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ABSTRACT

The estimation of the pose of a differential drive mobile robot from noisy odometer, compass,
andbeacondistancemeasurementsisstudied.Theestimationproblem,whichisastateestimation
problemwithunknowninput,isreformulatedintoastateestimationproblemwithknowninputand
aprocessnoiseterm.Aheuristicsensorfusionalgorithmsolvingthisstate-estimationproblemis
proposedandcomparedwiththeextendedKalmanfiltersolutionandtheParticleFiltersolutionin
asimulationexperiment.
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INTRODUCTION

Innavigationofmobilerobotsinformationfrommultiplesensorsneedtobeusedtoreliablydetermine
thepositionandorientation,i.e.thepose,ofthemobilerobot(Thrun&Burgard,2005;Dudek&
Jenkin,2010;Gustafsson,2010).InoutdoorroboticsapplicationsusuallyGPSorDGPSmeasurements
areusedtocompensateforthedriftinthepositionestimationbasedonodometry,seee.g.(Ohnoet
al.,2004).Forautonomousdrivingonhigh-waysandinurbanenvironmentsothersensors,suchas
Lidar,Radarand/orcamera’s,arebeingusedaswell,seee.g.(Thrun&Burgard,2005).Fornavigation
inindoorapplicationsorneartallbuildings,whereGPSorotherGNSShasweakornocoverage,
otherbeaconscanbeusede.g.,basedonultrasoundtransmissiontime(Wijk&Christensen,2000)
orreceivedsignalstrength(RSS)ofvisiblelight(Pletsetal.,2017)andtransmissiontimeofultra-
wideband(UWB)transmission(Daboveetal.,2018).Forindoornavigationalsobeacon-lessmethods
arebeingused, that relyonsimultaneous localisationandmapping (SLAM)(Thrun&Burgard,
2005)andoftenmakeuseofopticalsensorsobservingtherobotsenvironment,suchasLidarand/
or(RGBdorstereo)camera’s.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonDecember6,2019willproceedwithpublicationasanOpenAccessarticle
startingonJanuary18,2021inthegoldOpenAccessjournal,InternationalJournalofArtificialIntelligenceandMachineLearning(con-

vertedtogoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://
creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorof

theoriginalworkandoriginalpublicationsourceareproperlycredited.
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Indirtyand/ordustyworkingenvironmentsopticalsensorsmaynotbeeffectiveandultrasonic
orUWBbeacon-basedtechniquesareneededtocompensatefordriftin(semi)indoormobilerobot
navigation.Thereareseveralapproachesthatcanbetaken:

• Odometry based:Theposeoftherobotisdeterminedonlybyodometry,andoptionallyincluding
compassand/orIMUsensors;

• Beacon based:Odometryinformationisnotusedfornavigation,onlytriangulationbasedontwo
ormoretimeofarrival(TOA)orthreeormore-timedifferenceofarrival(TDOA)measurements;

• Beacon based resetting of odometry:Thepositionoftherobotdeterminedbyodometryisreset
tothepositiondeterminedbyabeaconbased(TOAorTDOA)method(theresettingisusually
atalowerratethantheodometryupdaterate);

• Sensor fusion of beacon and odometry based measurements:Themeasurementsfromthe
odometry,optionalcompassandIMUsensorsandthebeacon-basedsensorsarefusedaccording
tosomesensorfusionalgorithmtoprovideanestimateoftherobotspose.

In this paper, the latter approach of fusing the beacon and odometry sensor measurements,
includingacompasssensor,isusedtoachieveanestimateoftherobotspose.Becausetheintended
applicationisformobilerobotsindirtyand/ordustyenvironmentsthechoicehasbeenmadetofocus
onsensorfusionofodometry,compassandUWBbeacondistancemeasurements.Varioussensor
fusionalgorithmsareevaluated,aheuristicapproach,theextendedKalmanfilterandtheparticle
filter,seee.g.(Thrun&Burgard,2005;Dudek&Jenkin,2010;Gustafsson,2010).Thealgorithms
arecomparedinasimulationexperiment.Partsofthispaper,especiallythealgorithmpresentation,
havebeenpublishedin(Fraanjeetal.,2019)asaconferencepublication.Inaddition,thecurrentpaper
discussesvariousimplementationissues,givesdirectionsforextensions,suchasthemulti-beacon
case,andthesectiononthesimulationexperimentsandtheirdiscussionisextendedandfullyrevised.

