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Abstract

Abandonedminesposesigni�cant threatsto society, yet a large fractionof themlack ac-
curatemaps. This article discussesthe software architectureof an autonomousrobotic
systemdesignedto exploreandmapabandonedmines.Wehavebuilt arobotcapableof au-
tonomouslyexploringabandonedmines.A new setof softwaretoolsis presented,enabling
robotsto acquiremapsof unprecedentedsizeandaccuracy. On May 30, 2003,our robot
“Groundhog”successfullyexploredandmappedamaincorridorof theabandonedMathies
minenearCourtney, PA. Thearticlealsodiscussessomeof thechallengesthatarisein the
subterraneansenvironments,andsomethedif�culties of building truly autonomousrobots.

1 Intr oduction

In recentyears,the questto ®nd andexplore new, unexplored terrainhasled to the deploy-
mentof moreandmoresophisticatedroboticsystems,designedto traverseincreasinglyremote
locations. Roboticsystemshave successfullyexploredvolcanoes[5], searchedmeteoritesin
Antarctica[1, 44], traverseddeserts[3], exploredandmappedtheseabed[12], evenexplored
otherplanets[26]. This articlepresentsa robotsystemdesignedto explorespacesmuchcloser
to us: abandonedundergroundmines.

Accordingto a recentsurvey [6], “tensof thousands,perhapsevenhundredsof thousands,
of abandonedminesexist todayin theUnitedStates.Not eventheU.S.Bureauof Minesknows
the exact number, becausefederalrecordingof mining claimswasnot requireduntil 1976.”
Shockingly, we areunawareof the locationof many mines—despitethe fact that mostmines
werebuilt just a few generationsago! A recentnear-fatalaccidentin Somerset,PA, speaksto
this end: Whenminersin their routinework accidentallybreacheda nearbyabandonedmine,
®fty million gallonsof waterpoureduponthem,cutting off nine minersandalmostburying
themalive. Thecauseof this accidentwasof®cially determinedto bea lack of accuratemine
maps;thebreachedand�ooded minehadbeensuspectedto beseveralhundredfeetaway [35].

Evenif accurateminemapsexist, thoseareusuallyjust idealized2-D drawings. Little can
be inferredfrom suchsketcheswith regardsto critical measures,suchasthe volumeandthe
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Figure 1: Left: TheGroundhogrobot is a 1,500poundcustom-built vehicleequippedwith onboardcomputing,
laserrangesensing,gasandsinkagesensors,andvideorecordingequipment.Right: Testingthesysteminsidethe
BrucetonResearchMine, awell-maintainedmineaccessibleto researchteams.

structuralsoundnessof anabandonedmine. Accuratemodelsof suchabandonedmineswould
beof greatrelevanceto a numberof problemsthatdirectly affect thepeoplewho live or work
nearthem.Oneis subsidence:structuralshiftscancausecollapseonthesurfaceabove. Ground
watercontaminationis anotherproblemof greatimportance,andknowing thelocation,volume,
and condition of an abandonedmine can be highly informative in planningand performing
interventions. Accuratevolumetricmapsarealsoof greatcommercialinterest. Knowing the
volumeof thematerialalreadyremoved from a mine is of critical interestwhenassessingthe
pro®tability of re-miningapreviouslyminedmine.

Abandonedminesareusuallynot accessibleto people.Lack of structuralsoundnessis one
reason;anotheris theharshnessof theenvironment(e.g.,low oxygenlevels,�ooding) andthe
dangerof explosionof methane,a gasthat frequentlyaccumulateswhenminesareno longer
ventilated.Thismakesmineasuperbtargetdomainfor autonomousrobots.However, mapping
a mine with a robotic vehicle is a challenge.The vehiclemustbe ruggedenoughto survive
theharshenvironmentalconditionsinsidethemine. It mustbeableto perceive andnegotiate
majorobstacles.Unfortunately, existingwirelesscommunicationtechniquesaregenerallyun®t
for mines.

This article reportsexperimentswith a robotic systemdesignedto autonomouslyexplore
andacquire3-D mapsof abandonedmines.The1,500poundvehicle,nicknamed“Groundhog”
andshown in Figure1; a detaileddescriptionof the hardwarecanbe found in [2]. Ground-
hogis essentiallybuilt out of thefront halvesof two ATVs, endowing it with identicalsteering
mechanismson eitherend. While theexactcon®gurationof therobotvariedfrom experiment
to experiment,in its ®nal con®gurationGroundhogwasessentiallysymmetrical,enablingit to
retractwithout having to turn around. For acquiring3-D maps,Groundhogis equippedwith
tiltable SICK laserrange®nderson eitherend. It alsocarriestwo mine-certi®edportablegas
detectorsto enableit to detectmethaneandothercombustiblegases. To navigate,Ground-
hoganalyzeslocal 3-D scanswith regardsto traversibility. A fastC-spaceplannerdetermines
whethertheterrainaheadcanbenegotiated,andif so,identi®essuitablepaths.Thosearethen
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Figure 2: On October27, 2002, Groundhogwas deployed into the Florencemine nearPittsburgh, PA. This
experimentis a ®rst in a seriesin which therobotnavigatesanenvironmentinaccessibleto people,but still under
remotecontrol.

executedvia PD control, usingfast2-D scanmatchingto keepthe vehiclelocalized. Failure
to ®nd a suitablepathleadsGroundhogto retractin reversemotion. Groundhogalsoacquires
large-scaleconsistentmapsof thevoidsit explores.

