoestimatetheposition,theaccelerationand
thevelocityofatargetobject,whoseperformanceinthesituationofmaneuvercouldbechallenging.
As a result, to alleviate the issues discussed so far, different methods havebeen employed over
theyearsbypaststudiestheresolvethechallengeswithNLKFapproachesforTT.Arobustand
fasttrackingalgorithmwasdevelopedin(Zhan&Wan,2007),namediteratedUKF(IUKF).The
IUKFalgorithmcouldobtainmoreaccuratestateandcovarianceestimation.theproposedmethod
haspotentialadvantagesintrackingaccuracy,convergencespeed,androbustnesswhencompared
withtheconventionalnonlinearmethodssuchasEKFandUKFasestablishedthrougharithmetical
simulationandexperimentresults.(Di,Joo,&Beng,2009)iteratedtherelevanceofTTforwireless
sensornetworksandalsohighlightedthatKFanditsvariantsareamongstthemostpopularalgorithms
inaddressingsignaltrackingissues.

Morerecently,adynamicwaveformselectionalgorithmforradartargettrackingwasproposed
in(Wang,Sun,Zhang,&Yang,2017).Thecovarianceoftargetrangeandrangerateestimations
isutilizedtodescribethestatisticcharacteristicsofthemeasurementnoisesintracking.Thenthe
relationshipbetweenwaveformparametersandtrackingperformanceisestablished.TheCRLBof
targetestimationscorrespondingtoacertainwaveformisobtainedthroughtheambiguityfunction.
TheUKFisusedasthetrackerandasecondaryUKFisusedtopredictthetrackingMSE.Minimizing
thetrackingMSEischosenasthecriterionofthedynamicwaveformselection.Ateverytimestep
oftracking,optimaltransmittedwaveformparametersareselectedtotrackthenonlinear2Dtarget.
Simulationresultsshowthealgorithmcanimprovethetrackingperformancewhentargetstatesand
measurementsarenonlinear.In(Majumder&Sadhu,2017),arobustEKFforstateestimationofa
surface-to-airobjectwaspresentedwithnonlineardynamics.Outliersinthedimensioncanutterly
vitiatetheestimationperformanceofconventionalnonlinearfilters.Themethodresiststheeffect
ofoutlierstoprovideimprovedestimationandoutperformsitsconventionalversions.proposed,a
weightedoptimization-baseddistributedKFalgorithm(WODKF)tohandletheissuesofnonlinearity
andcouplingwasintroducedin(Jie,Li,Yang,&Fang,2016).Thetechniqueamplifiesthedatasize
ofeachsensorbythereceivedmeasurementsandstateestimatesfromitsconnectedsensorsinstead
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