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Informationfusionoftrainspeedanddistancemeasurements
basedonfuzzyadaptiveKalmanfilteralgorithm①
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Abstract:Themeasurementaccuracyofspeedanddistanceinhigh-speedtraindirectlyaffectsthecontrolprecisionanddriving
efficiencyoftraincontrolsystem.Toimprovethecapabilityoftrainself-control,acombinedspeed measurementand
positioningmethodbasedonspeedsensorandradarwhichisassistedbyglobalpositioningsystem(GPS)isproposedtoimprove
theaccuracyofmeasurementandreducethedependenceonthegroundequipment.Inconsiderationofthefactthatthefiltering
precisionofKalmanfilterwilldecreasewhenthestatisticalcharacteristicsarechanging,thispaperusesfuzzycomprehensive
evaluationmethodtoevaluatethesub-filter,andinformationdistributioncoefficientsaredynamicallyadjustedaccordingto
filteringreliability,whichcanimprovethefusionaccuracyandfaulttoleranceofthesystem.Thesub-filterisrequiredtocarry
onthecovarianceshapingadaptivefilteringwhenitisinthesuboptimalstate.Theadjustmentfactoroferrorcovarianceis
obtainedaccordingtotheminimizedcostfunction,whichcanimprovethematchingdegreebetweenthemeasuredresidual
varianceandthesystemrecursiveresidual.Thesimulationresultsshowthattheimprovedfilteralgorithmcantrackthechanges
ofthesystemeffectively,enhancethefilteringaccuracysignificantly,andimprovethemeasurementaccuraciesoftrainspeed
anddistance.
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0 Introduction
 Withtheglobalizationofhigh-speedrailwayand
thecontinuousimprovementoftrafficspeed,asingle
speedmeasuringmethodhasalreadybeenunableto
meettherequirementsofrailwayoperationsafetyand
efficiency.Anditisanewdevelopmenttrendoftrain
controlsystem toimprovethetrain self-control
capability and measure the speed and distance
independentlyundertheconditionsthatreducethe
relianceonthewaysideequipment[1].Withtherapid
developmentofthemulti-sensorinformationfusion
technology,multi-sensorcombinationpositioninghas
beengraduallyappliedintherailwaysystem,which
collectsmorecomplementaryinformationtoprovide
moreaccurateinformationfortraincontrolsystem,
soastoensurethereliabilityandaccuracyofthe
traininformation[2-3].
 Atpresent,federatedKalmanfilteriswidelyused

in information fusion system because of small
computationandhighreliability.Butinpractical
applications,thesub-filterusuallyusesastandard
filter, which requires accurate statistical
characteristicsofnoiseand mathematicalmodelto
ensurefilteringaccuracy.However,duringthetrain
operation,thestatisticalcharacteristicswillchange
andleadtofilteringaccuracydecreasingoreven
diverging.Inthecurrenttraincontrolsystem,the
measurementaccuraciesofspeedanddistancearenot
highandthereisalargedifferencebetweenthe
measured results and actual situations[4]. In
Ref.[5],astandardfilterisusedforinformation
fusionandadaptivefilteringisnotimplemented.
Thispaperusesthegroundbalisetocalibratelocation
information which overly relies on wayside
equipment.In Ref.[6],animproved methodfor
Kalmanfilteringisproposed,whichaddssensor
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noiseestimationinthefiltertoestimateandcorrect
statisticalfeatures,butfailstodynamicallyadjust
theinformationdistributioncoefficients.InRef.[7],
therobustadaptivekalmanfilteringisintroduced.
And the self-adaptation of the process noise
covariancematrixormeasurementnoisecovariance
matrixareprocessedrespectivelyaccordingtothe
differenttypesofaircraftfaults.
 Tosolvepracticalproblems,itisapressingtaskto
selectthe sensors that need to be combined,
determinethestructureofinformationfusion,reduce
thecomputationload,andsoon.Inordertoimprove
themeasurementprecisionandsavecosts,thispaper
combines speed sensor, radar[8] and global
positioningsystem (GPS)[9]tomeasuretrainspeed
anddistance,andcalibratestherunningmileagewith
theprecisepositionprovidedbyGPS,whichdoesnot
relyonthebalise.FederatedKalmanfilteralgorithm
isadoptedtorealize multi-informationfusionand
fuzzycomprehensiveevaluation methodisusedto
evaluatethefilteringeffectofeachsub-filter.The
informationdistributioncoefficientsaredynamically
adjustedaccordingtothefilteringconfidenceofthe
sub-filters,soastoachievetheglobaloptimum
estimation.Ifthesub-filterisinsub-optimalstate,it
willcarryoncovarianceshapingadaptiveadjustment
process,andthefilteringaccuracyandrobustness
canbeguaranteedbyreducingthemismatchbetween
theresidualvariance and the measured residual
variance.