PROBLeM ANALySIS

Figure1showstheschematicofadifferentialdrivemobilerobotatposition X Y
k k
,( ) andheading

θ
k

relativetosomecoordinateframe,wherek=0,1,...referstoadiscretetimeindex,i.e. t k t= δ 
where δt thetimedifferencebetweentwotimesteps.Theleftandrightwheelvelocities,denoted
byv

l k,
andv

r k,
respectively,aregivenby:

v r n
l r k l r l r k/ , / / ,
= 2π  (1)

wherer
l
andr

r
wheelradiiandn

l k,
andn

r k,
thenumberofrotationspersecondattimeindexkof

theleftandrightwheelrespectively.Notethatusuallytheleftandrightwheelradiiareequalbutthis
isnotnecessary.Theodometryequationsthatyieldtheupdatetothemobilerobotpose,i.e.position
andheading,havebeenderivedinmanytextbooks,seee.g.(Dudek&Jenkin,2010).Here,wepresent
analternativeform,thatcanbederivedusingsomeadditionaltrigonometry:
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where:
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andbthebaseline,i.e.thedistancebetweenthewheelsand sinc δθ δθ δθ
k k k( ) = ( )sin / .

Notethatthisexpressionholdsforallv v
r k l k, ,

�and� anditisnotnecessarytodistinguishthecases
v v
r k l k, ,

= andv v
r k l k, ,
≠ fromeachother,whichsimplifiestheimplementationoftheodometrymodel

aswellasthecalculationoflinearizedmodelsintheextendedKalmanfilter.Becauseofteninpractice
theangleupdatebetweentwo-timeinstancesaresmall,i.e. δθ δθ

k k
� 1, sinc( ) canbeapproximated

verywellbythefirstfewtermsofitspowerseriesexpansionabout0:

sinc δθ
δθ δθ

k
k k( ) = − + −…1

3 5

2 4( )

!

( )

!
 (4)

whichprovidesacomputationallyefficientimplementation.
Themeasurementofthedistancetoabeacon,whichposition x y

b b
,( ) isknown,isgivenby:

Figure 1. Schematic of the differential drive mobile robot with the distance to a beacon being measured. ICC is the Instantaneous 
Center of Curvature. Dependency on the time index k is suppressed for reasons of clarity.
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z x x y y v
b k b k b k b k, ,

( ) ( )= − + − +2 2  (5)

where v
b k,

representsnoisethatdeterioratesthemeasurementofthedistance,andcanbecaused
byscattering,fading,propagationtimeerrors,etc.Note,thatthispaperfocusesonthecaseofa
singlebeacon,buttheequationcanbevectorizedstraightforwardlyformultiplebeacons.Alsothe
positionofthebeaconsneednottobefixed,andevenneednottobeinthesameplaneasthe
mobilerobot,aslongasthebeaconpositionsareknownateachtimeinstanceandEquation(5)is
adjustedaccordingly.

The measurements of the left and right wheel speeds, determined by wheel encoders or
tachometers,andtheheading,determinedbyacompassoragyroscope,arestoredinthefollowing
observationvector:

z v v v v v
o k r k l k k

T

vr k vl k k

T

, , , , , ,
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    θ θ  (6)

wherev v v
vr k vl k k, , ,

,  and θ representmeasurementnoises.
Fornotationalconvenience,thefollowingdefinitionsarebeingmade.Theposeisdenotedby:

q x y
k k k k

T
= 


    θ  (7)
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Then,theposeupdateequationiswrittenby:

q f q u
k k k+ = ( )1

,  (10)

wherethefunctionfcanbeeasilyderivedfrom(2),(3):
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whereu(i)andq(i) refer to the ithelementof thevectorsuandq respectively; thisnotationwill
beadoptedforindexingelementsinothervectorsinthispaperaswell.Forreasonsofclaritythe
dependencyonthetimeindexkissuppressed.

Allmeasurements,thebeacondistance(5)andthewheelvelocitiesandheading(6),attime
instancekarestoredinonemeasurementvector:

z z z
k b k o k

T
T
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, ,

 (12)

Whenmultiplebeaconsarebeingused, z
b k,

willbeavectorinsteadofascalarandtoachievea
propervector stacking z
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,

 inEquation (12).Then, themeasurement
equationcanbecompactlywrittenas:
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Then, theproblemis to(recursively)estimate theposeqkgiven thenoisymeasurements z
k


subjecttoEquations(10)and(13).Note,thatthisisanestimationproblemwithanunknowninput
u
k

