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Abstract

Thispaperaddresseshe problemof autonomousxplo-
ration and mappingof unknownervironmentsy a mobile
robot. A map-basedxploration systemis presented,n
which a topolagical map of the ervironmentis acquired
incrementallyby the robot, usingan artificial neural net-
work to detectnew areasof unexplored territory. Using
this appmoad, no manualinterventionin the map acqui-
sition processis required, and all computationis carried
outin real-timeon board the robot. Experimentsare pre-
sentedin which a Nomad200 robot successfullymapped
and navigatedcomple, real world ervironmentscontain-
ing transientchangessut asmoving people

1 Intr oduction

In recentyears,therehasbeena greatdeal of research
on the topic of mobile robot navigation, and a numberof
successfuhavigation systemshave beenproduced.Many
systemseitherrely on pre-installedmaps[14], or usepas-
sive mechanism#o build mapswhile therobotis manually
steerechroundtheernvironmentby ahumanoperatoi8, 6].
In other systemsthe sensomotor datarequiredfor map
building is first collectedby the robot undermanualcon-
trol, thenan off-line learningalgorithmis usedto find the
bestmapto fit thedata[13].

While all of the methodsdescribedabore have their
merits, manual intervention is costly and prone to hu-
man error.  Similarly, reactve behaiours suchas wall-
following, thoughoftenvery robust, cannotbe guaranteed
to build completemapsin large, complex ervironments.
We thereforebelieve thatthe mostflexible approachs for
the robot to acquireits own mapsthrough a processof
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autonomousmap-basedxploration. In otherwords, the
robotshouldbe ableto identify regionsof unexploredter-
ritory, navigateto the identified areasusingits own map,
andincrementallyupdatethis mapat the sametime.

A versionof thelatter stratgyy wasusedhere,in which
the robot continuouslytries to expandthe territory which
hasalreadybeencharted. The basicideais thatthe robot
travelsto the edgeof the existing map, and then usesits
range-findersensorgo detectnew regions of unexplored
territory. The new territory is addedto the map,thenthe
robotattemptdgo travel to the next unexplorededgeof the
map. The processs repeateduntil the robothascovered
theentireervironment.

Therobotusesa graph-basedepresentationf its ernvi-
ronment,in which the nodescorrespondo contiguousre-
gionsknown asplacesandthelinks to possibletransitions
betweerplaces.A topologicalratherthanmetricrepresen-
tationwasusedbecausenetricmapsrequirelargeamounts
of computationrandalsodependon precisepositioninfor-
mationfor map learning. Theserequirementsare partic-
ularly hardto satisfyin larger ervironments especiallyif
fully autonomougperations required.

TheapproacHhiffersfrom previouswork in thatit does
not require high precisionsensingor dependupon sim-
plifying assumptionsbout particular ervironments,and
has beentestedin populated,real world ervironments.
An artificial neuralnetwork is usedto detectareasof un-
explored territory, fusing togetherinformation from the
robot’s sonarandinfraredsensorsAll of thedatarequired
for training the network is collectedby the robot itself,
avoiding theneedfor the systemdesigneto determinethe
training signal. The completesystemrequiresonly mini-
mal computationatesourcesiueto the compactnessf its
representationgherebyeliminating the needfor off-line
processingndincreasinghe autonomyof therobot.

In this paper we assumehat the robot hasthe ability
to determineits own locationin the topologicalmap:; full
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detailsof the self-localisatiormechanisnusedin theseex-
perimentscanbefoundin [3].

1.1 RelatedWork

Yamauchi[18] developeda techniquecalled “frontier-
basedexploration,in which a global occupang grid [11]
was usedto representhe ervironment. Image sggmen-
tation techniquesvere usedto extract regionsin the grid
betweenchartedand unknown territory known as “fron-
tiers”. Explorationwasthendirectedtowardsthefrontiers.
A disadwantageof thisapproachs thatit dependsritically
uponaccuratdasersensorandpreciselycorrectecbdome-
try, becausexactpositioninformationis neededo update
grid-basednaps.

