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Abstract

Abandonedminesposesigni cant threatsto society yet a large fraction of themlack ac-
curatemaps. This article discusseshe software architectureof an autonomousobotic
systendesignedo exploreandmapabandonedines.We have built arobotcapableof au-
tonomouslyexploring abandonedhines.A new setof softwaretoolsis presentedenabling
robotsto acquiremapsof unprecedentedizeandaccurag. On May 30, 2003, our robot
“Groundhog”successfullyexploredandmappeda maincorridorof theabandonedlathies
mine nearCourtng, PA. Thearticle alsodiscussesomeof the challengeghatarisein the
subterraneansnvironments andsomethedif culties of building truly autonomousobots.

1 Intr oduction

In recentyears,the questto ®nd and explore new, unexploredterrain hasled to the deploy-
mentof moreandmoresophisticatedobotic systemsdesignedo traverseincreasinglyremote
locations. Robotic systemshave successfullyexploredvolcanoed5], searchedneteoritesn
Antarctica[l, 44], traverseddesertd3], exploredandmappedhe seabed[12], evenexplored
otherplanetg26]. This article presents robotsystemdesignedo explore spacesnuchcloser
to us: abandonedindegroundmines.

Accordingto arecentsurwey [6], “tens of thousandsperhapsaven hundredsf thousands,
of abandonedhinesexist todayin the United States Not eventhe U.S. Bureauof Minesknows
the exact number becausdederalrecordingof mining claimswas not requireduntil 1976
Shockingly we areunavare of the locationof mary mines—despitehe fact that mostmines
werebuilt just afew generationggo! A recentnearfatal accidentin SomersetPA, speakdo
this end: Whenminersin their routinework accidentallybreached nearbyabandoneanine,
®fty million gallons of water poureduponthem, cutting off nine minersand almostburying
themalive. The causeof this accidentwasof®cially determinedo be a lack of accuratemine
maps;thebreachednd ooded minehadbeensuspectedo be severalhundredfeetaway [35].

Evenif accuratemine mapsexist, thoseareusuallyjustidealized2-D drawings. Little can
be inferredfrom suchsketcheswith regardsto critical measuressuchasthe volumeandthe
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Figure 1: Left: The Groundhogobotis a 1,500poundcustom-hiilt vehicleequippedwith onboardcomputing,
laserrangesensinggasandsinkagesensorsandvideorecordingequipmentRight: Testingthe systeminsidethe
BrucetonResearciMine, awell-maintainednineaccessibléo researchieams.

structuralsoundnessf anabandoneadnine. Accuratemodelsof suchabandoneanineswould
be of greatrelevanceto a numberof problemsthatdirectly affect the peoplewho live or work
nearthem.Oneis subsidencestructuralshiftscancausecollapseonthesurfaceabove. Ground
watercontaminations anotheproblemof greatimportanceandknowing thelocation,volume,
and condition of an abandonednine can be highly informatve in planningand performing
interventions. Accuratevolumetricmapsare also of greatcommercialinterest. Knowing the
volumeof the materialalreadyremoved from a mine is of critical interestwhenassessinghe
pro®tability of re-mininga previously minedmine.

Abandonedninesareusuallynot accessibléo people.Lack of structuralsoundnesss one
reasonanotheiis the harshnessf the ervironment(e.g.,low oxygenlevels, ooding) andthe
dangerof explosionof methanea gasthat frequentlyaccumulatesvhenminesare no longer
ventilated.This makesminea superktargetdomainfor autonomousobots.However, mapping
a mine with a robotic vehicleis a challenge. The vehicle mustbe ruggedenoughto survive
the harshervironmentalconditionsinsidethe mine. It mustbe ableto perceve andnegotiate
majorobstaclesUnfortunately existing wirelesscommunicatiortechniquesregenerallyun®t
for mines.