Groundhog'sdevelopmentbeganin theFall of 2002.Approximatelyadozentestrunswere
carriedout in awell-maintainedinactivecoalmineaccessibleto people:theBrucetonResearch
Mine locatednearPittsburgh, PA. Mining wasdiscontinuedin the early 1940s,but sincethat
timetheminehadbeenmaintainedin astatesafefor peopleto enter. Theminefeatureshallways
severalhundredmeterslong,puttingto a testthevehicle's physicalenduranceandits ability to
managelargeamountsof data.However, this mineis technicallynot abandonedandtherefore
not subjectto collapseand deterioration. On October27, 2002, Groundhogdescendedfor
the ®rst time into an abandonedmine inaccessibleto people. This mine, the FlorenceMine
nearPittsburgh, PA, hadbeenabandonedand �ooded for many decades.Before the robot's
entry, theminewasmostlydrained,leaving behindacidicmudthatminersrefer to as“yellow
boy.” Figure2 depictsthe vehicleafter descendingapproximately30 metersinto the mine,
hereoperatingon a tetherandunderremotecontrol. On May 30, 2003,aftera long seriesof
testrunscarriedout in theBrucetonResearchMine, Groundhog®nally enteredaninaccessible
abandonedmine in fully autonomousmode. The mine is known asthe Mathiesmine andis
locatedin the samegeographicareaas the othermines. The coreof this surface-accessible
mineconsistsof two 1.5-kilometerlong corridorswhich branchinto numeroussidecorridors,
andwhichareaccessibleatbothends.Thiswasanimportantfeatureof thismine,asit provided
naturalventilationandtherebyreducedthe chancesof encounteringcombustiblegasesinside
themine.Figure3 depictsbothendsof themine.A mapof themine,providedto usby theMine
SafetyandHealthAdministationandthemineowner, is shown in Figure4; apparentlythis is
themostaccuratemapon recordfor this mine. To acquirea moreaccuratemapof oneof the
maincorridors,therobotwasprogrammedto autonomouslynavigatethroughthecorridor.308
metersinto themine, therobotencountereda brokenceiling bardrapingdiagonallyacrossits
path.Therobotmadethecorrectdecisionto retract.

Thedataacquiredon theserunshasprovideduswith modelsof unprecedenteddetail and
accuracy, of subterraneanspacesthat may forever remainoff limits for people. This article
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Figure3: OnMay 30,2003,GroundhogenterstheMathiesminenearCourtney, PA. For the®rst time,Groundhog
operatesin fully autonomousmode,beyond the reachof our wirelesscommunicationlink. It autonomouslyde-
scended308metersinto theminebeforemakingthecorrectdecisionto turnaroundaftersensinganon-negotiable
ceilingbeamdrapeddiagonallyacrosstherobot'spath.Thesephotographsshow thetwo entrancesto themile-long
corridorsystem.

providesacomprehensivedescriptionof Groundhog'ssoftwarearchitecture.It offersvisualiza-
tionsof 2-D and3-D mapsof someof theminesmappedby thevehicle. We discusssomeof
theshortcomingsof thepresentsystemandlay out a roadmapto future researchbasedon the
challengesthatremain.

2 Chassisand Electronics

Groundhog's chassisunitesthe front halves of two all terrain vehicles,allowing all four of
Groundhog's wheelsto be both driven andsteered.The two Ackermansteeringcolumnsare
linkedin opposition,reducingGroundhog's outsideturningradiusto approximately2.44m.A
hydraulic cylinder drivesthe steeringlinkage,with potentiometerfeedbackproviding closed-
loop controlof wheelangle.Two hydraulicmotorscoupledinto the front andrearstockATV
differentialsvia 3:1chaindrivesresultin aconstant28.50.145m/secvelocity. Whenin motion,
Groundhog consumesupwardsof 1kW, whereprocessingand sensingonly draw 25W and
75W respectively. Therefore,time spentsensingandprocessinghasminimal impacton the
operationalrangeof therobot.Thehighpower throughputcombinedwith thelow speedof the
robotmeansthatGroundhoghasthetorquenecessaryto overcometherailways,fallentimbers,
andotherrubblecommonlyfoundin abandonedmines.Equippedwith six deep-cycle lead-acid
batteries,andin laterexperimentswith eightsuchbattereis,Groundhoghasa locomotive range
greaterthan3km.

Mine safetyregulationsrequirethatall electronicseitherbeintrinsically safeor beencased
in anexplosionproofenclosure.An intrinsicallysafedevicemaynot,throughcapacitanceor in-
ductance,dischargeenoughenergy into asparkto igniteanexplosiveatmosphere.Groundhog's
enclosureis designedto prevent an interior explosionfrom transferringenoughenergy to the
externalenvironmentto triggeranexplosionof thatenvironment.To satisfythis requirement,
Groundhogwas®tted with a 225kgsteelenclosure.To compensatefor this loadandkeepthe
groundclearanceof therobotabove 25cm,thesuspensionwasre-mountedin a precompressed
con®guration.
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Figure4: Thebestexistingmaponrecrdof theMathiesmine.It showsat thecentertwo parallelverticalcorridors,
of which the robot enteredthe left corridor from the supplyyard endshown towardsthe bottom. This map is
obviously incorrect:thetwo corridorsdonotconnectproperlytowardsthetopof thismap.

The explosion-proofenclosurehousesa 24 VDC, 90 Amp electricmotor that drives the
pumpfor the hydraulic system. The 300 MHz PC/104+CPU andassociatedI/O electronics
also occupy the enclosurealong with the hydraulic manifold and its six solenoidactuators.
All outgoingpower lines arecomputer-controlledandindividually fusedon both the positive
andnegative terminals. In addition to beingable to explicitly cut power to externaldevices
Groundhog'sCPUis equippedwith awatchdogtimerthatautomaticallydisablesexternalpower
in theeventof acomputerfailure.

Coalminecorridorsaverage1–2,tall and3–6mwide. At 1m tall and1.2mwide, Ground-
hog is able to operatein all but the shortestof coal mineswith room to maneuver in all but
thethinnest.Theoriginaldimensionsof Groundhogwereengineeredto accommodatethecon-
straintsat thebreachbetweentheQuecreekandSaxmanmines.This breachwas2m wide by
1.2mtall, 1.2mdeep,with a30cmsteponeitherside.While Groundhogwasdeniedthechance
to explore this breach,the con®gurationanddimensionschosenhave proven effective in the
experimentsreportedhere.

In groundhig's landmarkexplorationof theMatthiesmine—whichwasouronly experiment
sofar in which therobotwastruly autonomous,theworst-casescenariowasfor Groundhogto
traversealmostthe whole 1.5km, then have to traversean additional1.5km back out of the
mine,for a total of 3km,whichwasdeterminedto bewithin theoperationalrangeof therobot.
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Periodicmessagesweresentto thebaseof operationsvia asimpleUDPbroadcastmessageover
an802.11wirelesslink, indicatingthattherobotwasaliveandworking.

