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Abstract

This paper describesa Concurent Mapping and Localisation
(CML) algorithmsuitablefor localisingan AutonomoudJnderwa-
ter Vehicle (AUV). The proposedCML algorithmusesa standard
off-the-shelfsonarfor sensinghe environment. Thereturnsfrom
the sonarareusedto detecttamgetsin the vehicles vicinity. These
targetsareusedin conjunctionwith a vehiclemodelby the CML
algorithmto concurrentlybuild an absolutemap of the ernviron-
ment and localisethe vehicle in absolutecoordinates. In order
for the algorithmto work, the storedtargetsmustbe associatedo
the sonarreturnsat eachiteration. Given the natureof sonardata,
falsereturnscomplicatethis process.The choiceof targetsanda
suitabledata associationstrat@y is, therefore vital. The chosen
targetsconsistof returnsof a significantstrength. The segmen-
tation detectshesetargetsandcalculateqa) the relative position
of their centerof masswith respecto the vehicle,(b) thetamgets’
surfacesize,and(c) thetargets’firstinvariantmoment.This infor-
mationis usedby the systemto performthe dataassociation We
have choserto adapthewell known Multiple Hypothesidiracking
Filter (MHTF) [1] to the CML structure.This is ameasuement-
orientedapproactthatfindsthe probabilitythatanestablishedar
getgave riseto a certainreturn. The paperpresentsesultswith
realsonardata.

1 Introduction

Theadwentof AUVs hasposeda numberof new challenges
to the roboticsresearclcommunity Amongstthesechal-
lengesthe questionof true autonomyremainsunresohed.
Autonomycanbe definedasthe ability to provide for one-
selfwithoutthe help of others.UnmannedJnderwater\Ve-
hicles(UUVs), be they AUVs or ROVs, arenotyetcapable
of navigatingwithout externalassistanceNavigationitself
posesthreedistinct questions:“where am 1?”, “where am

| going?” and“how shouldl getthere?”[2]. This paper
focusenthefirst of thesequestions.

Most UUVs are equippedwith dead-edwoning sensos,
suchas a Doppler Velocity Log (DVL), inertial rate gy-
ros, etc. Thesetypes of sensorssuffer from drift and
the error in the vehicles positionwill thus grow without
bounds. To fix the position of the vehicle on the world
frame absolute-positioningensorsare used. Commercial
absolute-positioningensorsadaptedo the undervateren-
vironmentinclude acousticpositioning systems;acoustic
supershort, short and long baselinenavigation All of
thesesystemgequirethe vehicleto be within a volumeof
waterthatthey cover, thereforerestrictingthe vehicles ex-
ploratory capabilitiesand not allowing for true autonomy
This hasmotivatedresearcton CML. Thebasisof CML is
to build a mapandconcurrentijocalisethe vehiclein the
mapthatis beinghbuilt [2, 3, 4]. Our chosenapproachs
to implementthe stochastic map proposeddy Smith, Self
and Cheesemafb]. The stochastiomapis essentiallyan
augmentedExtendeKalmanFilter (EKF). Dueto the na-
ture of thealgorithm,asthenumberof targetsincreasehey
aresimply addedontothe statevectorandthe matrixopera-
tionseventuallybecomeoo costlyfor real-timeimplemen-
tation. Differentmethodshave beenproposedo tacklethis
particularproblem. Of these,covarianceintersection[6],
decoupledtochastienapping 7] andthegeometrigrojec-
tion filter [8] shawv potential.Otherprominentproblemse-
latedto the stochastianapapproacharethe featureextrac-
tion anddataassociation.Our previous researcton sonar
data[9, 10, 11, 12] presentedifferentapproachefor track-
ing returns,for the purposeof classificationand obstacle
avoidance Thisresearctallowedusto developanumberof
algorithmsfor sgmentingsonarreturnsandtrackingiden-
tified tamgets.Our latestresearctefforts consistin blending
this knowledgewith CML. The proposedsystemidentifies
targetsof significantsignal strengthandfeedsthe dataas-

2785



Sonar Data
Process Data

Segment Data

[Add New Target%~—[ MHTE

cMmL

I

-

Figurel: Overview of the System

sociationalgorithm, an adaptedversionof the MHTF de-

velopedby Reid[1]. Targetsthat have beenappropriately
associatedvill be usedto updatethe stochastionap, new

targetswill beintegratednto thestochastienapandreturns
from unreliabletargetswill beignored.