This article reportsexperimentswith a robotic systemdesignedo autonomouslyexplore
andacquire3-D mapsof abandonednines.The 1,500poundvehicle,nicknamed Groundhog”
andshawn in Figure 1; a detaileddescriptionof the hardware canbe foundin [2]. Ground-
hogis essentiallybuilt out of thefront halvesof two ATVs, endaving it with identicalsteering
mechanism®n eitherend. While the exact con®gurationof the robot variedfrom experiment
to experiment,in its ®nal con®gurationGroundhogvasessentiallysymmetrical enablingit to
retractwithout having to turn around. For acquiring3-D maps,Groundhogs equippedwith
tiltable SICK laserrange®nderson eitherend. It alsocarriestwo mine-certi®edportablegas
detectorso enableit to detectmethaneand other comhustible gases. To navigate, Ground-
hoganalyzedocal 3-D scanswith regardsto traversibility. A fastC-spaceplannerdetermines
whethertheterrainaheadcanbe negotiated,andif so,identi®essuitablepaths.Thosearethen



Figure 2: On October27, 2002, Groundhogwas deployed into the Florencemine near Pittshurgh, PA. This
experimentis a®rstin a seriesin which therobotnavigatesan ervironmentinaccessibléo people but still under
remotecontrol.

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

Groundhogs developmentoeganin the Fall of 2002. Approximatelya dozentestrunswere
carriedoutin awell-maintainednactive coalmineaccessibléo people:theBrucetonResearch
Mine locatednearPittskurgh, PA. Mining wasdiscontinuedn the early 1940s,but sincethat
timetheminehadbeenmaintainedn astatesafefor peopleto enter Theminefeaturesallways
severalhundredmeterdong, puttingto atestthe vehicle's physicalendurancendits ability to
managdarge amountsof data. However, this mineis technicallynot abandone@ndtherefore
not subjectto collapseand deterioration. On October27, 2002, Groundhogdescendedor
the ®rst time into an abandoneadnine inaccessibldo people. This mine, the FlorenceMine
nearPittskurgh, PA, had beenabandonednd ooded for mary decades.Before the robot's
entry the minewasmostly drained leaving behindacidic mudthatminersreferto as“yellow
boy.” Figure 2 depictsthe vehicle after descendingapproximately30 metersinto the mine,
hereoperatingon a tetherandunderremotecontrol. On May 30, 2003, after a long seriesof
testrunscarriedoutin the BrucetonResearciMine, Groundhog®nally enteredaninaccessible
abandoneadninein fully autonomousnode. The mineis knowvn asthe Mathiesmine andis
locatedin the samegeographicareaasthe other mines. The core of this surface-accessible
mine consistsof two 1.5-kilometerlong corridorswhich branchinto numeroussidecorridors,
andwhichareaccessiblatbothends.Thiswasanimportantfeatureof thismine,asit provided
naturalventilationandtherebyreducedhe chanceof encounteringcomhustible gasesinside
themine. Figure3 depictsbothendsof themine. A mapof themine,providedto usby theMine
SafetyandHealth Administationandthe mine owner, is shavn in Figure4; apparentlythis is
the mostaccuratenapon recordfor this mine. To acquirea moreaccuratenap of oneof the
main corridors,the robotwasprogrammedo autonomoushnavigatethroughthe corridor308
metersinto the mine, the robotencountered broken ceiling bar drapingdiagonallyacrossts
path. Therobotmadethe correctdecisionto retract.

The dataacquiredon theserunshasprovided us with modelsof unprecedentedetail and
accuray, of subterraneaspaceghat may forever remainoff limits for people. This article



Figure 3: OnMay 30,2003,Groundhogenterghe MathiesminenearCourtng, PA. For the®rsttime, Groundhog
operatesn fully autonomousnode,beyond the reachof our wirelesscommunicatiorink. It autonomoushde-
scended08meterdnto the mine beforemakingthe correctdecisionto turn aroundaftersensinga non-ngotiable
ceilingbeamdrapedliagonallyacrosgherobot's path. Thesephotographshow thetwo entrances$o themile-long
corridorsystem.

providesacomprehensie descriptionof Groundhogs softwarearchitecturelt offersvisualiza-
tions of 2-D and 3-D mapsof someof the minesmappedby the vehicle. We discusssomeof
the shortcomingsf the presentsystemandlay out aroadmapo future researctbasedon the
challengeghatremain.

