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Abstract
	
This



paper describesa Concurrent Mapping and Localisation
(CML) algorithmsuitablefor localisinganA

�
utonomousUnderwa-

ter Vehicle(AUV). TheproposedCML algorithmusesa standard
off-the-shelfsonarfor sensingtheenvironment.Thereturnsfrom
the
�

sonarareusedto detecttargetsin thevehicle’s vicinity. These
tar
�

getsareusedin conjunctionwith a vehiclemodelby theCML
algorithm to concurrentlybuild an absolutemap of the environ-
ment and localisethe vehicle in absolutecoordinates. In order
for
�

thealgorithmto work, thestoredtargetsmustbeassociatedto
the
�

sonarreturnsat eachiteration.Given thenatureof sonardata,
f
�
alsereturnscomplicatethis process.Thechoiceof targetsanda

suitabledata
�

associationstrategy is, therefore,vital. The chosen
tar
�

getsconsistof returnsof a significantstrength. The segmen-
tation
�

detectsthesetargetsandcalculates(a) the relative position
of their centerof masswith respectto thevehicle,(b) thetargets’
surfacesize,and(c) thetargets’first invariantmoment.This infor-
mation is usedby thesystemto performthedataassociation.We
ha
�

vechosento adaptthewell known Multiple
�

HypothesisTracking
F
�

ilter (MHTF) [1] to theCML structure.This is a measur� ement-
oriented� approachthatfindstheprobabilitythatanestablishedtar-
get� gave rise to a certainreturn. The paperpresentsresultswith
real� sonardata.

1 Introduction

The
�

adventof AUVs hasposedanumberof new challenges
to
�

the roboticsresearchcommunity. Amongstthesechal-
lengesthe questionof true autonomyremainsunresolved.
Autonomy
�

canbedefinedastheability to provide for one-
self without thehelpof others.UnmannedUnderwaterVe-
hicles(UUVs), be they AUVs or ROVs, arenot yet capable
of navigatingwithout externalassistance.Navigationitself
poses� threedistinct questions:“where am I?”, “where am

I
�

going?” and“how shouldI get there?”[2]. This paper
focuseson thefirst of thesequestions.

Most
�

UUVs areequippedwith dead-reckoningsensors,
suchas a Doppler Velocity Log (DVL), inertial rate gy-
ros,� etc. Thesetypes of sensorssuffer from drift and
the
�

error in the vehicle’s positionwill thus grow without
bounds.
�

To fix the position of the vehicle on the world
frameabsolute-positioningsensorsareused. Commercial
absolute-positioningsensorsadaptedto theunderwateren-
vironmentinclude acousticpositioningsystems;acoustic
super short, short and long baselinenavigation. All of
these
�

systemsrequirethevehicleto bewithin a volumeof
waterthat they cover, thereforerestrictingthevehicle’s ex-
ploratory� capabilitiesandnot allowing for true autonomy.
This
�

hasmotivatedresearchon CML. Thebasisof CML is
to
�

build a mapandconcurrentlylocalisethevehiclein the
map� that is beingbuilt [2, 3, 4]. Our chosenapproachis
to
�

implementthe stochasticmapproposed� by Smith, Self
andCheeseman[5]. The stochasticmap is essentiallyan
augmentedExtended

 
KalmanFilter (EKF). Dueto thena-

ture
�

of thealgorithm,asthenumberof targetsincreasethey
aresimplyaddedontothestatevectorandthematrixopera-
tions
�

eventuallybecometoocostlyfor real-timeimplemen-
tation.
�

Differentmethodshavebeenproposedto tacklethis
particular� problem. Of these,covarianceintersection[6],
decoupledstochasticmapping[7] andthegeometricprojec-
tion
�

filter [8] show potential.Otherprominentproblemsre-
latedto thestochasticmapapproacharethefeatureextrac-
tion
�

anddataassociation.Our previous researchon sonar
data[9, 10, 11, 12] presenteddifferentapproachesfor track-
ing
!

returns,for the purposeof classificationandobstacle
avoidance.Thisresearchallowedusto developanumberof
algorithmsfor segmentingsonarreturnsandtrackingiden-
tified
�

targets.Our latestresearcheffortsconsistin blending
this
�

knowledgewith CML. Theproposedsystemidentifies
tar
�

getsof significantsignalstrengthandfeedsthe dataas-
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Figure1: Overview of theSystem

sociationalgorithm,an adaptedversionof the MHTF de-
velopedby Reid [1]. Targetsthat have beenappropriately
associatedwill be usedto updatethe stochasticmap,new
tar
{

getswill beintegratedinto thestochasticmapandreturns
from unreliabletargetswill beignored.