Thrun [15] also developeda map building systemus-
ing a global occupang grid. An artificial neuralnetwork
wastrainedto translateneighbouringgroupsof sonarsen-
sorreadingdnto occupang valuesin thegrid. Exploration
wasthendirectedtowardsareasof high uncertaintyin the
acquiredmap. The requiredtraining exampleswere ob-
tained using a simulator thoughthe trained neural net-
workswereshavn to work well ontherealrobot.

Edlingerand Weiss[5] developeda map building sys-
tem in which the robot’s map consistedof a set of laser
range-finderscansand the topological relationsbetween
the scans. The systemattemptecdto detectobstacle-free
segmentsn thescanknown as“passages’thatis, regions
of openspaceawvhich arewide enoughfor therobotto move
into. The detectehassagewereaddedo a stackof unex-
ploredlocationswhichwerevisitedin turn until thewhole
ervironmenthadbeencoveredby therobot.

2 Exploration Strategy

Therobotbuildsatopologicalmap,whichis augmented
with metricinformationconcerninghedistanceandangles
betweerconnecteglaces.Themapcontaingwo different
typesof placegfigure1):

¢ Predicted. Placespresumedo exist but not yet vis-
ited by therobot.

e Confirmed. Placesactuallyvisited by therobot.

Explorationconsistsof continuouslytrying to expand
the territory alreadychartedby the robot, using a neural
network to addnew ‘predicted’ placesto the map. Subse-
guentmovementby therobotis usedto verify whetherthe
‘predicted’placesactuallyexist or not.

Fromits initial location, the robot addsthe first setof
‘predicted’ placesto the map, and then attemptsto navi-
gateto the nearestpredicted’ place.If therobotis ableto

Figure 1. Exampleof TopologicalMap Building. Places
predictedby the neuralnetwork but not yet visited by the
robotareshavn by squaresPlacewisited by therobotare
shawvn by filled circles.

move to a physicallydistinctnew locationin the erviron-
mentwithout encounteringary obstaclesthe ‘predicted’
placeis replacedby a ‘confirmed’ place, otherwiseit is
deleted. Whenerer another‘confirmed’ placeis addedto
themap,theneuralnetwork is usedagainto predictfurther
new places. This processs repeateduntil all ‘predicted’
placesin the maphave eitherbeenvisited by the robotor
deleted.

In orderto implementthis explorationstrateyy, the fol-
lowing mechanismsvererequired:

1. Location Recognition. We assumehattherobothas
the ability to locateitself within the map. The self-
localisationalgorithmdescribedn [3] wasusedhere;
this algorithm is able to determinethe most likely
placeoccupiedby the robot,andalsothe mostlik ely
displacemenbf the robotwithin eachof the possible
places.

2. Open SpaceDetectionand CompassSense.In or-
derto addthe new ‘predicted’ placesto the map, the
robotrequiresthe ability to determineits orientation
(seesection3). In addition,somemechanismis re-
quiredto addthe new ‘predicted’ placesto the map,
i.e.,to detectarea®f unexploredterritoryin aparticu-
lar direction. Individual range-findereadingsarenot
well suitedfor this purposebecaus@f problemssuch
asocclusionsausedy moving people sensomnoise,
cross-talkandspeculareflections. Instead,an artifi-
cial neuralnetwork wastrainedto learntheconcepbof
“openspace”,combiningnoisy informationobtained
from mary sensoreadingqseesection5).



3. Way Finding. Dijkstra’s algorithmwasusedfor path
planning. Therobot’s headingwascontrolledby tak-
ing into accountthe robot’s currentlocationin the
map, the compasssenseand the shortestpathto the
goal location. A pre-trainedbehaiour for moving
forwardswhile avoiding obstaclesvas usedfor low
level sensomotorcontrol [12].