1 Trainintegratedpositioningsystem

 Atpresent,speedsensoristhebasicmeasurement
deviceofspeedanddistanceintherailwayfield.In
China,thespeedismeasuredonlybyuseofspeed
sensorinthetraincontrolsystemwhenthespeedis
under200km/s.The300Tusesspeedsensorand
radartoobtainfour-wayspeedmeasurements,and
theATP usesthemaximumvaluetocalculatethe
speed monitoring curve[10], whose measuring
precisionandtrafficefficiencyarelow.Moreover,
thereareaccumulatederrorsinthecalculationof
runningdistancebyintegral.Althoughtheground
baliseis used to realize the running distance
calibrationandeliminatetheaccumulatederrors,a
largenumberofbalisesneeded willleadtosome
problemssuchashighcost,difficultlineupdate,
unavailable speed calibration, calibration
discontinuity,andsoon.In view oftheabove
problems,thispaperadoptsGPStoassistspeed
sensor and radar to realize combination speed
measurementandpositioning,soastoimprovethe
measurementaccuracyoftrainspeedanddistance,
reducethedependenceonthegroundequipmentand
improvethecapacityoftrainself-control.
 InTable1,theadvantagesanddisadvantagesof
thecommonlyusedspeed measuring methodsare
compared,andtheprinciplesofmeasurementand
errorssourcesaredifferent.

Table1 Comparisonofcommonlyusedspeedmeasuringmethods

Speedmeasuringmethod Advantage Disadvantage

Tachometermotor Simple Pooraccuracyandreliability
Laservelocimetry Simple Pooraccuracyandbeinginterferedeasily

Speedsensor
Highcost-performance,stableworkand

noenvironmentalimpact
Erroraccumulation,affectedbyidling,

slidingandwheelwear

Dopplerradar
Continuousandreal-timespeed,directionand

locationinformation
Affectedbycarbodyvibration,installationangle
andweatherenvironment,andhighfailurerate

Inertialpositioningsystem
Strongautonomy,highmeasurementaccuracy,

anti-interference
Highcost,complexstructure,poor

maintainability,anderrorsaccumulationovertime

Globalpositioningsystem
Lowcost,easeofmaintainance,real-time
measurement,highaccuracyandno

accumulationoferrors
Signalblindareas

2 Application offederated Kalman
filter

 Sincethesensoritselfcannoteliminatetheimpact
of measurement noise and external random
interferenceonmeasurementaccuracy,itisnecessary
to use filtering algorithm for multi-sensor

informationfusion.Moreover,theinternalcomputer
cannotstorelargeamountsofdataduringthetrain
running and the fusion of speed and distance
informationmustbecarriedoutinrealtime,sothe
federatedKalmanfilter[11]withsmallcomputation,
goodreal-timeandgoodfaulttoleranceperformance
isthefirstchoicetosolvetheproblemofdynamical
integrationoftrainspeedanddistanceinformation.
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Inthispaper,thefederatedKalmanfilterstructure
consistsofamainfilterandthreesub-filters.The
threesub-filters workin paralleltorealizetime
updateand measurementsupdateindependentlyto
obtainthelocaloptimalstateoftraininformationand

theninputthelocaloptimalstatetothemainfilter
forglobalfusion.
 Thestructureisshownin Fig.1.Thestate
equationandmeasurementequationofeachsensorin
thesystemareestablishedas

Xi(k)=ϕ(k-1)Xi(k-1)+G(k-1)W(k-1), (1)

Zi(k)=Hi(k)Xi(k)+Vi(k), (2)

wherei=1,2,3,representspeedsensors,radarand
GPS,respectively;Xi(k)representsthetrainstate
vectorattimestepk;ϕ(k-1)representsstate
transition matrix;W(k-1)representsthesystem

processnoisevectorattimestepk-1;Zi (k)
representsthe sensor observed value; Hi (k)
respresentsthesensor measurement matrix;and
Vi(k)respresentsthemeasurementnoisevector.