2 Chassisand Electronics

Groundhogs chassisunitesthe front halves of two all terrain vehicles,allowing all four of
Groundhogs wheelsto be both driven and steered. The two Ackermansteeringcolumnsare
linkedin oppositionreducingGroundhogs outsideturning radiusto approximately2.44m. A
hydraulic cylinder drivesthe steeringlinkage, with potentiometefeedbackproviding closed-
loop control of wheelangle. Two hydraulic motorscoupledinto the front andrearstock ATV
differentialsvia 3:1 chaindrivesresultin aconstan®8.50.145m/secvelocity. Whenin motion,
Groundhog consumesupwardsof 1kW, where processingand sensingonly drav 25W and
75W respectrely. Therefore,time spentsensingand processinghas minimal impacton the
operationatangeof therobot. The high power throughputtombinedwith thelow speedf the
robotmeanghatGroundhodhasthetorquenecessaryo overcometherailways,fallentimbers,
andotherrubblecommonlyfoundin abandonedhines.Equippedwith six deep-gcle lead-acid
batteriesandin laterexperimentswith eightsuchbattereisGroundhoghasalocomotie range
greatethan3km.

Mine safetyregulationsrequirethatall electronicseitherbeintrinsically safeor beencased
in anexplosionproofenclosure An intrinsically safedevice maynot, throughcapacitancer in-
ductancedischageenoughenepy into asparkto ignite anexplosive atmosphereGroundhogs
enclosurds designedo preventan interior explosionfrom transferringenoughenegy to the
externalervironmentto trigger an explosionof thatenvironment. To satisfythis requirement,
Groundhogwas®tted with a 225kgsteelenclosure.To compensatéor this load andkeepthe
groundclearancef therobotabove 25cm,the suspensiomvasre-mountedn a precompressed
con®guration.



Figure 4: Thebestexisting maponrecrdof the Mathiesmine. It shavs atthecentertwo parallelverticalcorridors,
of which the robot enteredthe left corridor from the supply yard end shovn towardsthe bottom. This mapis
ohviously incorrect:thetwo corridorsdo not connectproperlytowardsthetop of this map.

The explosion-proofenclosurehousesa 24 VDC, 90 Amp electric motor that drives the
pumpfor the hydraulic system. The 300 MHz PC/104+CPU and associated/O electronics
also occupy the enclosurealongwith the hydraulic manifold and its six solenoidactuators.
All outgoingpower lines are computercontrolledandindividually fusedon both the positive
and negative terminals. In additionto beingableto explicitly cut power to external devices
Groundhogs CPUis equippedvith awatchdogimerthatautomaticallydisablesxternalpower
in theeventof acomputerfailure.

Coalmine corridorsaveragel—2,tall and3—6mwide. At 1mtall and1.2mwide, Ground-
hogis ableto operatein all but the shortestof coal mineswith roomto maneuer in all but
thethinnest.Theoriginal dimension®f Groundhogvereengineeredo accommodatéhe con-
straintsat the breachbetweerthe Quecreelkand Saxmammines. This breachwas2m wide by
1.2mtall, 1.2mdeep with a30cmstepon eitherside. While Groundhogvasdeniedthechance
to explore this breach,the con®gurationand dimensionschosenhave proven effective in the
experimentgeportechere.

In groundhigs landmarkexplorationof the Matthiesmine—whichwasour only experiment
sofarin which therobotwastruly autonomousthe worst-casescenariovasfor Groundhogo
traversealmostthe whole 1.5km, then have to traversean additional 1.5km back out of the
mine,for atotal of 3km, whichwasdeterminedo bewithin the operationarangeof therobot.



Periodicmessageweresentto thebaseof operationwia asimpleUDP broadcasmessagever
an802.11wirelesslink, indicatingthattherobotwasalive andworking.