3 SimultaneousLocalization and Mapping

Thecoreof theGroundhognavigationsystemis comprisedof a softwarepackagethatsolves
the SLAM problemby acquiring2-D maps. The SLAM problem—whichis short for simul-
taneouslocalizationandmapping[11]—ariseswhena vehicleattemptsto build a mapwhile
simultaneouslylocalizing itself relative to this map. On the surface,mobile robotscanoften
utilize GPSto acquireabsolutepositioninformation.Underground,we do not have theluxury
of GPSlocalization.

At the lowest level of processing,Groundhog's mappingsystemutilizes a real-timescan
matchingtechniquefor registeringconsecutive scans[16, 19]. Scansareacquiredusinglaser
range®nderpointedforward. As is commonin the scanregistrationliterature,our algorithm
alignsscansby iteratively identifyingnearbypointsin pairsof consecutive rangescans.It then
calculatestherelative displacementandorientationof thesescansby minimizing thequadratic
distanceof all pairsof points [7]. In our implementation,all calculationsarecarriedout in
real-timeat75Hertz,thedatarateof theSICK scanner(see[19]).

The scanmatcherenablesGroundhogto recover two quantities: locally consistentmaps
andanestimateof therobot'sown motion.Figure5ashowsa2-D mapobtainedusingourscan
matchingalgorithmfrom adatasetlackingany odometryinformation.It is well-understoodthat
local scanmatchingis incapableof achieving globalconsistency [8, 16, 40]. This is becauseof
theresidualerrorin scanmatching,whichaccumulatesover time.

The limitation is apparentin the 2-D mapof the BrucetonResearchMine shown in Fig-
ure5a. This mapis theresultof applyinglocal scanmatchingin a minethat is approximately
250by 180metersin size. While partsof this maparelocally consistent,themapis globally
inconsistent:Severalof thehallwaystraversedmorethanoncehave falselybeenmappedinto
parallelcorridors.A consistentmapis shown in Figure5b andits creationwill bedescribedin
turn.

Our approachaddressingtheSLAM problemis describedin depthin [14], with a previous
versionsdescibedin [42]. It is in many wayssimilar to a seminalpaperby Lu andMilios [24]
andresearchin [31, 43], in thatessentialmapinformationis representedby relativeconstraints.
In particular, every®vemetersof consecutiverobotmotion,thedatagatheredduringthisperiod
is mappedinto a localmap,justasin [8]. Figure6ashowssucha localmap,alongwith arange
scan.

As commonin theliterature,let usdenotetheabsolutelocationandorientationof thek-th
mapby � k = ( xk yk � k )T ; herex andy are the Cartesiancoordinatesof the mapand �
is its orientation.Thesetof coordinatesfor all local mapswill bedenotedX = f � 1; � 2; : : :g.
Thegraphof theselocal coordinatesasobtainedfrom thescanmatcheris shown in Figure6b.
Clearly, if only we knew the correctcoordinatesX of all local maps,it would be straightfor-
wardto pastethemtogetherinto a singleglobalminemapusing,for example,occupancy grid
mappingtechniques[28]. However, thetruevaluesof � k arenotknown known.

Whatwe do know, however, is theapproximaterelative displacementbetweenconsecutive
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(a)

(b)

Figure 5: Map of theBrucetonResearchmine,obtainedvia incrementalscanmatching(left) andusingour lazy
dataassociationapproach(right). Themapis approximately250by 180metersin size.
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(a) (b)

Figure 6: (a) Exampleof a local mapanda single2-D rangescan.(b) TheresultingMarkov random®eld: Each
nodeis thecenterof a localmap,acquiredwhentraversingtheBrucetonResearchMine nearPittsburgh,PA.

maps� k and � k� 1. This information is recoveredfrom the scanmatcher. It is of the form
� k;k� 1 = ( � xk;k� 1 � yk;k� 1 � � k;k� 1 )T , wheretheindividualdeltavaluesmeasuretherelative
displacementalongthe coordinateaxes. The � -valuesmapcoordinates� k� 1 into � k via the
obvious trigonotetricfunction � k = f (� k� 1; � k;k� 1). If scanmatchingwasfree of errors,this
recursionwouldenableusto recoverabsoluteinformationvia thefollowing recursion,assuming
weknow theinitial coordinate� 0. However, scanmatchingis notwithouterrors.To accountfor
thoseerrors,ourapproachgeneralizesthis recursioninto asequenceof soft “rubber-band”-type
constraintsthatassumesGaussianerror. More speci®cally, �k� 1 and� k;k� 1 inducea Gaussian
probabilitydistributionover � k with covariance� : f (� k� 1; � k;k� 1)

� (� k ; � k� 1) = j� � j �
1
2 exp� 1

2(� k � f (� k� 1; � k;k� 1))T � � 1(� k � f (� k� 1; � k;k� 1)) (1)

Functionslike � areoften calledpotential in the statisticalliterature. Potentialslink together
consecutive local mapsin a soft way: They expectationof the pose� k is equivalent to the
resultof thescanmatcher, but thepotentialallows for deviationsfrom this expectation.Sucha
rubber-bandrepresentationis known asMarkov random®elds(MRF) [36, 46]. It is reminiscent
of information®lters,aspreviouslyusedfor SLAM in [31, 43].

Recoveringtheglobalmapis equivalentto ®ndingthesequenceof mapcoordinatesX that
minimizestheproductof potentials

Q
k � (� k ; � k� 1), or thesumof thelogs

P
k log� (� k ; � k� 1).

Thekey advantageof theMRF representationis thatit encompassestheresidualuncertainty
in local scanmatching.This enablesusto altertheshapeof themapin accordancewith global
consistency constraints.Supposeweknow thatthek-th mapoverlapswith somemapj < k � 1
acquiredat an earlierpoint in time, andsupposewe have a goodestimateof the relative dis-
placementbetweenthesemaps.To incorporatethis into theglobalmapde®nition,we de®nea
potential� (� k ; � j ) betweenthecoordinatesof thosemaps� k and� j . This potential,or consis-
tency constraint,is of the sameform asthe local constraintsin (1), but usuallywith a tighter
covariance� . By addingthis potential� (� k ; � j ) to thesetof potentials,we softly enforcethe
known displacementbetween� k and� j . Thus,thelanguageof potentialsis rich enoughto add
additionalnon-localconstraintsthatcanimprove theglobalconsistency of themap.