The following sectionoutlinesthe operationof the dif-
ferentmodulesof the systemandthe interactionshetween
these.Section3 will describehetheoreticaprinciplesused
by the underlyingalgorithms. Section4 describeur im-
plementation.Section5 will illustratethe results. Finally,
section6 will provide abrief conclusiorof ourfindingsand
outlineour futurework.

2 Oveaview

The main modulesof the systemcan be seenin figure 1.
Thesonaratais initially treatedasanimageandprocessed
by meansof standardmage processingechniques.lt is
subsequentlgggmentecandthetargetsareidentified. The
segmentatiorprocesgprovidesthedataassociationMHTF,
with asetof obsenedrelative distancedbetweerthetargets
andthe vehicle,alongwith the obsened targets’ sizeand
firstinvariantmomentdescriptorg13].

TheMHTF dataassociatioralgorithmassociatethesey-
mentedtargetsto existing targets on the stochasticmap.
Sgymentedtargets that are not associatedo ary of the
trackedtametsareusedto initialise new maptargets.False
alarmsidentified in the dataassociationprocessare dis-
carded.

Thestochastienapis updatecandmaintainedn absolute
coordinates.

3 Theoretical Principles

In this sectionwe examinethe theoreticalfoundationshe-
hindthestochastienapandtheMHTF, sections3.1and3.2.
Thistheoryformsthe backbonef our approachgescribed
in sectiord.

3.1 The Stochastic Map

Thestochastianapis anaugmentedtateEKF [14, 15]. In
thisincarnatiorthefilter now holdstherelevantstatesof the
vehicleandthoseof thetametsin a singlestatevector The
adwantageof this methodis thatit allowsto continuallyup-
dateand maintainthe vehicle-to-\ehicle, tamget-to-\ehicle
andtamget-to-tagetcorrelations.RecentresearcH16] has
demonstrated numberof benefitsobtainedoy maintaining
thesecorrelationsnamely:

¢ the determinaniof ary submatrixof the map covari-
ancematrix decreasesnonotonicallyas obsenations
aremadesuccessiely,

e in thelimit, asthe numberof obsenationsincreases,
thetargetestimatevecomeully correlatedand

e in thelimit, the covarianceassociatedavith ary single
targetlocationestimates determinecbnly by theini-
tial covariancen thevehiclelocationestimate.

Thesebenefitshave motivatedour choiceof our approach.
Underthis architecturethe new statevectorx(-) assumes
thefollowing form,
x(k) = [xv(k) xa(k) xa(b)]" (@)
where x,(k) holds the state of the vehicle and
x1(k),x2(k), ..., xa(k) hold the statesof the n tamets.
Theestimatederrorcovariancefor this system,

X2 (k)

Pou(k) Pui(k) Pua(k) Py (k)
Prv(k) Pia(k) Pra(k) Py ()
P(k) = Pay(k) Pai1(k) Pa22(k) Pan(k)
Pav(k) Pai(k) Pna(k) Poa(k)

(2

wherethesub-matrice® .  (k), Pvi(k) andP;;(k) arethe
vehicle-to-ehicle,vehicle-to-tagetandtarget-to-tagetco-
variancesespecitiely.

The stateand covarianceare updatedaccordingto the
EKF updateequations.The stochastianap assumedixed
targetsandtheresultingstatepropagatiomwill become,

o (k) = £ %0 (k — 1), u(k), 0, A ©)

wherezx, (-) isthevehicleSstateandf, [X, (-), u(k), 0, k] is
thevehiclesdynamicmodel.And its associatedovariance
will bepropagatedhus,

P(k) = Fx,P(k— 1)Fy, + F, Q(k)Fu, (4)

whereF,, is theJacobiarof thevehiclemodelwith respect
to thevehiclestate usedto linearisethe stateof thevehicle
errorxy(k — 1), andF,,, is the Jacobianof the vehicle
modelwith respecto the processoise.
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Thepredictionfor obsenedtargeti is written as
zi(k) = hi[%(k), 0, k] Q)

whereh;[%(k), 0, k] is the obserationmodel. Thusthein-
novationuv; is definedas

v = &w(k) — zs(k) (6)
with innovationcovariance S; (k), definedas
Si(k) = Hi(k)P(k)H;' (k) + R(k) Y]

whereH(k) is a matrix holding the Jacobianof the ob-

senedtargetevaluatedat the latestestimateof the stateand

R (k) is amatrix of themeasuremergrrorcovariance.
Thegainof thefilter,K; cannow be written as,