,becausethemeasuredwheelvelocities,z
k

(2)andz
k
�3( ) ,aredistortedbynoisefromwhichonly

anoisedeterioratedestimateofu
k
 canbedetermined.Onepossibilitywouldbetoaugmentthestate

vectorwiththeunknowninputu
k

andadoptingahypermodelforthetime-updateofu
k

.Then,the
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T
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ofEquations(10)and(13).Inthispaper,asimplerapproachistakentodealwiththeunknowninput
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Thentheposeupdateequationcanbewrittenintermsoftheestimate û
k

ratherthanthetrue
u
k

whereaprocessnoiseterm η
k

accountsfortheerrorintheestimate:

q f q u
k k k k+ = ( )+1
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whereη
k k k k k
f q u f q u= ( )− ( ), , ˆ .Forsmallvaluesofu
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Thisapproximationof η
k

willbeusedlatertoestimateitscovarianceforuseintheextended
Kalmanfilter.Becausethewheelspeedmeasurements z

k
2( ) and z

k
3( ) havebeenusedalreadyin

determining û
k

theyarenotconsideredasoutputsanymore,andweintroducethereducedoutput
vectorconsistingofthebeacondistance(orthevectorwithbeacondistancesformultiplebeacons)
andtheheading:

z z z g q
k k k

T

k k
' '= ( ) ( )



 = ( )+′1 4   ν  (18)

where:

′
−( ) = ( ) + − ( )

( )

















g q
x q y q

q
b b

( ) ( )1 2

3

2 2

 (19)

wherethevectorwiththetruebeacondistanceandtheheading,andv v v
k k k

T
' = ( ) ( )



1 4  thevector

withthebeacondistancenoiseandtheheadingnoiserespectively.Withtheseadjustments,thereis
aprocessnoisetermη

k
introducedintheposeupdateequation,buttheunknowninputintheestimation

problemisremoved.

SeNSOR FUSION ALGORITHMS

Heuristic Approach
Thisapproachisratherstraightforward,anditsimplementationisefficient.Theideaistofirstestimate
theposebyupdatingtheodometryequationsandfusetheheadingandthentofusethisestimate
withthemeasurementfromthedistancetothebeacon.Forthecaseofmultiplebeacons,thelatter
stepcanberepeatedforeachbeacondistancemeasurement.Theprocedureforasinglebeaconis
outlinedasfollows:

1. Settheinitialposeestimate ˆ
|

q
0 0

andtheinitialcommandvectorestimate û
0

;
2. Iteratefork=1,2,...:

Performatimeupdateoftheposeestimate:

ˆ ˆ ˆ,
| |
q f q u
k k k k k− − − −= ( )1 1 1 1

 (20)
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Determinethepredictedoutput:

ˆ ˆ’
|

z g q
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= ( )′

−1
 (21)

3. Measurezkanddetermine z
k
' and û

k
;

4. Makeaweightedaverageoftheheading(fusionstep):
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whereC
pθ, thevarianceoftheerrorintheheadingestimatez

k
' 2( ) andC

mθ, thevarianceofthenoise
inmeasurement z

k
' 2( ) .

5. Updatethepositionbyfusingthebeacondistancemeasurement:

a. Calculatetheangularpositionofthemobilerobotrelativetothebeacon:
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whereC
b p,

thevarianceoftheerrorintheestimation z
k
' 1( ) ofthedistancetothebeaconandC
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thevarianceofthenoisemeasurement z
k
' 1( ) .

c. Calculatethepositionestimate:
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Thealgorithmheavilyreliesonthefusionequationoftwoestimates,eachwithitsownerror
variance,seee.g.(Gustafsson,2010).Theimplementationisratherstraightforward,butthedifficulty
inthepracticaluseistodeterminethevariancesC

pθ, ,C
mθ, andC

b p,
,C

b m,
.Infact,onlytheratio

betweenC
pθ, andC

mθ, andbetweenC
b p,

andC
b m,

needstobedetermined,whichinvolvesdetermining
the‘trust’inthemodelpredictionversusthe‘trust’inthemeasurement.