For any ®xedsetof potentials� = f � (�k ; � j )g, which includesboththeoriginal potentials
betweenconsecutive mapsandthenew potentials,theresultingMRF is describedthroughthe
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Figure 7: Exampleof our dataassociationtechnique:When closing a large loop, the robot ®rst erroneously
assumesthe existenceof a second,parallelhallway. However, this model leadsto a grossinconsistency asthe
robot encountersa corridor at a right angle. At this point, our approachrecursively searchesfor improved data
associationdecisions,arriving at themapshown on thebottom.

following function. This functioncanbe thoughtof asa non-normalizedprobabilityover the
joint globallocationsof all submaps:

p(X ) /
Y

k;j

exp� 1
2(� k � f (� j ; � k;j ))T � � 1 (� k � f (� j ; � k;j )) (2)

whereX = � 1; � 2; : : : is the setof all mapposes.The global mapis now recoveredby min-
imizing this expressionover the the locationsX of all submaps.The negative log-likelihood
� logp(X ) is quadraticin the� andf -values,but thefact that f is non-linearmakesit impos-
sible to minimize this expressionin closedform. The classicalapproachto minimizing such
functionsis to approximatef by its Taylor expansion.This turns� logp(X ) into a quadratic
functionover thevariablesX . Settingthe®rst derivative to zeroyieldsthedesiredminimumin
closedform, asdescribedin moredetailin [17] for details.Wealsonotethatthereareanumber
of alternativetechniquesfor minimizing� logp(X ), someof whichexploit thesparsenatureof
thepotentials[15, 30,45]
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(a)

(b)

(c)

Figure8: Searchingthedataassociationtree:(a)showsthetreeandapathchosenby locally determiningthemost
likely dataassociation.(b) shows theassociatedlog-likelihoods.Thearrow indicatesanopportunityto increase
the log-likelihoodby revising pastdataassociationdecisions.(c) shows theresultof thesearchfor an improved
dataassociation,whichprovidesamapof increasedlikelihood.
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4 Data Association

Theremainingquestionfor building consistentmapsis: Wheredo theconsistency constraints
comefrom?Clearly, theapproachdescribedthusfar leadsonly to aconsistentglobalmapwhen
theconstraints� (� k ; � j ), obtainedafterloopclosure,arequalitatively correct.

Finding the “correct” consistency constraintsis an instanceof a more generalproblem
known as the data associationproblem[4, 10]. The dataassociationproblemcomesabout
whena robothasto decidewhethertwo measurements,taken at differentpointsin time, cor-
respondto thesameobject.Thescanmatcheralreadyaddressesthedataassociationproblems
whenaligning scans.However, herethe spatialerror betweenconsecutive scansis typically
small,andsimpleheuristicssuchasnearestneighborwork well [7]. Whenclosingloops,how-
ever, theerrormaybelarge,andnearestneighbormaybemisleading.Suchasituationis shown
in Figure7a,wherea localizationerrorinducesa dataassociationerrorwhich, in turn, leadsto
a brokenmap. The importanceof this problemhasbeenpointedout by a numberof authors,
whohaveproposeda�urry of techniquesfor handlingthem[8, 13, 18,27, 38]. Theimportance
of robust dataassociationcannotbe overemphasized.Mines often containnumerousloops.
Mismappingevenasingleloopcanhaveadevastatingeffecton theoverallmap,andasaresult
thevehiclemaygetlost in themineandnever return.

Our approachperformslikelihoodmaximizationthrougha lazy searchof thedataassocia-
tion tree.Thedataassociationtreeis a treeof all discretedataassociationdecisionsthatcanbe
madewhenbuilding aglobalmap;its sizeis exponentialonthelengthof thedatasequence.An
exampletreeis visualizedin Figure8a,whichdepictsthesequentialdataassociationprocessas
new localmapsarebeingacquired.For eachnew map,adecisionis to beweatherto introducea
consistency constraint,andwhatthevalueof thisconstrainmaybe.A consistency constraintis
introducedif themapoverlapswith suf®cientprobabilitywith apreviouslyacquiredlocalmap.
Localizingthis thenew local maprelative to this previousmap,however, mayyield morethan
just onepossiblealignment,andeachsuchalignmentmaygive riseto a differentvaluefor the
relative displacementbetweenthecorrespondingmaps.In Figure8a,sucha decisionis made
for map� 4, andthenagain for map� 6. Themap� 4 overlapswith map� 1, andlocalizing� 4 rel-
ative to � 1 leadsto two possibledisplacements,labeleda andb in this diagram.Theconstraint
thatmaximizesthelog-likelihoodfunctionhappensto beb in this example,sothecorrespond-
ing constraints� (� 1; � 4) = b is addedto thesetof constraints.Similarly, � 6 overlapswith � 2,
andd appearsto bethemorelikely valueof theresultingconstraint.Thegraypathin Figure8a
illustratestheresultingsequenceof dataassociationdecisionsandtheaf®liatedpotentials.

However, maximumlikelihooddataassociationis proneto errors,andsometimessucher-
rors becomeonly evident in retrospect.An exampleof this, taken from actualmine data,is
depictedin Figure7a: The misalignmenthappenswhenthe cycle is ®rst closed,at the loca-
tion labeled“2' in Figure7a. However, the inconsistency causedby this misalignmentis not
detecteduntil the robot reachesthe endof the corridor, labeled“3” in that ®gure. Figure8b
illustratessucha situationin thedataassociationtree: For eachnodein thetree,it depictsthe
log-likelihoodof themap(thesumof log-potentialsandall log-probabilitiesobtainedby match-
ing maps).Whenaddingthemap� 8, the log-likelihoodtakesa dip, indicatingthat themapis
perceptuallyhighly inconsistent.Thekey ideafor recoveringfrom oursituationis to memorize
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(a)

(b) (c)

Figure 9: (a) A local 3-D modelof theminecorridor, obtainedby a scanninglaserrange®nder. (b) Thecorre-
sponding21