3 SimultaneousLocalization and Mapping

The coreof the Groundhognavigation systemis comprisedof a software packagehat solves
the SLAM problemby acquiring2-D maps. The SLAM problem—whichis shortfor simul-
taneoudocalizationand mapping[11]—ariseswhena vehicle attemptsto build a mapwhile
simultaneouslyjocalizing itself relative to this map. On the surface,mobile robotscan often
utilize GPSto acquireabsolutepositioninformation. Undeground,we do not have the luxury
of GPSlocalization.

At the lowestlevel of processingGroundhogs mappingsystemutilizes a real-timescan
matchingtechniquefor registeringconsecutie scang16, 19]. Scansareacquiredusinglaser
range®nder pointedforward. As is commonin the scanregistrationliterature,our algorithm
alignsscandy iteratively identifying nearbypointsin pairsof consecutie rangescansit then
calculategherelative displacemenandorientationof thesescansy minimizing the quadratic
distanceof all pairsof points[7]. In our implementationall calculationsare carriedout in
real-timeat 75 Hertz, the datarateof the SICK scannefseg[19]).

The scanmatcherenablesGroundhogto recover two quantities: locally consistentmaps
andanestimateof therobot's own motion. Figure5ashowvs a 2-D mapobtainedusingour scan
matchingalgorithmfrom adatasetlackingary odometryinformation. It is well-understoodhat
local scanmatchingis incapableof achieving globalconsisteng [8, 16, 40]. Thisis becausef
theresidualerrorin scanmatchingwhich accumulatesvertime.

The limitation is apparenin the 2-D map of the BrucetonResearctMine shavn in Fig-
ure5a. This mapis theresultof applyinglocal scanmatchingin a mine thatis approximately
250by 180 metersin size. While partsof this maparelocally consistentthe mapis globally
inconsistent:Several of the hallwaystraversedmorethanoncehave falselybeenmappednto
parallelcorridors.A consistenmapis shavn in Figure5b andits creationwill be describedn
turn.

Our approachaddressinghe SLAM problemis describedn depthin [14], with a previous
versionsdescibedn [42]. It is in mary wayssimilar to a seminalpaperby Lu andMilios [24]
andresearcthin [31, 43], in thatessentiamapinformationis representedly relative constraints.
In particular every ®ve metersof consecutie robotmotion,thedatagatheredduringthis period
is mappednto alocalmap,justasin [8]. Figure6ashavs suchalocal map,alongwith arange
scan.

As commonin theliterature,let us denotethe absolutdocationandorientationof the k-th
mapby « = ( Xk Yk « )'; herex andy arethe Cartesiancoordinatesof the mapand
is its orientation. The setof coordinatedor all local mapswill bedenotedX = f 4; ,;:::Q.
Thegraphof theselocal coordinatesasobtainedfrom the scanmatcheris shavn in Figure6hb.
Clearly, if only we knew the correctcoordinatesX of all local maps,it would be straightfor
wardto pastethemtogetherinto a singleglobal mine mapusing,for example,occupang grid
mappingtechnique$28]. However, thetruevaluesof  arenotknown known.

Whatwe do know, however, is the approximateelative displacemenbetweenconsecutie



(@)

(b)

Figure 5: Map of the BrucetonResearchmine, obtainedvia incrementascanmatching(left) andusingour lazy
dataassociatiorapproachright). The mapis approximately250by 180 metersn size.
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Figure 6: (a) Exampleof alocal mapanda single2-D rangescan.(b) TheresultingMarkov random®eld: Each
nodeis the centerof alocal map,acquiredwhentraversingthe BrucetonResearctiMine nearPittshurgh, PA.

maps ¢ and ¢ ;. This informationis recoveredfrom the scanmatcher It is of the form
kk 1= ( Xkek 1 Ykk 1 kk 1)', wheretheindividual deltavaluesmeasureherelative
displacementlongthe coordinateaxes. The -valuesmapcoordinatesy ; into  via the
obvious trigonotetricfunction = f( « 1; kx 1) If scanmatchingwasfree of errors,this
recursionwouldenableusto recoverabsolutenformationvia thefollowing recursionassuming
we know theinitial coordinate o. However, scanmatchingis notwithouterrors.To accountor
thoseerrors,ourapproactgeneralizeshis recursioninto a sequencef soft“rubberband”-type
constraintshatassumes$saussiarerror. More speci®cally y ; and .« 1 inducea Gaussian
probabilitydistribution over  with covariance : f ( x 1; «kk 1)