Whentherearemultiplebeacons,step5above,canberepeatedforeachbeacon.Alternatively,
thepositionofthemobilerobotcanbeestimatedbysolvingatriangulationproblemusingthebeacon
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distancemeasurementsandthenfusingthisestimatewiththepredictedpositionestimationresulting
fromthetimeupdateEquation(20).

extended Kalman Filter
TheextendedKalmanfilterisobtainedbyapplyingtheKalmanfiltertothelinearizedposeupdate
andmeasurementequation,i.e.thefunctionsfand ′g .Thegradientsoffand ′g aregivenby(note,
wesuppressthedependencyonthetimeindexk):
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and:
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where:

z x q y q
b b b
− − ( )( ) + − ( )( )1 2

2 2
 (29)

Then,thenonlinearmodelofthedifferentialdrivemobilerobotcanbeapproximatedbythe
followinglinearmodel:
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Assumethattheprocessnoisen
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where δ k( )  the Kronecker delta function, i.e. δ k( ) = 1  and δ k( ) ≠ 0  for k ≠ 0 . Under the
assumptionthatn n

k k
' = andthatqk(3)canbeapproximatedbyitsestimate q̂

k
3( ) (i.e.neglectto

contributionfromtheestimationerrorintheheadingqk(3)),wecanapproximateQ
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and:
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 (33)

whereQ
v r,

andQ
v l,

arethevariancesofthemeasurementnoisesv v
vr k vl k, ,

 and ontherightandleft
wheelvelocitiesrespectively,andareassumedtobezero-meanandindependent;moreoverQ

b
and

Qθ arethevariancesofthenoisev
b k,

onthebeacondistancemeasurementandthenoisev
kθ, onthe

headingmeasurementrespectively,alsoassumedtobezero-meanandindependent.
TheestimationoftheextendedKalmanfilterisgiven(seee.g.,(Gustafsson,2010)):

1. Settheinitialposeestimate ˆ
|

q
0 0

,theinitialposeestimationerrorcovariancematrixP
0 0|

andthe
initialcommandvectorestimate û

0
;

2. Iteratefork=1,2,…:
a. CalculateA

k−1
andB

k−1
 ˆ

|
q
k k− −1 1

and û
k−1

;
b. Performthetimeupdateoftheposeestimate:

ˆ ˆ ˆ,
| |
q f q u
k k k k k− − − −= ( )1 1 1 1

 (34)

c. CalculateQ
k
' usingEquation(32)using ˆ

|
q
k k−1

andtheposepredictionerrorcovariance:
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P A P A Q
k k k k k k

T
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 (35)

d. CalculateC
k
' using ˆ

|
q
k k−1

;
e. Measure z

k
anddetermine z

k
' and û

k
;

f. Determinethepredictedoutput:
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 (36)

andtheinnovation:

e z z
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g. Performameasurementupdateoftheposeestimate:

ˆ ˆ
| |

’ ’q q K e
k k k k k k
= +−1

 (39)

andtheposeestimationerrorcovariance:

P P K C P
k k k k k k k k| |

' '
|

= −− −1 1
 (40)

Note,thattheposepredictionandtheoutputpredictionarebasedonthenon-linearmodel,i.e.
thefunctionsfandg’,andthelinearizedmodelisonlyusedincalculatingtheposepredictionand
estimationcovariancesandtheKalmangain.

Particle Filter
WhereastheextendedKalmanfilterassumesthatthestatisticsoftheposecanbeapproximated
byaGaussianprobabilitydensityfunction,thisismostlikelynotthecase,especiallybecauseof
thenonlinearityoftheodometryequations.Theparticlefilter,seee.g.(Gustafsson,2010),relaxes
thisassumption,bysamplingtheprobabilitydensityfunctionbyanumberofsocalledparticles
representinganestimateofthepose,eachwithaweight,representingtheprobabilityofthatparticle.
Whenanewmeasurementisavailable,eachweightisupdatedbydeterminingtheprobabilityof
thepredictedoutputoftheparticlegiventheactualmeasurement.Therefore,asinthecaseofthe
extendedKalmanfilter,weassumethat thenoiseterm v

k
'  isazero-meanGaussiandistributed

white noise signal with known covariance R
k
' . Then, the probability density function of the

measurementnoisev
k
' isgivenby:
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ThentheParticlefilteralgorithmforestimatingtheposeisgivenby:

1. Choose(different)initialvaluesfortheN
p
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2. Iteratefork=1,2,…:
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−1
1  (43)

d. Calculatetheweightswiththeprobabilitydensityfunctionofthenoiseon z
k
' :

w
p z z

c
i N

k k
i v k k

i

k
p|

'
' 'ˆ

, , ,=
−( )

= …1  (44)

wherec p z z
k

i

N

v k k
i

p

= −( )
=
∑

1
'

' 'ˆ thenormalizationweight.

e. Calculatetheposeestimateby:

ˆ ˆ
| | |
q w q
k k

i

N

k k
i
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i
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=
=