Fig.1 Informationfusionstructureoftrainspeedmeasuringandpositioningsystem

 Inthemainfilter,globalinformationfusionis
implementedas

X̂(k)=P(k)∑
3

i=1
P-1

i (k)̂Xi(k), (3)

P(k)= ∑
3

i=1
P-1

i (k)  
-1, (4)

wherêX(k)istheglobalstateestimationattimestep
k;̂Xi(k)isthestateestimationofsub-filter;P(k)is
theglobalstatevectorcovarianceattimestepk;and
Pi(k)isthecovarianceestimationofsub-filter.
 Atthesametime,themainfilteralsodynamically
returns the noise information,initial condition
informationandcommonobservationinformationto

eachsub-filter,asshowninFig.1,where∑
3

i=1
βi =1.

Thedifferenceofinformationdistributioncoefficients
directly affects the filtering accuracy and fault
toleranceofthefusionsystem,sothedetermination
oftheinformationdistributioncoefficientsisthekey
tousefederatedKalmanfilter.

3 Adaptiveadjustmentofinformation
distributioncoefficients

 Duringthetrainrunningprocess,theinformation
distribution coefficients are dynamically adjusted
accordingtothemeasurementaccuracyandreliability
ofthesensor,whichcanfurtheroptimizethefusion
accuracy of the system.Since the relationship
betweenthefilterresultsofthesub-filterandits
associatedstateparametersisambiguous,thispaper
evaluatesthesub-filterperformancebyusingthe
fuzzycomprehensiveevaluationmethod[12-13]andgives
thefiltering confidence ofeach sub-filter,then
dynamically adjusts the information distribution
coefficients.
 Thispaperchoosestr(Pi)and CHi (k)as
evaluationfactors,wheretr(Pi)isthetraceofsub-
filter’s error covariance,which representsthe
filteringeffectofeachsub-filter,andthesmallerthe
value,thebetterthefilteringeffect;CHi(k)isthe
differencebetweentheactualcovarianceandthe
theoretical covariance of the innovation, which
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representsthepredictionaccuracyofeachsub-filter,
andthesmallerthevalue,thehighertheprediction
accuracy.Theoutputofsystemistheconfidenceof
sub-filter.Theclassificationresultsaredividedinto4
gradesbyusinggradedivisionmethod,namelyRi=
{excellent,good,general,poor}.Its specific
evaluationproceduresareasfollows.
 1)Determiningevaluationindexesandevaluation
levels,respectively,hereareUi={CHi,tr(Pi)}and
Ri.Determiningthe membershipdegreecurveof
eachevaluationindex,andthetriangularmembership
functionisadoptedinthispaper.
 2)Accordingtothe membershipfunction,the
comprehensiveevaluationmatrixofeachsub-filterat
eachsamplingpointcanbeobtained,hereitis

Di =
Rc1 Rc2 Rc3 Rc4

Rt1 Rt2 Rt3 Rt4

􀭠

􀭡

􀪁
􀪁􀪁 􀭤

􀭥

􀪁
􀪁􀪁 ,

whereRcjandRijrepresenttheevaluationgradeof
CHandtr(P),respectively.Theweightvectorof
evaluationindexisW=[0.5,0.5].Therefore,the
evaluationresultofeachsub-filteris

Ai =WDi =

Rc1+Rt1

2  Rc2+Rt2

2  Rc3+Rt3

2  Rc4+Rt4

2  .
 3)Inordertoobtainthefilterconfidenceateach
sampling point,the specific parameters of the
filteringlevelshouldbespecified.Theconfidence
intervalsofthefilterresultsandthecorresponding
parameter vectors are determined based on the
experienceandsimulationresults,whichareshown
inTable2.Thegradeparametercolumnvectoris
Z=[0.95,0.8,0.5,0.05]T.TheevaluationresultAi

istakenasthe weightvector,thenthefiltering
confidenceofthesub-filterisdi=AiZ.