(k1) = Jzexp e flenre ) e flenw) @
Functionslike areoften calledpotentialin the statisticalliterature. Potentialdink together
consecutie local mapsin a soft way: They expectationof the pose  is equivalentto the
resultof the scanmatcheybut the potentialallows for deviationsfrom this expectation.Sucha
rubberbandrepresentatiors known asMarkov random®elds(MRF) [36, 46]. It is reminiscent
of information®lters, aspreviously usedfor SLAM in [31, 43].

Recweringtheglobalmapis equivalentto ®ndingthe sequencef ma&pcoordinateé( that
minimizesthe productof potentials™, ( «; k 1), orthesumofthelogs ,log ( k; k 1)

Thekey adwvantageof the MRF representatiors thatit encompassdberesidualuncertainty
in local scanmatching.This enablesisto alterthe shapeof the mapin accordancevith global
consisteng constraints Supposeave know thatthek-th mapoverlapswith somemapj < k 1
acquiredat an earlierpoint in time, and supposeve have a good estimateof the relative dis-
placemenbetweernthesemaps.To incorporatethis into the globalmapde®nition,we de®nea
potential ( ; ;) betweenthe coordinateof thosemaps ¢ and ;. This potential,or consis-
teng/ constraint,s of the sameform asthe local constraintan (1), but usuallywith atighter
covariance . By addingthis potential ( ; j) to the setof potentialswe softly enforcethe
known displacemenbetween . and ;. Thus,thelanguageof potentialsis rich enoughto add
additionalnon-localconstraintghatcanimprove the global consisteng of the map.

For ary ®xedsetof potentials = f («; j)g, whichincludesboththe original potentials
betweenconsecutie mapsandthe new potentialstheresultingMRF is describedhroughthe
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map after adjustment

Figure 7. Exampleof our dataassociatiortechnique: When closing a large loop, the robot ®rst erroneously
assumeshe existenceof a second parallelhallway. However, this modelleadsto a grossinconsisteng asthe
robot encounters corridor at a right angle. At this point, our approactrecursvely searchegor improved data
associatiordecisionsarriving atthe mapshavn onthebottom.

following function. This function canbe thoughtof asa non-normalizedgrobability over the
joint globallocationsof all submaps:
Y
p(x) / k_eXIO e FCiaN™ Y0 FCh k) 2)
i
whereX = 1; ,;:::isthesetof all mapposes.The global mapis now recoreredby min-
imizing this expressionover the the locationsX of all submaps.The negative log-likelihood
logp(X) is quadratian the andf -values,but thefactthatf is non-linearmakesit impos-
sible to minimize this expressionin closedform. The classicalapproachto minimizing such
functionsis to approximate by its Taylor expansion.Thisturns logp(X) into a quadratic
functionoverthevariablesX . Settingthe®rst derivative to zeroyieldsthe desiredminimumin
closedform, asdescribedn moredetailin [17] for details.We alsonotethatthereareanumber

of alternatve techniguegor minimizing logp(X), someof which exploit thesparsenatureof
the potentialq15, 30,45]
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Figure 8: Searchinghedataassociationree: (a) shavsthetreeandapathchoserby locally determininghe most

likely dataassociation(b) shavs the associatediog-likelihoods. The arron indicatesan opportunityto increase
the log-likelihoodby revising pastdataassociatiordecisions.(c) shows the resultof the searchfor animproved

dataassociationwhich providesa mapof increasedik elihood.



4 Data Association

Theremainingquestionfor building consistentmapsis: Wheredo the consisteng constraints
comefrom? Clearly, theapproachdescribedhusfarleadsonly to a consistenglobalmapwhen
theconstraints ( ; j), obtainedafterloop closure arequalitatively correct.