The following sectionoutlinesthe operationof the dif-
ferentmodulesof the systemandthe interactionsbetween
these.
{

Section3 will describethetheoreticalprinciplesused
by
|

the underlyingalgorithms.Section4 describesour im-
plementation.} Section5 will illustratethe results. Finally,
section6 will provideabrief conclusionof ourfindingsand
outlineour futurework.

2 Overview

The main modulesof the systemcanbe seenin figure 1.
Thesonardatais initially treatedasanimageandprocessed
by
|

meansof standardimageprocessingtechniques.It is
subsequentlysegmentedandthetargetsareidentified.The
segmentationprocessprovidesthedataassociation,MHTF,
with asetof observedrelativedistancesbetweenthetargets
andthe vehicle,alongwith the observed targets’ sizeand
first invariantmomentdescriptors[13].

The
~

MHTF dataassociationalgorithmassociatestheseg-
mented� targets to existing targets on the stochasticmap.
Segmentedtargets that are not associatedto any of the
track
{

edtargetsareusedto initialise new maptargets.False
alarmsidentified in the data associationprocessare dis-
carded.

The
~

stochasticmapis updatedandmaintainedin absolute
coordinates.

3
�

Theoretical Principles

In
�

this sectionwe examinethe theoreticalfoundationsbe-
hind
�

thestochasticmapandtheMHTF, sections3.1and3.2.
This
~

theoryformsthebackboneof ourapproach,described
in
�

section4.

3.1
�

The Stochastic Map

Thestochasticmapis anaugmentedstateEKF [14, 15]. In
this
{

incarnationthefilter now holdstherelevantstatesof the
vehicleandthoseof thetargetsin a singlestatevector. The
advantageof thismethodis thatit allows to continuallyup-
dateandmaintainthe vehicle-to-vehicle, target-to-vehicle
andtarget-to-targetcorrelations.Recentresearch[16] has
demonstratedanumberof benefitsobtainedby maintaining
these
{

correlations,namely:� the
{

determinantof any submatrixof the mapcovari-
ancematrix decreasesmonotonicallyasobservations
aremadesuccessively,� in the limit, as the numberof observationsincreases,
the
{

targetestimatesbecomefully correlated,and� in the limit, thecovarianceassociatedwith any single
tar
{

get locationestimateis determinedonly by the ini-
tial
{

covariancein thevehiclelocationestimate.

Thesebenefitshave motivatedour choiceof our approach.
Under
�

this architecturethe new statevector �Y�R� � assumes
the
{

following form,

�1�����6��� ���P�������S� ��¡�¢�£¥¤�¦�§�¨ª©M©M©¬«S¯®�°�±³²M´ (1)

where µ6¶1·¹¸Pº holds the state of the vehicle and»½¼¯¾¹¿PÀ-Á)Â1ÃPÄ¹ÅPÆ-ÇJÈJÈJÈJÇ)ÉËÊ1Ì¹ÍPÎ hold the statesof the Ï tar
{

gets.
Theestimatederrorcovariancefor this system,

ÐÒÑ�Ó�Ô1Õ
Ö×
ØÙÚÛ
Ü

ÝvÞSÞPß�à�áãâvä6åçæ�è�é¬êvëSì�í�î�ïªðMð-ñóòvôËõPö�÷�øùûú?ü�ý�þ�ÿ����������
	���������
�����������������
� "!�#%$�&
'�(")+*�,�-
.�/"0�0�1�2
3�4�4�5�6"7�8�9�:
;
...

...
...