2 -D terrainmapextractedfrom this 3-D snapshot:thebrightera location,theeasierit is to navigate.
(c) Kernelsfor generatingdirectionalC-spacemapsfrom the21

2 -D terrainmap. Thetwo blackbarsin eachker-
nel correspondto the vehicle's tires. Planningin theseC-spacemapsensuresthat the terrainunderthe tires is
maximallynavigable.

notonly thelog-likelihoodalongthechosenpath,but alsofor theentirefrontierof thetree.The
frontier is thesetof all leaf nodesof thetreeat thepresentstateof expansion:Frontiersnodes
areshadedgray in Figure8b. If the log-likelihoodof a nodeon the frontier is larger thanthe
log-likelihoodof presentlychosenleaf in the tree—whichhappensto be the casefor the left
branchin Figure8b—arevision of pastdataassociationdecisionsmaypotentiallyincreasethe
overall log-likelihood,therebyimproving themap.Our approachthensimply startsexpanding
all nodeson thefrontierswhoselog-likelihoodexceedsthelog-likelihoodof thechosenleaf. If
anew leafyieldsahigherlikelihood,thisleafis chosenandtheconsistency constraintsaremod-
i®ed accordingly. Figure8c illustratesthepotentialoutcomeof this approach:in this example,
a differentsequenceof dataassociationdecisionsyields a bettermap. As describedin detail
in [17], addingandremoving consistency constraintscanbe doneef®ciently, andcalculating
theresultingcon®gurationX doesnot requirea full solutionof theoptimizationproblem.

Our approachis guaranteedto ®nd thebestdataassociationsequence.Most of thetime, it
simply follows thelocally beststrategy; however, oncein awhile it is forcedto backtrack.Fig-
ure7 illustratessuchasituation:Heretheinitial minemapis false,in thattheroboterroneously
assumesthatthebottomareaof themapconsistsof two parallelhallways.Thisdecision,whose
fallacy is not obvious at the time of loop closure,leadsto a grossinconsistency later on, as
indicatedin Figure7. Ourapproachthenrevisesits dataassociationsandyieldsthemapshown
in Figure7b. Thismapis partof thelargermapshown in Figure5b.

5 Con�guration SpaceModels

To make navigationdecisions,therobotmapsits sensordatainto a con®gurationspacerepre-
sentation[23], in which planningamountsto ®nding a trajectoryfor a point object. In indoor
mobile robotics,it is commonto navigateusing2-D maps[21], a strategy that hasbeenre-
portedto work even for active undergroundmines[25]. In abandonedmines,however, the
robot needsricher informationthanthe 2-D informationusedfor acquiringlarge-scalemaps.
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(a) (b)

Figure 10: (a) A small 2-D map acquiredby Groundhogin the FlorenceMine nearBurgettstown, PA. This
remotely-controlledmissionwasabortedwhentherobot's computerwas¯oodedby waterandmud in themine.
(b) View of a local3-D mapof theceiling.

This is becauseholesanddebrison the groundmay easilycreateinsurmountableobstacles.
Otherobstaclesmay reducethe freespaceabove the ground,suchas low-hangingwires and
partiallycollapsedroof structures.Thesechallengestendnot to poseproblemsin activemines,
which are typically kept free of debris. They are,however, paramountin abandonedmines.
For exploring abandonedminesit is thereforeimperative thatthevehicleanalyzesthefull 3-D
structureof whatliesahead.

Our solution to this problemis basedon the growing literatureon rough terrainnaviga-
tion [20]. In periodicintervals,Groundhogemploys its tilting mechanismto acquire3-D range
scansof theareaaheadof therobot. Theresulting3-D scansaretransformedinto a 3-D point
cloud,of thetypeshown in Figure9a. Thepoint cloudcapturesthegroundsurface,theceiling
and—mostimportantly—thefree-spacein between. Groundhogthen transformsthesepoint
cloudsinto 21

2-D terrainmaps.The21
2-D mapcapturesthetraversibility of the local area:the

lowerthevalue(cost)atan(x; y) position,theeasierit is to navigate.Figure9bshowsanexam-
pleterrainmap.Thegray-level in thismapillustratesthedegreeatwhichthemapis traversable:
thebrightera2-D location,thelower its terraincost,andthebettersuitedit is for navigation.

Theterrainmapis obtainedby analyzingall measurementshx; y; zi in the3-D scan(where
z is theverticaldimension).For eachrectangularsurfaceregion f xmin ; xmaxg� f ymin ; ymaxg, it
identi®estheminimumz-value,denotedz. It thensearchesfor thelargestz valuein this region
whosedistanceto z doesnot exceedthevehicle's height(plusa safetymargin); this valuewill
becalled �z. Thedifference�z � z is thenavigationalcoef®cient: it looselycorrespondsto the
ruggednessof the terrainundertheheightof therobot. If no measurementis availablefor the
targetregionf xmin ; xmaxg� f ymin ; ymaxg, theregionis markedasunknown. For safetyreasons,
multiple regionsf xmin ; xmaxg � f ymin ; ymaxg overlapwhenbuilding theterrainmap. Features
like railway lines representsharpchangesin heightbetweentwo potentially�at surfaces(the
rail andtheadjacent�oor) andwithout incorporatingoverlapbetweenregionsit is possibleto
produceterrainmapsobliviousto theseartifacts.

Finally, the21
2-D mapis mappedinto a con®gurationspacerepresentationthatpermitsfor

ef®cient pathplanningandrobot control. The con®gurationspace,or C-space,is the three-
dimensionalspaceof posesthatthevehiclecanassume;it comprisesthevehicle's x-y location
alongwith thevehicle's orientation� . Groundhogobtainsits C-spacemapsby convolving the
terrainmapwith orientedkernelsthatdescribetherobot's footprint. Figure9c shows someof
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Figure11: Cameraimagesrecordedwhile autonomouslyexploring theMathiesmine.Both imageshowssignsof
degradationcharacteristicof abandonedmines,enablingminesafetypersonneltoassessthedegreeof deterioration.

thesekernels:they consistof two rectangularregion of high cost,which enclosea rectangular
region with lower costs.Theintuition behindthis approachis quitestraightforward: therobot
is composedof two pairsof wheelson eachside.Clearly, theruggednessof theterrainmatters
the mostunderthe wheels,sincethis is the placewherethe robotestablishesgroundcontact.
However, in betweenthe wheelsthereis a good chancethe robot may touch tall obstacles;
hencetheconvolution kernelalsoincorporatesthe ruggednessof the terrainin between.This
kernel hasthe nice propertythat it makes the robot avoid small obstacles,suchas railroad
tracks. Abandonedminesoftenpossessanabundanceof railroadtracks. While it is perfectly
acceptableto navigatewith a trackbetweenthewheels,traversingor riding thesetrackscauses
unnecessarydamageto thetiresandincreasetheoverall energy consumption.