4. Local Dead Reckoning. In order to determine
whethera new ‘confirmed’ placeshouldbe addedto
the map, a local deadreckoning stratgy was used
(seesectiond). If the robot managedo travel by a
pre-specifieddistancethreshold(1m) from the near
eststoredplacein the mapwithout encounteringary
obstaclesthenanew ‘confirmed’ placewasaddedto
themap.

5. ConsistencyMaintenance. Deadreckoning cannot
be usedfor global position estimationduring map
building, dueto the accumulatedlrift errorscaused
by wheelslippage.Therefore someothermechanism
wasrequiredto assignglobally consistentoordinates
to the placesin the robot’s map,usingonly the local
metricrelationsbetweerthe placeqseesections).

The systemwas implementedon a Nomad 200 robot
equippedwith sonar infraredandodometrysensoranda
flux-gatecompasgfigure 2).

16 sonar
sensors

<« 16 infrared
sensors

Figure2: The Nomad200 Mobile RobotFortyTwo. The
sonarandinfraredsensoraremountedontheturret,which
canrotateindependentlyelative to the baseof therobot.

3 CompassSense

A separatdehaiour wasusedto rotatetherobot’s tur-
retat smallspeedsn thedirectionof ‘North’, asindicated
by the flux-gatecompassThe effect of this behasiour was
to smoothoutlocalfluctuationsan the magnetidield of the
robot’s environment. Using the compassn this way gave
therobotasingleview of eachocation,i.e.,theappearance

of locationsto the robotdependedn the robot’s position
alone,notits orientation.

While this methodis robustin dealingwith minor vari-
ationsin the magneticfield, severecompasserrorscaused
by ferrousbuilding materialscouldposeaproblemin some
ervironments. A more reliable compasssensecould be
obtainedby integrating perceptualinformation from the
robot’s exteroceptve andproprioceptve sensorsasin the
self-orientatiorsystemdescribedy Li etal [9], or by us-
ing correlationwith avision-basednapof theceiling asin
Thrunetal [16].

4 DeadReckoning

Insteadof usingthe robot’s rotationalwheelencoders
for the on-line deadreckoning, we usedtherelative angu-
lar displacementf the turretfrom the baseof the robot.
This hadthe effect of removing the accumulatedangular
drift affectingtherobot’s raw odometry(figure 3), because
the turretwasanchoredo ‘North’ by the compassense.
Usingcompass-baseatlometryleavesatranslationatrift
error of approximatel\2-5% of distanceravelled.
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Figure3: Top: Raw Odometry Bottom: Compass-Based
Odometry The accumulatedotationaldrift in therobot’s
raw odometry was removed on-line using the compass
sense.



5 Open SpaceDetection

A fully connectedfeedforward neuralnetwork with 6
inputs, 3 hiddenunits and 1 outputwastrainedto asso-
ciatethe sensonyjinputin agivendirectionwith therobot’s
ability to move by a pre-specifiedlistancg(1m) in thatdi-
rection. The outputof this network wasthe probability of
openspacean thegivendirection(figure4).
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Figure 4: Architecturefor Open SpaceDetection. Two
pre-processindunctionswere appliedto the sensoryin-
put,thenanartificial neuralnetwork wasusedto detectthe
presencer absencef openspacdn a givendirection.

5.1 DataCollection

The sensingstratgly usedby the robot consistedf ro-
tatingits turretto obtaina detailedscan,consistingof 144
sonarandl44infraredreadingsat2.5degreeintervals. For
datacollection, a scanwasfirst taken, thenthe robot at-
temptedto move asfar aspossiblein an arbitrary direc-
tion until anobstaclevasdetectedrecordingboththe sen-
sorreadingsrom the scanandthe distancetravelled. The
datawas collectedin several differentareasof the com-
puterbuilding at Manchester

5.2 Pre-Processing

The recordedsensorreadingswere first processedo
take into accountthe headingof the robot. A subsetof

58 of the readings centredaroundthe direction of travel,
wasusedasinputto the classificatiormechanismThefol-
lowing functionswerethenapplied:

Median Filter. The robot’s raw sensorreadingsrarely
give accurateangemeasurementghe valuesmay be too
high, e.g.,dueto speculareflectionsor too low, e.g.,due
to cross-talkor occlusionscausedoy moving people. To
reducetheseeffects,groupsof 5 or 6 adjacensensoread-
ingswerecombinedto producea singlereadingby taking
their medianvalue. This resultedin five sonarandfive in-
fraredinputsto the next pre-processingtage.