. . .
...<>=%?%@�A
BDC>EGFIHKJ
LDM>NPO�Q�R
S�T�T�U�V>WPWYX�Z
[

\ ]
^_`a
b

(2)

wherethesub-matricescedfdhgji�k , lnmporqjs�t anduwvxvryjz�{ arethe
vehicle-to-vehicle,vehicle-to-targetandtarget-to-targetco-
variancesrespectively.

The
~

stateand covarianceare updatedaccordingto the
EKF
|

updateequations.The stochasticmapassumesfixed
tar
{

getsandtheresultingstatepropagationwill become,}~%�����
�f�������K��%�%�K�������x���p���
�x���%�x�I� (3)

where ��h f¡�¢ £ is
¤

thevehicle’sstateand ¥�¦h§�¨©GªG«�¬ �®°¯²±j³�´�µ�¶h·�¸
¹ is¤
the
º

vehicle’sdynamicmodel.And its associatedcovariance
will bepropagatedthus,»½¼�¾
¿hÀÂÁÄÃÆÅ�Ç½È�É>Ê�Ë�ÌÎÍÐÏÑÆÒ�ÓÕÔÄÖG×�ØeÙ�Ú
ÛÎÜÐÝÞGß (4)

whereà"áIâ is
¤

theJacobianof thevehiclemodelwith respect
to
º

thevehiclestate,usedto linearisethestateof thevehicle
error ãäfåhæjçéèëêíì , and î>ïÄð is

¤
the Jacobianof the vehicle

modelñ with respectto theprocessnoise.
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The
�

predictionfor observedtarget ÷ is
!

writtenasøIùjú�û
ühýÂþPÿ���������
	��������� (5)

where��������������! #"%$#&
' is
!

theobservationmodel.Thusthein-
no( vation )+* is! definedas

,
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with innovationcovariance,?A@�B�C�D , definedas
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where egf�h�i is
!

a matrix holding the Jacobianof the ob-
servedtargetevaluatedat thelatestestimateof thestateandjlk�m�n

is
!

a matrixof themeasurementerrorcovariance.
The
�

gainof thefilter, oqp cannow bewrittenas,
rNs�t�u
v%wgxTy�z
{3|Y}~����
���8�+������
� (8)

And
�

thecorrectedstateestimatebecomes,
��������q���%��������
���`�N�����
�� 
¡�¢�£
¤ (9)

andits associatedcovarianceis updatedaccordingto,
¥T¦�§©¨«ª�¬�g®T¯�°
±8²´³Nµ�¶�·
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Ã

(10)

3.2
Ä

MHTF

The
�

MHTF algorithmcalculatesthe probability that each
establishedtarget,or anew target,gaveriseto a certainob-
servation. Thefilter worksby evaluatinghypothesesof all
the
�

possibleassociations,ÅTÆ�Ç�È , up to time É .
Hypothesesare madeby associatingto ÊTË�ÌÎÍ�ÏÑÐ each

observation, ÒÔÓ�Õ�Ö�× . For eachobservation, Ø�Ù�Ú�Û�Ü , thereare
three
�

possibleassociations:

Ý it
!

belongsto anexisting target,

Þ it
!

is anew targetor

ß it
!

is a falsealarm.

A
�

hypothesismatrix is built whereall thepossibleconfigu-
rations� areconsidered.

The
�

joint cumulativeevent, àYá�â�ã!ä , at time å is
!

madeupof
the
�

joint event, æYç�è�éëêÑì!í , andthecurrentassociationevent,î�ï�ð�ñ
. Theconditionalprobabilityof a cumulative eventat

time
� ò

canbewrittenas,
ó´ôöõø÷�ù
ú3û�ü ý�þ�ÿ��������	��
�����������������������  �!�"�#�$&%�'�(�)�*�+�,

(11)

From
-

this a recursiverelationshipmaybewritten,
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This
�

canbeshown to be[15],
�	�`����������� �����������
������ ������� u¡£¢�¤¦¥\§u¨ª©�«¬¯®�°²±´³¦µ�¶¸·�¹º »u¼¾½ ¿ªÀÂÁ¾Ã Ä�ÅÇÆ�È�É\Ê Ê Ë�Ì
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(13)

where õ , ö and ÷ùø are respectively the numberof false
alarms,new targetsand measurementsin the event ú¦ûÇü²ý ,þ�ÿ������ and ���
	��� are the densitiesof falseand new tar-
getsrespectively, � is

�
thehypervolumeof thesurveillance

re� gion, � signifiesthe normal law and ��� is
�

an indicator
variableof valueoneif measurement�������� camefrom an
establishedtrackandzerootherwise,� is

�
thenumberof tar-

gets,���� is
�

theprobabilityof detectingprior targetsand  !
is
�

an indicatorvariablewhich is of valueoneif target " is
�

detectedat timek andzerootherwise.
The
#

conditionalprobabilitiesof eachcumulative event
are calculatedand the most probableevent is selectedas
the
$

valid hypothesis.