Finding the “correct” consisteng constraintsis an instanceof a more generalproblem
known asthe data associationproblem([4, 10]. The dataassociatiorproblemcomesabout
whena robothasto decidewhethertwo measurementsaken at differentpointsin time, cor-
respondo the sameobject. The scanmatcheralreadyaddressethe dataassociatiorproblems
when aligning scans. However, herethe spatialerror betweenconsecutie scansis typically
small,andsimpleheuristicssuchasnearesneighbormwork well [7]. Whenclosingloops,how-
ever, theerrormaybelarge,andnearesheighbomaybe misleading.Sucha situationis shavn
in Figure7a,wherea localizationerrorinducesa dataassociatiorerrorwhich, in turn, leadsto
a broken map. The importanceof this problemhasbeenpointedout by a numberof authors,
who have proposed urry of techniquedor handlingthem([8, 13, 18,27, 38]. Theimportance
of robust dataassociatiorcannotbe overemphasized Mines often containnumeroudoops.
Mismappingevenasingleloop canhave a devastatingeffect on the overall map,andasaresult
thevehiclemaygetlostin themineandnever return.

Our approaclperformslik elihoodmaximizationthrougha lazy searchof the dataassocia-
tion tree. Thedataassociatiorireeis atreeof all discretedataassociatiordecisionghatcanbe
madewhenbuilding aglobalmap;its sizeis exponentialon thelengthof thedatasequenceAn
exampletreeis visualizedin Figure8a,which depictsthe sequentiatiataassociatioprocessas
new local mapsarebeingacquired.For eachnew map,adecisionis to beweathetito introducea
consisteng constraintandwhatthevalueof this constrairmaybe. A consisteng constrainis
introducedf themapoverlapswith suf®cientprobabilitywith a previously acquiredocal map.
Localizingthis the new local maprelative to this previous map,however, mayyield morethan
just onepossiblealignment,andeachsuchalignmentmay give rise to a differentvaluefor the
relatve displacemenbetweerthe correspondingnaps. In Figure8a, sucha decisionis made
for map 4, andthenagainfor map . Themap 4, overlapswith map ,, andlocalizing 4 rel-
ativeto ; leadsto two possibledisplacementdabeleda andbin this diagram.The constraint
thatmaximizesthelog-likelihoodfunctionhappengo be b in this example,sothe correspond-
ing constraints ( 1; 4) = bis addedto the setof constraints.Similarly, s overlapswith »,
andd appearso bethemorelikely valueof theresultingconstraint. Thegray pathin Figure8a
illustratestheresultingsequencef dataassociatiordecisionsandthe af®liated potentials.

However, maximumlik elihooddataassociations proneto errors,andsometimesucher-
rors becomeonly evidentin retrospect.An exampleof this, taken from actualmine data,is
depictedin Figure 7a: The misalignmenthappensvhenthe cycle is ®rst closed,at the loca-
tion labeled“2" in Figure 7a. However, the inconsisteng causedoy this misalignments not
detecteduntil the robot reachedhe end of the corridor, labeled“3” in that®gure. Figure 8b
illustratessucha situationin the dataassociatiornree: For eachnodein thetree,it depictsthe
log-likelihoodof themap(thesumof log-potentialsandall log-probabilitiesobtainedy match-
ing maps).Whenaddingthe map g, thelog-likelihoodtakesa dip, indicatingthatthe mapis
perceptuallyhighly inconsistentThekey ideafor recoveringfrom our situationis to memorize
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Figure 9: (a) A local 3-D modelof the mine corridor, obtainedby a scanningaserrange®nder (b) The corre-
spondingZ%-D terrainmap extractedfrom this 3-D snapshotthe brightera location, the easierit is to navigate.
(c) Kernelsfor generatingdirectionalC-spacemapsfrom the 2%-D terrainmap. The two black barsin eachker

nel correspondo the vehicle's tires. Planningin theseC-spacemapsensureghat the terrainunderthe tires is

maximally navigable.