Symmetry Filter. This functionwasusedto exploit the
bilateralsymmetryinherentin this classificationtask. For
example, the left-most sonarreadingwas combinedwith
theright-mostsonamreadingby takingthe minimumof the
two values(i.e., the nearesbf thetwo obstaclesietected).
The middle-left and middle-rightreadingswere similarly
combined. This resultedin threesonarandthreeinfrared
inputsto theneuralnetwork, sincethecentrereadingsvere
notaffectedby this operation.

5.3 Training and Testing

A key issuewasthatof misclassificatiorerrors. Though
the performanceof the network usedherewasvery good
(seeresults), ary classificationmechanismis bound to
make someerrors. Theseerrorswill eitherbe ‘falseposi-
tives’,wheretherobotpredictsopenspacenvhenthe space
is actuallyoccupied,or ‘falsenegatives’, wherethe robot
predictsoccupiedspacewhenthe spaceis actually open.
In the explorationstratgy presented'f alsepositives’ are
notamajorproblem becaussubsequennhovementoy the
robotis usedo verify whetherthepredictecblacesactually
exist. However, ‘f alsenegatives’would posea problem,as
we do not wantthe robotto missary areasof unexplored
territory.

The solution adoptedhere was to bias the classifier
mechanisminto over-estimatingthe likelihood of open
spacein a givendirection, therebyproducingmore ‘f alse
positives’ but fewer ‘f alsenegatives’ (nonein the experi-
mentspresentedhere). The network wastrainedto output
theprobabilityof openspaceby usingthecross-entroper
ror function insteadof the sum-of-squaresrror normally
usedin neuralnetwork training[1]. During testing,a bias
value(0.15) wasaddedto the outputof the network in or-
der to producethe desiredover-estimates.An input pat-
ternwasthusclassifiedas“open space”if the outputwas
greaterthana thresholdof 0.5, and“occupiedspace”oth-
erwise.



6 Map Learning
6.1 Local Metric Relations

Whenever the robotmovedbetweerntwo distinctplaces
i and j for the first time, a new topological connection
was recordedin the map. In addition, the distanced;;
andheading®;j of the robot betweenthe two placeswas
recorded.Thelinks betweerplaceswereconstrainedo be
bi-directional,thatis, dij = dji and8;; = 6j; + 1@ These
measurementwe/ere obtainedusing local deadreckoning
andmatchingof local range-findescansconstructedrom
therobot's sonareadingq3] (seealso[17, 10)).

During subsequentraversalsof an existing link in the
map, the measurementgassociatedwith the link were
adaptedusing the following rules taken from Yamauchi
andBeer[19]:

dj = Adops+(1=A)dij,
0. = t —1 A sinBops+ (1—)\) sineij
v ACcoBpps+ (1 —A) coBjj

where the vector (dops, Oobs) refersto the obsened dis-

placementi.e., distanceandheadingof therobotbetween
thetwo placesandthelink adaptatiomate, A = 0.5in these
experiments.

6.2 ConsistencyMaintenance

The problemaddressedherewas how to assignglob-
ally consistentoordinatevaluesto theplacesn therobot’s
map.Eachplacein themapwasrepresentelly aCartesian
coordinate(x;, yi). A relaxationalgorithmwasusedto find
anoptimal setof coordinatedo fit the obserned measure-
ments,using only the local metric relationsbetweenthe
places.

