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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.
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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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