notonly thelog-likelihoodalongthe choserpath,but alsofor theentirefrontier of thetree. The
frontier is the setof all leaf nodesof thetreeat the presenstateof expansion:Frontiersnodes
areshadedyrayin Figure8h. If thelog-likelihoodof a nodeon the frontier is largerthanthe
log-likelihood of presentlychosenleaf in the tree—whichhappengo be the casefor the left
branchin Figure8b—arevision of pastdataassociatiordecisionanay potentiallyincreasehe
overall log-likelihood,therebyimproving the map. Our approactthensimply startsexpanding
all nodesonthefrontierswhoselog-likelihoodexceedgshelog-likelihoodof thechosereatf. If
anew leafyieldsahigherlik elihood,thisleafis choserandtheconsisteng constraint@remod-
i®ed accordingly Figure8c illustratesthe potentialoutcomeof this approachin this example,
a differentsequencef dataassociatiordecisionsyields a bettermap. As describedn detail
in [17], addingand removing consisteng constraintscan be doneef®ciently, and calculating
theresultingcon®gurationX doesnotrequireafull solutionof the optimizationproblem.

Our approachis guaranteedo ®nd the bestdataassociatiorsequenceMost of thetime, it
simply follows thelocally beststratgy; however, oncein awhile it is forcedto backtrack.Fig-
ure7? illustratessuchasituation:Heretheinitial minemapis false,in thattheroboterroneously
assumeshatthebottomareaof themapconsistof two parallelhallways. This decisionwhose
fallagy is not obvious at the time of loop closure,leadsto a grossinconsisteng later on, as
indicatedin Figure7. Our approactthenrevisesits dataassociationandyieldsthe mapshawvn
in Figure7hb. Thismapis partof thelargermapshavn in Figure5h.

5 Con guration SpaceModels

To make navigation decisionsthe robot mapsits sensomatainto a con®gurationspacerepre-
sentationf23], in which planningamountgsto ®nding a trajectoryfor a point object. In indoor
mobile robotics,it is commonto navigate using 2-D maps[21], a stratgy that hasbeenre-
portedto work even for active undegroundmines([25]. In abandonednines, however, the
robot needsricher informationthanthe 2-D informationusedfor acquiringlarge-scalemaps.
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Figure 10: (a) A small 2-D map acquiredby Groundhogin the FlorenceMine nearBurgettstavn, PA. This
remotely-controllednissionwasabortedwhenthe robot's computerwas oodedby waterandmud in the mine.
(b) View of alocal 3-D mapof the ceiling.

This is becauséholesand debrison the groundmay easily createinsurmountableobstacles.
Other obstaclegnay reducethe freespaceabove the ground, suchas low-hangingwires and
partially collapsedoof structuresThesechallengesendnotto poseproblemsn active mines,
which aretypically kept free of debris. They are, however, paramounin abandoneadnines.
For exploring abandonedninesit is thereforemperatve thatthe vehicleanalyzeshefull 3-D
structureof whatlies ahead.

Our solutionto this problemis basedon the growing literature on rough terrain naviga-
tion [20]. In periodicintervals, Groundhogemploysits tilting mechanisnto acquire3-D range
scansf the areaaheadof therobot. Theresulting3-D scansaretransformednto a 3-D point
cloud, of thetype shavn in Figure9a. The point cloud captureghe groundsurface,the ceiling
and—mostimportantly—thefree-spacen between. Groundhogthen transformsthesepoint
cloudsinto 2%-D terrainmaps.The 2%-D mapcaptureghetraversibility of thelocal area:the
lowerthevalue(cost)atan(x; y) position,theeasielit is to navigate. Figure9b shavs anexam-
pleterrainmap. Thegray-levelin thismapillustratesthedegreeatwhichthemapis traversable:
thebrightera 2-D location,thelower its terraincost,andthe bettersuitedit is for navigation.