Ki(k) = P(K)H{ (k)S; " (k) 8)
And the correctedstateestimatdoecomes,
%(k +1) = x(k) + Ki(k)vi(k) 9)
andits associatedovariances updatedaccordingo,

P(k +1) = P(k) — K; (k)Si (k)KF (k) (10)

3.2 MHTF

The MHTF algorithm calculatesthe probability that each
establishedarget,or a new target,gave riseto a certainob-
senation. Thefilter works by evaluatinghypothesesf all
the possibleassociations$)(k), up to time k.

Hypothesesare madeby associatingo Q(k — 1) each
obsenation, z; (k). For eachobsenration, z;(k), thereare
threepossibleassociations:

e it belonggo anexistingtarmet,
e it isanew targetor
e it is afalsealarm.

A hypothesisnatrixis built whereall the possibleconfigu-
rationsareconsidered.

Thejoint cumulatveevent,©(k),, at timek is madeupof
thejoint event,© (k — 1) ,, andthecurrentassociatiorvent,
6(k). The conditionalprobability of a cumulative eventat
time k canbewrittenas,

P{O(k)|Z(k)} = P{0(k),O(k = 1)|Z(k), Z(k — 1)}(11)

Fromthis arecursve relationshipmaybewritten,
P{Ok)|Z(k)} =
P [Z(K)6(K), ©(k — 1)s|Z(k — 1)]

P{O(R)|O(k —1)s, Z(k — 1)} P{O(k — 1)|Z(k — 1)}
12)

Thiscanbeshovnto be[15],

P{O(k):|Z(k)} =
¢ 2 (@)un W)V T [N, [z ()N (13)

I1.(PH)* (1 = Pp)' = P{O(k — 1)s| Z(k — 1)}

where¢, 7 andmy, are respectrely the numberof false
alarms,new tametsand measurements the event §(k),
nr (@) and uy (v) arethe densitiesof falseand new tar
getsrespectiely, V' is the hypenolumeof the suneillance
region, N signifiesthe normallaw and7; is an indicator
variableof valueoneif measurement;(k) camefrom an
establishedrackandzerootherwiset is thenumberof tar
gets, P}, is the probability of detectingprior targetsandd -
is anindicatorvariablewhich is of valueoneif targett is
detectedat time k andzerootherwise.

The conditional probabilitiesof eachcumulatve event
are calculatedand the most probableevent is selectedas
thevalid hypothesis.

4 Implementation

We now describethe proposedsystem.Section4.1 relates
certainaspectselevantto the pre-processingf sonardata.
In sectiond.2we describethe processingindsegmentation
of the sonarreturns. A descriptionof the changeanade
to the MHTF algorithmto fit into our structureis given in

sectiord.3. Finally particularaspect®f our stochastianap
algorithmareexaminedin sectiord.4.

4.1 Sonar Data

Eachscannedsectorreturnedby the sonaris treatedasan
imageby thesegmentatioralgorithm.Thisis areliablepro-
cessas most electronicallyscannedsensorsallow for up-
dateratesof upto seven framespersecondfor their shorter
rangesettings,andthe skew for speedof up to 4 knotsin

mary casedfalls within the rangeresolutionof the sonar
For mechanicallyscannedonarghealgorithmis limited to

slow moving vehicles,typically muchlessthan1 knot, or

vehiclesequippedvith a suitabledynamicamodel,or suffi-

cientdead-reckningsensors.

4.2 Data Processing and Segmentation

Each sector image is low-pass filtered to remove the
backscattenoise. In this implementatiorwe usea median
filter, however other smoothingfilters can also be imple-
mented.Thesizeof thewindow of themediarfilter will de-
pendonthesectorsize,rangeangularandrangeresolution
andthe gainsettingof the sonar Our procedureconsistsn
manuallycalibratingthealgorithmoncefor eachparameter
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setting. This procedurealthoughcumbersomegenerally
providesfar betterresults.

Oncetheimageshave beensmoothedhe significantre-
turnsareobtainedby applyinga doublethreshold. Theval-
uesof which areobtainedrom the histogramof theimage.
The doublethresholduseseight-connectiity to definethe
neighbourhooaf the pixels. The outputfrom the double
thresholds abinaryimage.