Theresultof theconvolution is a 3-D representationof theC-space,wheretwo coordinates
correspondto the robot's x-y locationrelative to its environment,the third to its orientation.
Eachpoint in thespacemeasuresthe “costs” of assumingthecorrespondingcoordinateswith
therobot.TheC-spacerepresentationenablesusto solve all planningandcontrolproblemsby
treatingtherobotasapointobject.

6 Navigation

Theremainingmajorsoftwarecomponentpertainsto theproblemof navigation. Thetaskhere
is to make control decisionsso asto bestexplore andmapan abandonedmine. Most of our
expeditionsinvolved a remotelycontrolledrobot; henceall navigation decisionswere made
by the humanoperator. In our ®nal experimenton May 30, 2003, in which Groundhogex-
ploredtheMathiesMine nearPittsburgh,PA, therobotmadeall navigationdecisionsby itself,
andnavigatedtruly autonomously. In this case,however, the explorationinvolved following
essentiallya straightcorridor with a slight right bent,which is signi®cantlysimpler thanthe
generalexplorationproblemof exploring many differenthallways. Literatureon the latter is
manifold[9, 22, 37,39, 47].

Our ®rst processingsteppertainedto ®nding a paththroughC-space.For that, the robot
devisesa goalfunctionwhosecenteris a locationin thedesiredtravel direction(e.g.,5 meters
straightaheadin themine). Becauseevenroughlystraightpassagesin minescanhave several
cross-cuts,it is importantfor therobotto beableto distinguishthecurrentcorridorfrom aside-
hall. This canbedif®cult if only thecurrentsensorinformationis takeninto account,sincethe
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Figure 12: (a) 2-D mapof the Mathiesmine. This 308-meterslong maphasbeenacquiredautonomously:A
world's ®rst in successfulautonomousmineexploration. (b) The®nal few metersof this map,with the vantage
pointsat which therobotchoseto acquirea 3-D scan.Theprotrudingobstacle,which ultimately led therobot to
backup,shows upasasmalldot-likeobstaclein the2-D map.

robotmaybeangledrelative to thecurrentcorridor(asaresultof avoidinganobstacle,etc).So
a numberof previousrobotpositionsarecombinedin a linearestimatorto produceanestimate
of thegeneraldirectionof theminecorridor.

Oncethe goal region hasbeendetermined,control is generatedby applyingthe A* algo-
rithm [34] in C-space.Initially, thegoalregion is keptsmall;however, if planningfails to ®nd a
pathbelow acertaincostthreshold,thegoalregion is graduallyincreased.In thisway, Ground-
hogfavorstrajectoriesthatgo throughthecenterof theminecorridor;however if thecenteris
not navigable,therobotis ableto take local detoursaroundpossibleobstacles.If no navigable
pathcanbefoundto any of thegoalpoints.Therobotconcludesthatthecorridoris unnavigable
andinitiatesa high-level decisionto reverse.On the reversejourney, the robotusestheexact
samenavigation routines,exploiting the fact that from a navigationalstandpointof view, the
robot is symmetric.However, to avoid gettingstuckon its journey back,thesafetydiameteris
reduced.Thepathfoundby A* is executedusingaPDcontroller.

7 Resultsand LessonsLearned

Groundhogwastestedin a numberof experiments,sometaking placein laboratorysettings,
othersin actualmines.As describedin theintroductionto thisarticle,Groundhognavigatedand
mappedthreedifferentmines,all with vastly differentcharacteristics.The Brucetonresearch
mineenabledusto performlarge-scaleexperiments,testingthevehicle'senduranceandability
to acquirelargeminemapswith many cycles. However, our testsin this mine focusedon the
ability to acquirelarge-scalemaps,not on autonomousnavigation. TheFlorencemineenabled
us,for the®rst time, to acquirea 3-D mapof anenvironmenttruly inaccessibleto people.The
fact that is waspartially �ooded limited the operationalrangeof the robot. So far, our only
autonomousrunwasperformedin theMathiesmine,wheretherobotoperatedpartiallyoutside
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Figure13: (a)Local3-D mapand(b) imageof abrokenceilingbarthatrendersthecorridorsegmentunnavigable.
This obstaclewas encountered308 metersinto the abandonedMathiesmine. It led Groundhogto the correct
decisionto retract.

therangeof ourwirelesscommunicationlink.
Figure10 depictsthemapof theFlorencemine(seeFigure2). Heretherobot's con®gura-

tion involvedaforward-pointedlaserfor 2-D mapping,andanupwardspointedlaserto mapthe
ceilingstructure;nosensorwasavailableto maptheground.While thiscon®gurationis insuf®-
cientfor autonomousnavigation,it hastheniceadvantagethatthe3-D mapcanbeconstructed
easilyfrom the2-D mapastherobotmoves[41].

GroundhogenteredtheMathiesmineautonomouslyon May 30, 2003at 10:55AM, EST.
Shortly thereafter, it lost radio contactwith the gronudstation. Onehour and308minto the
mine,therobotencountereda roof-fall, includinga steelsupportbeamthatdrapeddiagonally
acrossthecorridorandblocked furtherprogress.Themachinemadetheappropriatedecision
to retractandbegunto backout of themineat approximately12:00PM, but encounteredsoft-
waredif®cultiesstartingat approximately12:20PM. After another30 minutes,thesystemhad
not resolved its problems,andit wasdecidedto try to interveneover the weakwirelesslink
at 12:56PM Underthe strainof teleoperation,the wirelesslink locked up shortly thereafter,
strandingtherobotanestimated200metersinsidethemineat 1:04PM. Subsequentefforts to
re-establishthe link failed,andat 3:30PM, two minesafetyinspectorsreceivedpermissionto
suit up andproceedinto themineto try to manuallyresetGroundhog's wirelesslink. Thelink
wassuccessfullyreestablishedat 3:50PM andtherobotexited themineundermanualcontrol
at4:02PM.