Table2 Filteringresultsclassification
Filtering
level

Filtering
effect

Confidence
interval

Grade
parameter

Level1 Excellent [0.9,1] 0.95
Level2 Good [0.7,0.9] 0.8
Level3 General [0.2,0.7] 0.5
Level4 Poor [0,0.2] 0.05

 4)Theinformationdistributioncoefficientofeach

sub-filterisβi = di

∑
3

i=1
di

,wheredi∈(0,1).According

tothesub-filterfilteringconfidencevalueateach
samplingpoint,wecanqueryTable2anddetermine
thefilterresultlevel,soastodeterminewhether

adaptivefilteringisnecessary.

4 Covarianceshapingadaptivefiltering
 During thetrain running process,sincethe
changesofthesystemenvironment,traintraction
andotherfactorsresultinthechangesofsystem
model parameters and measurement statistical
characteristicsofthesensors,thefilteringeffectis
affected.Whensub-filterisinthesub-optimalstate,
adaptivefilteringisneededtoconstantlyadjustthe
gainmatrixtoensurethebetterfilteringeffect.This
paperintroducescovarianceshapingmethodandthe
Frobenius norm minimization considered as the
optimizationindex[14],soastoobtaintheadjustment
factorforthesystem’sresidualvarianceandrealize
theadaptiveadjustmentoftheprocessnoiseand
measurementnoiseinsub-filtersystem.Thusthe
algorithmcanimprovethematchingdegreebetween
the measured residual variance and the system
recursive residual, and enhance the filtering
accuracy.
 Theresidualerrorofsub-filteris

ei(k)=Hi(k)[Xi(k)-X̂i(k)]+Vi(k). (5)

 Themeasurementresidualvarianceofsub-filteris

Si(k|k-1)=Hi(k)Pi(k)HT
i(k)+Ri(k),(6)

whereRi(k)isthemeasurementnoisecovarianceof
thesensor.
 Theerrorcovariancematrixcanalsobewrittenas

Pi(k|k-1)=P0i(k|k-1)+αP1i(k|k-1),(7)

whereαistheadaptiveadjustmentfactor.
 The estimated residual covariance matrix of
KalmanfiltercanbeobtainedbyEqs.(6)and(7),
namely

Si(k|k-1)=Hi(k)P0
i(k|k-1)HT

i(k)+

Hi(k)P1i(k|k-1)HT
i(k)+Ri(k), (8)

where

S0i(k|k-1)=Hi(k)P0i(k|k-1)HT
i(k)+Ri(k),

S1i(k|k-1)=Hi(k)αP1
i(k|k-1)HT

i(k).

 Themeasurementcovariancematrixofthesystem
isobtainedby

􀭵Si = 1N ×

∑
N

i=1

{δZ(k-N+1+i)[δZ(k-N+1+i)]T},(9)
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whereNisthenumberofsamplingpointsandαis
the parameter to be optimized. The deviation
between the theoretical covariance and actual

covarianceofsub-filteristakenastheminimumcost
function,anditcanbeexpressedinFrobeniusnorm
as

min= {J(α)= ‖􀭵Si-[S0i(k|k-1)+S1i(k|k-1)]‖2}, (10)

whereα>0isdiagonalmatrix.Tominimizethecost function,itspartialderivativeis0andαis

α=diag[(HP1
i(k|k-1)HT)-1(􀭵Si-S0i(k|k-1))]. (11)

 Then,theadaptivefactorisobtainedaccordingto
Eq.(11)torealizetheadaptive matchingbetween
theoreticalresidualsandactualresidualsduringthe
trainrunningandimprovethefilteringaccuracyand
robustnessofthesystem.

5 Simulationandanalysis
5.1 Establishmentoftrainmotionmodel

 Duringthetrainrunningprocess,theacceleration
isvariable.In this paper,considering non-zero
accelerationmean,thediscretizationequationoftrain
motionisobtainedbasedonthecurrentstatistical
model,andtheformulais

s(k)

v(k)

a(k)

􀭠

􀭡

􀪁
􀪁
􀪁
􀪁􀪁

􀭤

􀭥

􀪁
􀪁
􀪁
􀪁􀪁 =

1 T(-1+aT+e-aT)
a2 0

0 1 1-e-aT

a

0 0 e-aT

􀭠

􀭡

􀪁
􀪁
􀪁
􀪁
􀪁
􀪁
􀪁

􀭤

􀭥

􀪁
􀪁
􀪁
􀪁
􀪁
􀪁
􀪁

×

s(k-1)

v(k-1)

a(k-1)