Thealgorithmsubsequentlgxtractsfeaturegor eachob-
senation. Thesefeaturesarethe obsenationsrelative cen-
ter of mass,with respectto the vehicle, the sizein pixels
of the tamget and the targets’ first invariant moment[13].
Thesizeof thetamgetsaresubsequentlgonvertedto meters
squared.Thesefeaturesarethe obsenationswhich will be
fed onto the MHTF dataassociatioralgorithm. Obsena-
tionswhich areadjacento theimageedgesareignoredas
their centerof masswill notbethetruecenterof theobject.

4.3 The MHTF Implementation

Theproposedmplementatiorusesbothclustes andsuper
clustes to reducethe numberof hypothesegl5]. A cluster
is formedfor ameasuremerthatfalls within thevalidation
gateof anestablishedarget,any subsequenneasurements
thatfall within thatgatewill belongto thesamecluster The
validationgateis a thresholdy andthe measuremenmnust
satisfythefollowing criteria,
;'S <y (14)
wherethevaluefor v is obtainedromthey 2 distribution. If
ameasuremerfalls insidetwo clusters thoseclusterswill
form a supercluster Hypothesewill be formedsuchthat
measurementwill only be associatedo targetsin belong-
ing to the sameclusteror superclusterThis systemallows
for a dramaticreductionin the amountof computatiorre-
quiredin findingthe mostprobablecumulatie event.

4.4 The Stochastic Map I mplementation

The stochastianap, as explainedin section3.1, holdsthe
stateof the vehicleandtargets. In our application,we as-
sumeno knowledgeof the vehicles dynamicmodel, and
noinputsfrom dead-reckningsensorstnderthesecondi-
tionsthestochastienapwill only beobserablewith atleast
two targetsin view. Given theserestrictionssection4.4.1
describeghe assumednodel. Section4.4.2 describeghe
targetsstatevectorsandthe procedurdor addingnew tar
getsontothemap.

44.1 VehicleMode

Given no a priori knowledgeof the vehiclemodelwe as-
sumealinearmodeldescription.Thismodelhasbeerfound

to work well andcanbe usedwith ary vehicle. The stateof
thevehicletakesthefollowing form,

k) =[z & y § ¢ 4" (15)
with thefollowing dynamicmodel,
F., (k) 0 0
F.(k)=| 0 F., (k) 0 (16)
0 0 Fy, (k)
where
Fu, (k) = Fy, (k) = Fy, (k) = [(1) ‘ﬂ (17)
And processhoise,
Qv (k) 0 0
Qv(k)Zl 0 Qv, (k) 0 ] (18)
0 0 Qv, (k)
where,
1dt* ldt? 2
v (k) = |1 2 | oo, 19
Q ( ) [%dtS dt Ov, ( )

442 Target Mode and Addition of New Targets

Eachtamgethasa statevectorwith statedor its position,size
andfirst invariantmoment,
xi(k)=[zi yi s mi] t (20)
Theupdatingof thestateis doneaccordingo the procedure
outlinedin section3.1.
Obsenationsthatwerenot associatedo anexisting fea-
ture will be addedto the stochastionap stateand covari-

ance. The new obseration zyew = [r 6 s m]T is esti-
matedwith respecto thevehiclesreferencdrame,

xy (k) + rcos(¢ + 6)
Yo (k) + rsin(¢ + 6)
s
m

xn+t1(k) = (21)

Thenew mapstateandassociatedovariancewill be

x(k) }

x(k) < [x,.+1 ) (22)

Lx, Py y(k)Lx,” + Lype R(K)La,.,”

Pyat1” (k) = L, Py (k) (23)

Patint1 (k) =
Pn+1v(k) =

whereL,, andL,__, aretheJacobiarof equation21 with
respecto therobotvehiclestatex, evaluatedatz, (k) and
to thenew obserationz .., evaluatedatz ey -
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Figure2: Stochastienapanda sonarframe

5 Resaults

Thissectionshavsresultsfor two experiments Thefirst ex-
perimentwas carriedoutin the laboratorys tank. This ex-
perimentsection5.1,was performedundercontrolledcon-
ditionsandgroundtruth datais availablefor validation.The
datafor thesecondxperimentsections.2,wasrecordedn
afield trip, thereis no groundtruth datafor the vehicles or
targets’position.