Figure11 depictsimageryacquiredinsidetheMathiesmine. Theseimageswererecorded
with a low-light camera,usingtherobot's active IR light sourcefor illumination. The2-D map
of the Mathiesmine is shown in Figure12. This 308 meter-long mapshows the obstruction
on its right end. In 2-D, the obstructionappearsto be small andnavigable. In 3-D, however,
it becomesapparentthat theobstacleis not navigable. Therobot's 3-D mapof thesituationis
shown in Figure13,alongwith theimage.

The resulting2-D map and the corresponding3-D mapswere found to provided an un-
precedentedglimpseinto the interior of this quickly deterioratingenvironment.A subsequent
debriefwith membersof minesafetyandenvironmentalprotectionagenciescon®rmedthatthe
level of detail provided by thesemodelsopensup unprecedentedopportunitiesto understand
thesituationinsideanabandonedmine,andto targetcorrectiveactions.
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8 Shortcomingsand Futur eChallenges

We have describedthe softwarearchitectureof a deployed systemfor robotic mine mapping.
Themostimportantalgorithmicinnovationsof our approacharenew, lazy techniquesfor data
association,andafasttechniquefor navigatingruggedterrain.Thesystemhasbeentestedunder
extremeconditions,andgeneratedaccuratemapsof abandonedminesthatareinaccessibleto
people. Our researchdemonstratesthat the autonomousacquisitionof mapsof abandoned
minesis indeedfeasiblewith autonomousroboticsystems.

Our extensive experimentationwith theGroundhogsystemsuggestsa numberof opportu-
nitiesfor furtherresearch.Chiefamongthemis to developsystemsthatcanautonomouslymap
entiremines,not just fractionsthereof. Dif®culties in this taskarisefrom the fact that side-
corridorswerefrequentlyclosedbeforeminersabandonedthem,to stopthe�o w of gasesfrom
inactive into the active partsof a mine. Suchclosuresposeinsurmountableobstaclesto our
presentsystem,but might besurmountablegivenappropriatemeansof environmentmodi®ca-
tion. In a paralleleffort, we have investigatedthe feasibility of building borehole-deployable
roboticsystems[29], which canbeplacedin deepminesfrom thesurface.However, thesmall
radii of conventionalboreholesmakesit dif®cult to lower a vehiclelarge enoughto negotiate
theroughgroundterrain.

A secondlimitationof thepresentsystemis its inability tonegotiatewaterandheavy mud.A
goodfractionof minesin theU.S. is �ooded. This createsanopportunityto build submersible
mine mappingrobots,which would have the advantageof not beingforcedto the groundof
a mine. Anotherpossibility would be an amphibiousvehicle for exploring partially �ooded
mines.

Finally, beingableto communicatewith a robotwhile insidea minewould have greatop-
erationalbene®ts,both with regardsto troubleshootingandfor assistingthe robot in its ex-
plorationdecisions.At present,thereareonly low-bandwidthtechnologiesfor communicating
directly throughsolid matter. Establishinga network of wirelessrepeaterstations,asproposed
in [32, 33],wouldbeaviableextensionto minemappingrobots,whichcouldcritically enhance
theoperationalcapabilitiesof futuremine-exploring robots.

Despitetheselimitations,Groundhog'ssuccessin exploringandmappingabandonedmines
opensa world of opportunitiesfor subterraneanroboticexploration. While the surfaceof the
Planethasbeenmappedwith greatdetail,mostundergroundvoidslackaccuratemaps,oftento
thedetrimentof thepeoplewho live or work nearby. This appliesnot just to man-madevoids,
suchasmines.It equallyappliesto naturalvoidssuchascaves.For the®rst time in history, we
now begin to havemeansto exploreandmapvoidsinaccessibleto people.
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L. Saul,andB. Scḧolkopf, editors,Proceedingsof Conferenceon Neural InformationProcessingSystems
(NIPS). MIT Press,2003.

[15] Anshul Gupta,George Karypis, and Vipin Kumar. Highly scalableparallel algorithmsfor sparsematrix
factorization.IEEETransactionsonParallel andDistributedSystems, 8(5):502±520,1997.

[16] J.-S.GutmannandK. Konolige. Incrementalmappingof largecyclic environments.In Proceedingsof the
IEEEInternationalSymposiumonComputationalIntelligencein RoboticsandAutomation(CIRA), 2000.

18



[17] D. Hähnel,W. Burgard,B. Wegbreit,andS.Thrun. Towardslazydataassociationin SLAM. In Proceedings
of the11thInternationalSymposiumof RoboticsResearch (ISRR'03), Sienna,Italy, 2003.Springer.

[18] D. Hähnel,D. Fox, W. Burgard,andS.Thrun. A highly ef®cientFastSLAMalgorithmfor generatingcyclic
mapsof large-scaleenvironmentsfrom raw laserrangemeasurements.In Proceedingsof theConferenceon
IntelligentRobotsandSystems(IROS), 2003.

[19] D. Hähnel,D. Schulz,andW. Burgard. Map building with mobile robotsin populatedenvironments. In
Proceedingsof theConferenceon IntelligentRobotsandSystems(IROS), Lausanne,Switzerland,2002.

[20] K. HashimotoandS.Yuta. Autonomousdetectionof untraversabilityof thepathon roughterrainfor there-
motecontrolledmobilerobots.In Proceedingsof theInternationalConferenceonFieldandServiceRobotics,
LakeYamanaka,Japan,2003.

[21] D. Kortenkamp,R.P. Bonasso,andR. Murphy, editors.AI-basedMobile Robots:Casestudiesof successful
robotsystems, Cambridge,MA, 1998.MIT Press.

[22] B. KuipersandY.-T. Byun. A robot explorationandmappingstrategy basedon a semantichierarchy of
spatialrepresentations.Journalof RoboticsandAutonomousSystems, 8:47±63,1991.

[23] J.-C.Latombe.RobotMotionPlanning. Kluwer AcademicPublishers,Boston,MA, 1991.