􀭠

􀭡
􀪁
􀪁
􀪁
􀪁􀪁

􀭤

􀭥

􀪁
􀪁
􀪁
􀪁􀪁 +

1 0 0

0 1 0

0 0 1

􀭠

􀭡

􀪁
􀪁
􀪁
􀪁􀪁

􀭤

􀭥

􀪁
􀪁
􀪁
􀪁􀪁

ws(k-1)

wv(k-1)

wa(k-1)

􀭠

􀭡

􀪁
􀪁
􀪁
􀪁
􀪁

􀭤

􀭥

􀪁
􀪁
􀪁
􀪁
􀪁

, (12)

whereaisthecorrelationtimeconstantofthetrain
acceleration[15];s(k),v(k)anda(k)arethetrain
running distance, speed and acceleration,
respectively;Tisthesamplingperiod;ws(k),wv(k)
andwa(k)arethesystemnoisesthatrespectively
affect the train running distance, speed and
acceleration,andtheyarebelongtozero-meanwhite
Gaussiannoise,ofwhichthestandarddeviationsare
δs,δvandδa,respectively.
 Speedsensorsub-system:Itsobservationvectoris
Z1(k)=[s(k),v(k)]T.Themeasurementnoiseis
V1(k)=[W1s,W1v]T,wherew1sandw1varethezero-
meanwhiteGussiannoise,ofwhichthestandard
deviations are δ1s and δ1v, respectively. Its

observationmatrixisH1=
1 0 0
0 1 0
􀭠
􀭡

􀪁
􀪁 􀭤

􀭥

􀪁
􀪁 .

 Radarsub-system:ItsobservationvectorisZ2(k)
=v(k).ThemeasurementnoiseisV1(k)=W2v,

whereW2visthezero-meanwhiteGussiannoiseand
thestandarddeviationisδ2v.Itsobservationmatrixis
H2=[0 1 0].
 GPSsub-system:ItsobservationvectorisZ3(k)=
[s(k),v(k)]T.ThemeasurementnoiseisV3(k)=
[W3s,W3v]T,wherew3sandw3varethezero-mean
white Gussian noise, of which the standard
deviations are δ3s and δ3v, respectively. Its

observationmatrixisH3=
1 0 0
0 1 0
􀭠
􀭡

􀪁
􀪁 􀭤

􀭥

􀪁
􀪁 .

5.2 Simulationandanalysis

 Inthispaper,theintegratedtrainpositioning
systemconsistingofspeedsensor,radarandGPSis
used as the experimental platform, and the
simulation is carried out in the Matlab 2016
environment.Whenaddingthesimulationnoise,the
standarddeviationofspeednoiseisδv=0.1m/s,the
standarddeviationofdistancenoiseisδs=0.5mand
thestandarddeviationofaccelerationnoiseisδa=
0.1m/s2.Thesimulationrelatedparametersareset
asfollows:T=1s,a=1,δ1s=5m,δ1v=1.5m/s,
δ2v=1.1m/sandδ3s=1m/s.Thenthemeasurement
noisevariancematrixofspeedsensorsub-systemis
R1=[t2,0;0,1.52],themeasurementnoisevariance
matrixofradarsub-systemisR2=[0,1.12],andthe
measurementnoisevariancematrixoftheGPSsub-
systemisR3=[42,0;0,12].Inordertomeetthe
requirementsofhigh-speedrailwayrunningspeed,
theinitialvelocityisv0=50m/s.Thesimulation
timeissetat200s.Thecarriermovesataspeedof
50m/swithin0-50s.In50-100s,thecarrier
doesvaryingacceleratedmotion,andtheacceleration
issetat3sin(t/5)m/s2,whichisusedtosimulate
process changes. The carrier does uniform
accelerated movement in 100-150s, and the
accelerationis1.5m/s2.Atthesametime,the
observation noisecovarianceisincreasedbyfour
timesoftheinitialvalue,whichisusedtosimulate
the changes of measurement noise statistical
characteristics.In 150-200s,the carrier does
variablyacceleratedmotionandtheobservationnoise
covarianceisincreasedbyfourtimesoftheinitial
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value,whichisusedtosimulatethesimultaneous
variationofobservationnoiseandprocessatthesame
time.Thesimulationexperimentsarecarriedoutby
comparing the adaptive federated Kalman filter
proposedin this paper,the standard federated
Kalman filter and the improved Kalman filter
proposedin Ref.[6].Thesimulationresultsare
showninFigs.2and3.