In this approacheachlink in the mapcanbe modelled
as a spring which connectstwo adjacentplacesi and j.
Thespringreachesninimumenegy whentherelative dis-
placementetweenthe coordinatef i and j is equalto
the vector(d;j, 6ij) measuredy therobot[10, 7]. Thus,
globalconsisteng is maintainedn themapby minimising
thefollowing enegy function:

!
E= Iz;(xi—xj-}-di,—coseij)z-l-(yi—yj+dijsineij)2,

where;’j refersto the sumover the neighboursof a given
node. Thereare a numberof differentalgorithmswhich
canbe appliedto solwe this particularoptimisationprob-
lem,includingGaussiarelimination,stiffnessmethodsand
expectation-maximisatiofd, 10, 7, 13].
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Figureb: Left: floor planof acorridorervironment.Right:
thecorrespondingnapacquiredby therobot.

7 Results

The neuralnetwork wastrainedusing 276 examplesto
performthe openspaceclassificationtask, resultingin a
testerrorof 7.6%, A validationerrorof 4.0% wasobsened
duringthetestingof the completeexplorationsystem(this
was lower than the test error becausethe data usedfor
training andtestingcontaineda higherproportionof “dif-
ficult” examplessuchasjunctionsandcorners).

Themap-basedxplorationstratgy wastestedsuccess-
fully in anumberof untreatedrealworld ervironmentsat
our computerbuilding, which containedransientchanges
suchasmoving people doorsopeningandclosing,etc. An
examplemapacquiredby the robotin a corridor erviron-
mentof size34m x 33mis shavnin figure5.

To assesghe quality of the mapsobtained,we con-
sideredthe robot’s ability to navigate usingits own self-
acquiredmap. Firstly, we consideredhe robot’s ability
to relocaliseunderglobal uncertainty i.e., to recover its
position after becominglost. To assesdocalisationper
formance the Uncertainty CoeficientU (L | R) wasmea-
suredagainstthe distancetravelled by the robot from an
unknown starting position using wall-following (seefig-
ure 6). This statistic measuregshe extent to which the
robot’s responseR (the location estimatesproducedby
self-localisationpredictstherobot'struelocation,L, as

UL|R) = —H(L);(HL;LW,
HL = =3 puinp,
HIL|IR) = —Zp.Jlnp”

wherep.j = 3 pij, Pie = Y j Pij, andpij refersto theprob-
ability of therobot'sresponsdeingi whentherobot'strue
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Figure 6: RelocalisationperformanceU (L | R) under
globaluncertaintyin the corridorenvironment.

locationwas j. Full detailsof the experimentalprocedure
usedto asseskcalisationperformanceanbefoundin [2].

Finally, the exploration systemwas validatedthrough
its integrationinto a completenavigation system[3]. The
robothadto performa delivery task,finding 100 different
routesthroughthe corridor ervironmentin figure5. The
successatewas 100%whenstartingfrom a known loca-
tion and 92% when startingfrom a completelyunknown
location,indicatingthe effectivenesof our approach.

8 Discussion

In this paper we presentech completemap-baseadx-
ploration systemfor a mobile robot. The basic mecha-
nismsincludeda compassa topologicalmap augmented
with metric information and a neuralnetwork trainedto
detectareasof openspace,combinedwith our previous
work on self-localisationusing landmarks[2, 3]. Using
this approachrealworld ervironmentsof severalhundred
m? were mappedindependentlyby a Nomad 200 robot
without requiring off-line processingor humaninterven-
tion in theexplorationprocess.

Futurework will needto examinethe problemof self-
orientationin more detailto improve the reliability of the
compassensgsection3). Anotherfundamentaproblem
for ary navigatingrobotis to build consistenmapsin very
largeernvironmentscontainingloops. Sofar, mobilerobots
have only beensuccessfulin “closing the loop” by us-
ing accuraterange-findersensingand preciselycorrected
odometry[15]. This approachwill inevitably fail oncethe
size of the ervironmentis increasedeyond the limits of
therobot’s mechanismsor positioncorrection.
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