[24] F. Lu andE.Milios. Globallyconsistentrangescanalignmentfor environmentmapping.AutonomousRobots,
4:333±349,1997.

[25] R. Madhavan, G. Dissanayake, H. Durrant-Whyte, J. Roberts,P. Corke, and J. Cunningham. Issuesin
autonomousnavigationof undergroundvehicles.Journal of Mineral ResourcesEngineering, 8(3):313±324,
1999.

[26] L. Matthies,E. Gat,R. Harrison,B. Wilcox, R. Volpe,andT. Litwin. Marsmicrorover navigation: Perfor-
manceevaluationandenhancement.AutonomousRobots, 2(4):291±311,1995.

[27] M. Montemerlo,S. Thrun, D. Koller, and B. Wegbreit. FastSLAM 2.0: An improved particle ®ltering
algorithmfor simultaneouslocalizationandmappingthatprovablyconverges.In Proceedingsof theSixteenth
InternationalJoint ConferenceonArti�cial Intelligence(IJCAI), Acapulco,Mexico, 2003.IJCAI.

[28] H. P. Moravec. Sensorfusionin certaintygridsfor mobilerobots.AI Magazine, 9(2):61±74,1988.

[29] A. Morris, D. Kurth,W. Whittaker, andS.Thayer. Casestudiesof aboreholedeployablerobotfor limestone
minepro®ling andmapping.In Proceedingsof theInternationalConferenceon Field andServiceRobotics,
LakeYamanaka,Japan,2003.

[30] K.P. Murphy, Y. Weiss,andM.I. Jordan.Loopy belief propagationfor approximateinference:An empirical
study. In Proceedingsof theConferenceonUncertaintyin AI (UAI), pages467±475,1999.

[31] P. Newman. On the Structure and Solutionof the SimultaneousLocalisationand Map Building Problem.
PhDthesis,AustralianCentrefor FieldRobotics,Universityof Sydney, Sydney, Australia,2000.

[32] H.G. Nguyen,H.R. Everett,N. Manouk,andA. Verma. Autonomousmobile communicationrelays. In
Proc.of theSPIESymposiumonAeroSense/unmannedGroundVehicletechnology IV, Orlando,FL, 2002.

[33] H.G.Nguyen,N. Pezeshkian,M. Raymond,A. Gupta,andJ.M.Spector. Autonomouscommunicationrelays
for tactical robots. In Proceedingsof the 11th International Conferenceon AdvancedRobotics(ICAR),
Coimbra,Portugal, 2003.

[34] N. J.Nilsson.Principlesof Arti�cial Intelligence. SpringerPublisher, Berlin, New York, 1982.

[35] E.Pauley, T. Shumaker, andB. Cole.Preliminaryreportof investigation:Undergroundbituminouscoalmine,
non-injurymineinundationaccident(entrapment),July24,2002,Quecreek,Pennsylvania,2002.BlackWolf
CoalCompany, Inc. for thePA Bureauof DeepMine Safety.

[36] J.Pearl.Probabilisticreasoningin intelligentsystems:networksof plausibleinference. MorganKaufmann
Publishers,SanMateo,CA, 1988.

19



[37] R. Simmons,D. Apfelbaum,W. Burgard, M. Fox, D. an Moors, S. Thrun, andH. Younes. Coordination
for multi-robot exploration and mapping. In Proceedingsof the AAAI National Conferenceon Arti�cial
Intelligence, Austin,TX, 2000.AAAI.

[38] J.D.Tardós,J.Neira,P. Newman,andJ.Leonard.Robustmappingandlocalizationin indoorenvironments
usingsonardata.TechnicalReportTM 2001-04,MIT MarineRoboticsLab,2001.

[39] S.Thrun.Explorationandmodelbuilding in mobilerobotdomains.In E. Ruspini,editor, Proceedingsof the
IEEEInternationalConferenceonNeural Networks, pages175±180,SanFrancisco,CA, 1993.IEEENeural
Network Council.

[40] S. Thrun. A probabilisticonline mappingalgorithmfor teamsof mobile robots. InternationalJournal of
RoboticsResearch, 20(5):335±363,2001.

[41] S.Thrun,W. Burgard,andD. Fox. A real-timealgorithmfor mobilerobotmappingwith applicationstomulti-
robotand3D mapping. In Proceedingsof the IEEE InternationalConferenceon RoboticsandAutomation
(ICRA), SanFrancisco,CA, 2000.IEEE.

[42] S. Thrun, D. Hähnel,D. Ferguson,M. Montemerlo,R. Triebel, W. Burgard, C. Baker, Z. Omohundro,
S.Thayer, andW. Whittaker. A systemfor volumetricroboticmappingof abandonedmines.In Proceedings
of theIEEEInternationalConferenceonRoboticsandAutomation(ICRA), 2003.

[43] S.Thrun,D. Koller, Z. Ghahramani,H. Durrant-Whyte,andA.Y. Ng. Simultaneousmappingandlocalization
with sparseextendedinformation®lters. In J.-D.Boissonnat,J. Burdick, K. Goldberg, andS. Hutchinson,
editors,Proceedingsof the Fifth International Workshopon Algorithmic Foundationsof Robotics, Nice,
France,2002.

[44] C. Urmson,B. Shamah,J. Teza,M.D. Wagner, D. Apostolopoulos,andW.R. Whittaker. A sensorarmfor
roboticantarcticmeteoritesearch.In Proceedingsof the3rd InternationalConferenceon Field andService
Robotics, Helsinki,Finland,2001.

[45] M. J.Wainwright. Stochasticprocesseson graphswith cycles:geometricandvariational approaches. PhD
thesis,Dept.of ElectricalEngineeringandComputerScience,MIT, Cambridge,MA, January2002.

[46] Y. WeissandW.T. Freeman. Correctnessof belief propagation in gaussiangraphicalmodelsof arbitrary
topology. Neural Computation, 13(10):2173±2200,2001.

[47] B. Yamauchi. A frontier-basedapproachfor autonomousexploration. In Proceedingsof the IEEE Inter-
nationalSymposiumon ComputationalIntelligencein RoboticsandAutomation, pages146±151,Monterey,
CA, 1997.

20