4
%

Implementation

W
&

e now describetheproposedsystem.Section4.1 relates
certainaspectsrelevantto thepre-processingof sonardata.
In
'

section4.2we describetheprocessingandsegmentation
of the sonarreturns. A descriptionof the changesmade
to
$

theMHTF algorithmto fit into our structureis given in
section4.3.Finally particularaspectsof ourstochasticmap
algorithmareexaminedin section4.4.

4.1
(

Sonar Data

Each
)

scannedsectorreturnedby the sonaris treatedasan
image
�

by thesegmentationalgorithm.This is areliablepro-
cessas most electronicallyscannedsensorsallow for up-
dateratesof upto seven framespersecond,for theirshorter
range� settings,andtheskew for speedsof up to 4 knotsin
man* y casesfalls within the rangeresolutionof the sonar.
F
+

or mechanicallyscannedsonarsthealgorithmis limited to
slow moving vehicles,typically muchlessthan1 knot, or
vehiclesequippedwith asuitabledynamicsmodel,or suffi-
cientdead-reckoningsensors.

4.2
(

Data Processing and Segmentation

Each
)

sector image is low-pass filtered to remove the
backscatter
,

noise.In this implementationwe usea median
filter, however other smoothingfilters can also be imple-
mented.* Thesizeof thewindow of themedianfilter will de-
pend- onthesectorsize,range,angularandrangeresolution
andthegainsettingof thesonar. Our procedureconsistsin
manually* calibratingthealgorithmoncefor eachparameter.0/2123



setting. This procedure,althoughcumbersome,generally
pro- videsfar betterresults.

Oncethe imageshave beensmoothedthesignificantre-
turns
$

areobtainedby applyinga doublethreshold.Theval-
ues4 of whichareobtainedfrom thehistogramof theimage.
The
#

doublethresholduseseight-connectivity to definethe
neighbourhood5 of the pixels. The outputfrom the double
threshold
$

is a binaryimage.
The
#

algorithmsubsequentlyextractsfeaturesfor eachob-
servation. Thesefeaturesaretheobservationsrelative cen-
ter
$

of mass,with respectto the vehicle, the size in pixels
of the target and the targets’ first invariant moment[13].
The
#

sizeof thetargetsaresubsequentlyconvertedto meters
squared.Thesefeaturesaretheobservationswhich will be
fed onto the MHTF dataassociationalgorithm. Observa-
tions
$

which areadjacentto theimageedgesareignoredas
their
$

centerof masswill notbethetruecenterof theobject.

4.3
(

The MHTF Implementation

The
#

proposedimplementationusesbothclustersandsuper-
clusters to

$
reducethenumberof hypotheses[15]. A cluster

is
�

formedfor ameasurementthatfalls within thevalidation
gateof anestablishedtarget,any subsequentmeasurements
that
$

fall within thatgatewill belongto thesamecluster. The
validationgateis a threshold6 andthemeasurementmust
satisfythefollowing criteria,78:9<;>=�?>@BAC�DFE (14)

wherethevaluefor G is
�

obtainedfromthe HJI distribution. If
a measurementfalls insidetwo clusters,thoseclusterswill
form a supercluster. Hypotheseswill be formedsuchthat
measurements* will only beassociatedto targetsin belong-
ing
�

to thesameclusteror supercluster. This systemallows
for a dramaticreductionin the amountof computationre-
quiredin findingthemostprobablecumulativeevent.