5.1 Tank Experiment

This experimentwas carriedout usinga Tritech Dual Fre-
gueng Sonar Thisis amechanicallyscannedgonarandthe
framerateis of two secondslt hasa horizontalbeam-width
of 2° anda vertical beam-widthof 20° whenoperatingat
675kHz. The operatingrangewas setat 5m, the sonarof-
fersa 0.05m rangeresolution. The sonarwas mountedon
the laboratorys planarCartesiarrobot, this systemallows
for the sonarto be placedanywherewithin the tank. The
planarCartesiarrobot hasoptical encodersallowing for a
positionaccurag of 1 mm. In this experimentwe placed
two cylindersin thetankandusedthemastargets.A heuris-
tic was addedto the algorithmso thatit would ignorethe
tankwalls andary measurementhatfell outside.Figure2
illustratesa frame of the sequenceisedin the experiment
andthe stochastianap,includingthevehiclestrajectoryat
the endof the run andthe tracked targets(numbered)The
consisteng of the map canbe corroboratedy examining
figure 3, this figureshavs theerrorin X andY coordinates
andthe onestandardieviation uncertaintybounds.

5.2 Field Experiment

Thedatafor the experimentswvas obtainedontrials at Oban
on the west coastof Scotland. The sonarusedwas the
SeaBat6012[17]. This sonarhasa sectorsize of 90° by
15°. The sonarheadcontainsall solid-stateelectronicsre-
quiredto form andtransmitpulsesat 455kHz andreceve
returnedenegy into 60 1.5° electronicallyformedbeams.
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Figure3: Innovationanduncertaintybounds

The sonarrangewas setat 10 meters. The sonarwas car
ried by a diver towardsa setof pier legs. No groundtruth
was available. The sequenceonsistof 95 framesfigure 4
shavsthefirst andlastframesrespectrely. Theupdaterate
of thesonamwas of five framespersecond.

Figure4: Obansequencefirst andlastframe

Given the lack of groundtruth, the filter consisteng is
obsenedby plotting the innovationerrorandthe onestan-
darddeviation uncertaintybounds.Figure5 illustratesthe
resultsfor targetthree.A qualitatve consisteng analysiss
alsopossibleby combiningthelastframe,subjecto arota-
tion andtranslationwith thefirst frame.Figure6 illustrates
the outcomefor suchmosaicand the stochasticmap ob-

Figure5: Innovationanduncertaintybounds



Figure6: Stochastienapandmanualmosaic

tainedwith this dataset. The mapillustratesthe trajectory
followed by the sonar the position of the tracked targets
(numberedpndthe uncertaintyof boththe positionof the
sonarandthe targets,representetby ellipses. The mosaic
was creatednanuallyandtheaim was to minimisetheerror
obtainedrom the greylevel valuesof correspondingixels.
The mosaicsuggestghat the headingdifferencebetween
thefirst andlast framesis of 32° clockwiseandthe trans-
lation is of 0.51 metersalongthe x-axis and 1.29 meters
alongthe y-axis. Thesevaluescanbe comparedwith the
outputvaluesof the algorithmwhich suggestain clockwise
rotationof 30.14° andatranslatiornof 0.34metersalongthe
x-axisandl.29metersalongthey-axis. Theerrorfalls well
within the standarddeviation boundsof thefilter which are
2.60° for headingand0.19metersand0.10metersfor the
translationalongthex andy axisrespectiely.

6 Conclusions

The potential of the featureextraction and data associa-
tion algorithm has beendemonstratedvith resultsusing
realdata. The stochastianapoffersaccurateositionfixes
of both the obstaclesand the vehicleitself. However the
MHTF moduleis expensve in termsof computingpower,
exponentiallyincreasingaccordingo thenumberof targets
being consideredy the hypothesismatrix. Futurework
will comparethe methodwith a nearesteighbouralgo-
rithm aidedby simple heuristicsandimproved featureex-
tractiontechniques.

The results shovn should be expectedto improve as
sensorsand a valid vehicle model are integratedinto the
system. Furthertestingis plannedusing a mechanically
scannedsonar on-board RAUVER, a house-hilt ROV.
Thesefuture experimentswill be carriedout with the help
of dead-reckningsensorssothatthe dependengon large
featuredensitiess reduced.
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