−∑
1

1
 (45)

f. Takesamples ˆ
|
q
k k
i

i

Np{ }
=1

withreplacementfromtheset ˆ
|
q
k k
i

i

Np

− =
{ }1 1

wheretheprobabilityto

takesampleiisw
k k
i
|

;
g. To prevent particle depletion (because of resampling with replacement more and more

particlesmaybecomeequal),asmallamountofnoiseisadded:

ˆ ˆ
| |
q q
k k
i

k k
i

k− −← +
1 1

ζ  (46)

whereζ
k

isarealizationofazero-mean(Gaussian)randomvectorwithasmallcovariance,e.g. I 
where asmallpositivenumber,say = −10 4 .
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Simulation experiment
Thealgorithmsoftheprevioussectionarecomparedinasimulationexperimentofadifferential
driverobotwithbaselineb=0.5m,leftandrightwheelradiiof r r

l r
= = 0 5. mandatimeupdate

rateof δt s= 0 02. ,i.e.asamplefrequencyof50Hz.Thedifferentialdriveiscommandedtodrive
fivetimesalongaclosedrectangularshapedpathof46.7mwithaconstantspeedofabout1.6m/s
asillustratedinFigure2.Thestartingpointoftherobotisattheorigin,i.e.(0,0)mwithheading90o
withrespecttothex-axis.Thebeaconisatposition(1,7.5)m.

Themeasurementnoisesareassumedtobezero-mean,independentandGaussiandistributed
withconstantvariances.ThevarianceofthebeacondistancemeasurementnoiseisQ

b m,
.= 0 001

m2,oftherightandleftwheelvelocitymeasurementnoiseisQ Q
v r v l, ,

.= = 0 001 m2/s2andofthe
headingmeasurementnoiseisQ

mθ, .= 0 001 (o)2.Inadditiontothemeasurementnoise,weadda
smallconstantbiasontheleftwheelvelocitymeasurementof10-3m/s,tosimulatetheeffectofa
systematicerror.Thisbiasaddsabout14cmtotthemeasuredtraveleddistanceoftheleftwheel,
whichisabout0.06%ofthetotaltraveleddistance.

Fortheheuristicapproach,thevariancesofthepredictionerrorsaresettobe10timessmaller
thanthoseofthemeasurementnoises,i.e.Q

pθ, =0.0001(o)2andQ
b p,

=0.0001m2,togivemore
weighttothemodelbasedprediction,whichturnedouttogiveasmootherestimate.Fortheextended
KalmanfiltertheinitialposeestimatecovariancematrixissettoP

0 0|
=10-5I3, whichisdetermined

byabitoftrialanderror.ThecovariancesQ
k
' andR

k
' aredeterminedasintheExtendedKalman

Filtersubsectionabove.FortheParticlefilterN
p

=100particleshavebeenusedandthescaling

Figure 2. Example trajectory containing a rectangular path that is followed five times; the true position and the position estimated 
by the Heuristic algorithm and the extended Kalman filter are behind the estimation of the Particle filter (blue), the drifting in the 
odometry estimate (pink) is clearly visible
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parameterofthespuriousnoiseontheparticlestopreventparticledepletionwaschosenas =10-6.
We have performed N

exp
 = 100 experiment, where each experiment consist of a generation of

realizations of the measurement noises and sensor signals and a run of the various estimation
algorithms,includingtheestimatesolelybasedonodometry(i.e.,onlyleftandrightwheelvelocities
andtheposeupdateEquations(2)and(3)).

Figure2showsanexampleoftheestimatedtrajectoriesinoneexperiment.Weobservethatthe
estimationalgorithms,heuristicalgorithm(green),extendedKalmanfilter(red)andParticlefilter
(blue)areperformrelativelywell,buttheodometryestimate(pink)deviatesmoreandmore,asis
expectedsincenofeedbackofmeasuredquantitiesisbeingused.Thedriftingoftheodometryis
causedbythenoiseintheleftandrightwheelspeedvelocities.Thesmallbiasof10-3m/sontheleft
wheelspeedmeasurementalsocontributestotheerrorintheodometryestimatebutisnotdominant
here;removingthisbiasresultedinsimilarodometryestimationerrors.

Figures3-6showthemedian, i.e.50-percentile, (solidcurves)and the95-percentile (dotted
curves)oftheerrorinthepositionestimate,i.e.:

J q q q q
k k k k k
= ( )− ( )( ) + ( )− ( )( )1 1 2 2

2 2
ˆ ˆ  (47)

Thescaleonthey-axishasbeenchosensuchthatthedifferenceonthewellperformingalgorithms
canbecompared.