4.4
(

The Stochastic Map Implementation

The
#

stochasticmap,asexplainedin section3.1, holdsthe
stateof the vehicleandtargets. In our application,we as-
sumeno knowledgeof the vehicle’s dynamicmodel,and
no5 inputsfrom dead-reckoningsensors.Underthesecondi-
tions
$

thestochasticmapwill onlybeobservablewith atleast
tw
$

o targetsin view. Given theserestrictionssection4.4.1
describesthe assumedmodel. Section4.4.2describesthe
tar
$

getsstatevectorsandtheprocedurefor addingnew tar-
getsontothemap.

4.4.1 Vehicle Model

Given no a priori kno
K

wledgeof the vehiclemodelwe as-
sumealinearmodeldescription.Thismodelhasbeenfound

to
$

work well andcanbeusedwith any vehicle.Thestateof
the
$

vehicletakesthefollowing form,LNMOQP�R>SUT VXWY[Z]\^`_ abdcfe (15)

with thefollowing dynamicmodel,g0hiQj�k>lnmoqp0rtsuQv�w x yz {0|~}��Q��� �� � �0����Q��� �� (16)

where � �t���Q���>�F�0�~�N�Q���>���0 �¡¢Q£�¤�¥§¦©¨«ª¬®°¯�± (17)

And
²

processnoise,³µ´N¶Q·�¸>¹nº»½¼µ¾t¿NÀQÁ�Â Ã ÄÅ ÆµÇ~È�ÉQÊ�Ë ÌÍ Î ÏµÐ�Ñ�ÒQÓ�Ô:ÕÖ (18)

where, ×µØtÙÚQÛ�Ü>Ý§Þ�ßàáâqãåäæçèqéêë�ìíqî]ïð�ñ2ò<ó�ôõ½ö (19)

4.4.2 Target Model and Addition of New Targets

Each
)

targethasastatevectorwith statesfor its position,size
andfirst invariantmoment,÷�ø�ùQú�û>üUý þ�ÿ����������
	��� (20)

The
#

updatingof thestateis doneaccordingto theprocedure
outlinedin section3.1.

Observationsthatwerenot associatedto anexisting fea-
ture
$

will be addedto the stochasticmapstateandcovari-
ance. The new observation ����������� �������! #" is

�
esti-

mated* with respectto thevehicle’s referenceframe,

$&%('*),+.-0/21 345687:9 ;.<0=?>A@CB�D(EGF.HJILK�MN�O�P.Q0R�SAT&UWV X&Y.ZJ[L\�]^_
` abc (21)

The
#

new mapstateandassociatedcovariancewill bed2e.f0gihkj�l2m.n0op&q(r*s,t.u0vxw (22)

y{z(|*}�~(�*�,�.�0�k���i�������*���.�0�8�i���0���L�2���������¡ .¢0£8¤2¥�¦�§�¨ª©«{¬(*®°¯?±.²0³k´�µ�¶C·(¸*¹�º¼».½0¾i¿ÁÀiÂ�Ã�Ä�Å*Å�Æ.Ç0È
(23)

whereÉËÊ,Ì and ÍËÎ�Ï�Ð�Ñ aretheJacobianof equation21 with
respect� to therobotvehiclestate ÒÓªÔ evaluatedat ÕÖ2×2Ø�Ù?Ú and
to
$

thenew observation Û?Ü�Ý�Þ evaluatedat ß�à�á�â .ãªäæåæç



Figure
+

2: Stochasticmapanda sonarframe

5 Results

This
#

sectionshowsresultsfor twoexperiments.Thefirstex-
periment- was carriedout in the laboratory’s tank. This ex-
periment,- section5.1,was performedundercontrolledcon-
ditionsandgroundtruthdatais availablefor validation.The
datafor thesecondexperiment,section5.2,wasrecordedon
afield trip, thereis no groundtruthdatafor thevehicle’sor
tar
$

gets’position.