Fig.2 Comparisonofspeederrorsofthreealgorithms

Fig.3 Comparisonofdistanceerrorsofthreealgorithms

 InFigs.2and3,asacomparisonofthethree
algorithms,thesimulationresultsofspeederrorand
distanceerrorarepresented,respectively.Itcanbe
seenthatbecausethecarrierissubjecttouniform
motionin0-50s,the motion modelandsystem
noisestatisticsareaccurate,andthefilteringeffects
ofthethreealgorithmsarealmostthesame.Butin
50-200s,thecarrierdoesthevariablyaccelerated
motionfirstly,asaresult,themeasurementnoise
increasesandthenoisestatisticalcharacteristicsare
changed,whichresultsintheincreaseofdistance
errorand speed error.Thefiltering effect has
declinedespeciallyin150-200s.Whentheprocess
andmeasurementnoisechangeatthesametime,the

standardKalmanfilterisveryincapablemeetingthe
requirements of train speed measurement and
positioning.Butthealgorithminthispaperandthe
algorithmin Ref.[6]stillcantrackthiskindof
changebetterandobtainthebetterfilteringeffect.
Thisisbecausetheprocessnoiseandmeasurement
noiseofthesysteminRef.[6]areestimatedand
modifiedinrealtime,whichisabletoimprovethe
filtering accuracy.In this paper,the system
automaticallycarriesoutadaptivefilteringaccording
to the filtering effect. In point of residual
comparison,consideringtheerrorcaused bythe
changesofprocessnoiseandmeasurementnoise,the
changesofthesystem canbebettertracked.In
addition,theinformationdistributioncoefficientscan
beadjustedadaptivelyinthispaperandtherelevant
informationthatreturnstothesub-filtercan be
adjusteddynamically,soastoimprovethefusion
accuracy,whosefilteringeffectisbetterthanthatof
thealgorithminRef.[6].Therefore,thealgorithm
proposedinthispaperissuitableformulti-sensor
information fusion, which can reduce the
measurementerrorandimprovethe measurement
accuracyofspeedanddistance.TheInformation
fusionstructureisavailable.

6 Conclusions
 Afterthesimulationandcomparativeanalysis,the
followingconclusionsareobtained.
 1)ThispaperadoptsGPStoassistspeedsensor
andradartorealizecombinationspeedmeasurement
and positioning, which can effectively eliminate
distance error accumulation,carry out distance
calibrationinrealtime,andimprovetrainself-
controlcapability.
 2)Thispaperusesfuzzycomprehensiveevaluation
method to evaluate the sub-filter, and the
information distribution coefficients can be
dynamically adjusted according to the filtering
confidence,whichcanmakethefusionsystemobtain
betterfilteringaccuracyandimprovefaulttolerance.
 3)Thispaperadoptscovarianceshapingadaptive
filteringmethodand minimizesthecostfunction,
which can simultaneously track the changes of
processnoiseandmeasurementnoise.Inaddition,
thealgorithmimprovesthematchingdegreeofthe
measuredresidualvarianceandrecursiveresidual,so
astooptimizethefilterandimprovetheinformation
fusionaccuracy ofthetrain speed and distance
significantly.
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基于模糊自适应联合卡尔曼滤波算法的
列车测速测距信息融合

樊泽园1,2,董 昱1,2

(1.兰州交通大学 自动化与电气工程学院,甘肃 兰州730070;

2.甘肃省轨道交通电气自动化工程实验室(兰州交通大学),甘肃 兰州730070)

摘 要: 高速列车的测速定位精度直接影响着列控系统的控制精度和行车效率,为了提高列车自主控车

能力,本文以GPS辅助速度传感器、雷达进行组合测速定位,以提高测速定位精度并减少对地面设备的依

赖。针对卡尔曼滤波在统计特征变化时滤波精度下降的问题,运用模糊综合评判方法对子滤波器进行评价,

根据滤波置信度动态调整信息分配系数,提高该系统的融合精度和容错性;当子滤波器处于次优状态则进

行协方差成形自适应滤波,依据最小化代价函数获得误差协方差的调节因子,来提高实测残差方差和系统

递推残差的匹配度,增强滤波精度。仿真结果表明,本文提出的改进滤波算法能够有效跟踪系统变化情况、

明显增强滤波精度及提高测速定位精度。
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