Figure3showsthatthepositionestimateachievedbytheextendedKalmanfilterperformsthe
best,closelyfollowedbytheheuristicalgorithm.TheestimateobtainedbytheParticlefilterisslightly
worse,whichmaybeexplainedbythefactthatalimitednumberofparticlesN

p
=100hasbeen

used.TheresultsinFigure3areobtainedbyusingfeedbackfromthebeacondistanceandtheheading
measurements.Tostudytheinfluenceofthecontributionofeachsensorreadingseparatelywealso
performedmeasurementsrunningtheestimationalgorithmsonlyusingfeedbackfromthebeacon

Figure 3. Median (solid lines) and 95-percentile (dotted lines) of the error in position estimate obtained by odometry (pink), the 
heuristic algorithm (green), the extended Kalman filter (red) and the Particle filter (blue); the latter three use both beacon distance 
and heading measurements
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distance(greencurvesinFigure4-6)andonlyfromtheheading(redcurvesinFigures4-6).Theblue
curvesinFigures4-6showtheestimationerrorsachievedwhenusingbothsensors(asinFigure3).

Wesee thatonlyusing thebeacondistanceandnoheadingmeasurement resulted in
largeanddivergingestimationerrors.Onlytakingheadingintoaccountresultedinlessbad,
butstillinadivergingperformanceforallestimationalgorithms.Thisdivergenceiscaused
by the small bias on the left wheel velocity measurement. When we removed this bias,
theestimationbasedonheadingmeasurementsonlyisstableandonlyslightlyworsethan

Figure 4. Median (solid lines) and 95-percentile (dotted lines) of the error in position estimate obtained by the heuristic algorithm 
using both beacon distance and heading (blue), only beacon distance (green) and only heading (red)

Figure 5. Median (solid lines) and 95-percentile (dotted lines) of the error in position estimate obtained by the extended Kalman 
filter using both beacon distance and heading (blue), only beacon distance (green) and only heading (red)
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achievedbybeacondistanceandheading.Thereasonforthedriftingis,thatfeedbackofthe
headingcanonlycorrectforerrorsintheorientationbutnotforerrorsinthedisplacement
causedbythebias.Forthisreason,inpracticewherethesensorreadingsbotharedistorted
byorientationanddisplacementerrors,bothmeansoffeedback,beacondistanceandheading,
needtobetakenintoaccount.

CONCLUSION AND FUTURe wORK

Thedifferentialdriveposeupdateequationshavefirstbeenwritteninaclosedformexpression
that simplifies themodel implementationaswelldetermining the linearizedmodel foruse
intheextendedKalmanfilter,sincenochecksforequalityoftheleftandrightwheelspeeds
need to be taken anymore. It is also shown that the pose estimation problem is in fact an
unknown inputestimationproblem,whichcanbesolvede.g.byaugmenting thestatewith
theunknowninput.Inthispaper,asimplifiedapproachhasbeentakenbyfirstestimatingthe
unknowninputresultinginastandardestimationproblem,withanadditionalprocessnoise
term.Undersomemildassumptionsanexpressionforthecovarianceofthisadditionalprocess
noisetermisderived.

Tosolvetheestimationproblem,usingmeasurementsfrombothadistancetoabeaconandthe
readingsfromaheadingsensor,variousestimationalgorithmsarecompared:aheuristicsensorfusion
algorithm,theextendedKalmanfilterandtheParticlefilter.

Thesimulationexperimentsshowthat theextendedKalmanfilterperformsthebest,closely
followed by the heuristic algorithm. The estimation of the Particle filter algorithm was slightly
worse.Simulationsbasedonbeacondistanceonly,neglectingtheheadingmeasurements,didnot
givesatisfactoryresults.Simulationsbasedonheadingsensorsonly,neglectingthebeacondistance
measurement,showednottobeabletoaccountforsystematicerrorssuchasasmallbiasononeof
thewheelspeedvelocitymeasurementsbecauseitlosesinformationaboutthedisplacementerror.

Futureworkison(automatic)calibrationoftheparametersinthealgorithmsandexperimental
validationonarealdifferentialdrivemobilerobot.

Figure 6. Median (solid lines) and 95-percentile (dotted lines) of the error in position estimate obtained by the Particle filter using 
both beacon distance and heading (blue), only beacon distance (green) and only heading (red)
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