5.1
è

Tank Experiment

This
#

experimentwas carriedout usinga TritechDual Fre-
quency Sonar. Thisis amechanicallyscannedsonarandthe
framerateis of two seconds.It hasahorizontalbeam-width
of é0ê anda vertical beam-widthof ë�ì&í whenoperatingat
675kHz. Theoperatingrangewas setat 5m, thesonarof-
fersa 0.05m rangeresolution.Thesonarwas mountedon
the
$

laboratory’s planarCartesianrobot, this systemallows
for the sonarto be placedanywherewithin the tank. The
planar- Cartesianrobot hasoptical encodersallowing for a
position- accuracy of 1 mm. In this experimentwe placed
tw
$

ocylindersin thetankandusedthemastargets.A heuris-
tic
$

was addedto the algorithmso that it would ignorethe
tank
$

wallsandany measurementsthatfell outside.Figure2
illustrates
�

a frameof the sequenceusedin the experiment
andthestochasticmap,includingthevehicle’s trajectoryat
the
$

endof the run andthe trackedtargets(numbered).The
consistency of the mapcanbe corroboratedby examining
figure3, this figureshows theerrorin X andY coordinates
andtheonestandarddeviationuncertaintybounds.

5.2
è

Field Experiment

The
#

datafor theexperimentswasobtainedontrialsatOban
on the west coastof Scotland. The sonarusedwas the
SeaBat6012[17]. This sonarhasa sectorsizeof î°ïCð by

,ñ�ò°ó
. Thesonarheadcontainsall solid-stateelectronicsre-

quiredto form andtransmitpulsesat 455kHz andreceive
returned� energy into ô°õ÷ö°ø ù�ú electronicallyformedbeams.

Figure
+

3: Innovationanduncertaintybounds

The
#

sonarrangewas setat 10 meters.Thesonarwas car-
ried� by a diver towardsa setof pier legs. No groundtruth
was available.Thesequenceconsistsof 95 frames,figure4
showsthefirst andlastframesrespectively. Theupdaterate
of thesonarwas of five framespersecond.

Figure
+

4: Obansequence:first andlastframe

Given the lack of groundtruth, the filter consistency is
observedby plotting theinnovationerrorandtheonestan-
darddeviation uncertaintybounds.Figure5 illustratesthe
results� for targetthree.A qualitativeconsistency analysisis
alsopossibleby combiningthelastframe,subjectto a rota-
tion
$

andtranslation,with thefirst frame.Figure6 illustrates
the
$

outcomefor suchmosaicand the stochasticmap ob-

Figure
+

5: Innovationanduncertaintyboundsûªüæýæþ



Figure
+

6: Stochasticmapandmanualmosaic

tained
$

with this dataset. Themapillustratesthe trajectory
followed by the sonar, the positionof the tracked targets
(numbered)andtheuncertaintyof both thepositionof the
sonarandthe targets,representedby ellipses. Themosaic
wascreatedmanuallyandtheaimwasto minimisetheerror
obtainedfrom thegreylevel valuesof correspondingpixels.
The
#

mosaicsuggeststhat the headingdifferencebetween
the
$

first andlast framesis of ÿ���� clockwiseandthe trans-
lation is of 0.51 metersalong the x-axis and1.29 meters
alongthe y-axis. Thesevaluescanbe comparedwith the
outputvaluesof thealgorithmwhich suggestanclockwise
rotation� of ����� 	�
� andatranslationof 0.34metersalongthe
x-axis� and1.29metersalongthey-axis.Theerrorfallswell
within thestandarddeviationboundsof thefilter which are��� �����

for headingand0.19metersand0.10metersfor the
translation
$

alongthex andy axisrespectively.

6 Conclusions

The
#

potential of the featureextraction and data associa-
tion
$

algorithm has beendemonstratedwith resultsusing
real� data.Thestochasticmapoffersaccuratepositionfixes
of both the obstaclesand the vehicle itself. However the
MHTF
�

moduleis expensive in termsof computingpower,
exponentiallyincreasingaccordingto thenumberof targets
being
,

consideredby the hypothesismatrix. Futurework
will comparethe methodwith a nearestneighbouralgo-
rithm� aidedby simpleheuristicsandimproved featureex-
traction
$

techniques.

The
#

results shown should be expectedto improve as
sensorsand a valid vehicle model are integratedinto the
system. Further testing is plannedusing a mechanically
scannedsonar on-boardRAUVER, a house-built ROV.
These
#

futureexperimentswill becarriedout with thehelp
of dead-reckoningsensors,sothatthedependency on large
featuredensitiesis reduced.

7
�
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