Theterrainmapis obtainedby analyzingall measurementsx; y; zi in the 3-D scan(where
z is theverticaldimension) For eachrectangulasurfaceregion f X min ; Xmaxd  f Ymin ; Ymax 0, it
identi®estheminimumz-value,denotedz. It thensearche$or thelargestz valuein thisregion
whosedistanceo z doesnot exceedthe vehicle's height(plus a safetymargin); this valuewill
becalledz. Thedifferencez z is the navigationalcoef®cient: it looselycorrespondso the
ruggednessf the terrainunderthe heightof therobot. If no measuremens availablefor the
tamgetregionf Xmin; Xmax9  f Ymin ; Ymax 0, theregionis markedasunknavn. For safetyreasons,
multiple regionsf Xmin ; Xmax9 T Ymin ; Ymax9 Overlapwhenbuilding theterrainmap. Features
like railway lines represensharpchangesn heightbetweentwo potentially at surfaces(the
rail andthe adjacentoor) andwithoutincorporatingoverlapbetweerregionsit is possibleto
produceterrainmapsobliviousto theseartifacts.

Finally, the 2%-D mapis mappednto a con®gurationspacerepresentatiothat permitsfor
ef®cient path planningandrobot control. The con®gurationspace,or C-spacejs the three-
dimensionakpaceof poseghatthe vehiclecanassumeit compriseghevehicle's x-y location
alongwith the vehicle's orientation . Groundhogobtainsits C-spacemapsby convolving the
terrainmapwith orientedkernelsthatdescribethe robot's footprint. Figure 9c shavs someof



Figure 11: Cameramagesrecordedvhile autonomouslhexploring the Mathiesmine. Both imageshaws signsof
degradatiorcharacteristiof abandonedines enablingminesafetypersonnelo assesthedegreeof deterioration.

thesekernels:they consistof two rectangularegion of high cost,which enclosea rectangular
region with lower costs. The intuition behindthis approachs quite straightforward: the robot
is composeaf two pairsof wheelson eachside. Clearly, theruggednessf theterrainmatters
the mostunderthe wheels,sincethis is the placewherethe robot establishegroundcontact.
However, in betweenthe wheelsthereis a good chancethe robot may touch tall obstacles;
hencethe cornvolution kernelalsoincorporateghe ruggednessf the terrainin between.This
kernel hasthe nice propertythat it makes the robot avoid small obstaclessuchas railroad
tracks. Abandonedninesoften possessn abundanceof railroadtracks. While it is perfectly
acceptabléo navigatewith atrackbetweerthe wheels traversingor riding thesetrackscauses
unnecessarglamageo thetiresandincreaseheoverall enegy consumption.

Theresultof the corvolutionis a 3-D representatioof the C-spacewheretwo coordinates
correspondo the robot's x-y locationrelative to its ervironment,the third to its orientation.
Eachpointin the spacemeasureshe “costs” of assuminghe correspondingoordinatesvith
therobot. The C-spacaepresentatioenablesisto solwve all planningandcontrol problemsby
treatingtherobotasa point object.

6 Navigation

Theremainingmajor softwarecomponenpertainsto the problemof navigation. Thetaskhere
is to make control decisionsso asto bestexplore and mapan abandoneanine. Most of our
expeditionsinvolved a remotely controlledrobot; henceall navigation decisionswere made
by the humanoperator In our ®nal experimenton May 30, 2003, in which Groundhogex-
ploredthe MathiesMine nearPittshurgh, PA, therobotmadeall navigationdecisiondoy itself,
and navigatedtruly autonomously In this case,however, the explorationinvolved following
essentiallya straightcorridor with a slight right bent, which is signi®cantlysimplerthanthe
generalexplorationproblemof exploring mary differenthallways. Literatureon the latteris
manifold[9, 22, 37, 39, 47].

Our ®rst processingteppertainedio ®nding a paththroughC-space.For that, the robot
devisesa goalfunctionwhosecenteris alocationin thedesiredravel direction(e.g.,5 meters
straightaheadn the mine). Becauseavenroughly straightpassages minescanhave several
cross-cutsit is importantfor therobotto beableto distinguishthecurrentcorridorfrom aside-
hall. This canbedif®cult if only the currentsensoilinformationis takeninto accountsincethe
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Figure 12: (a) 2-D map of the Mathiesmine. This 308-meterdong map hasbeenacquiredautonomously:A
world's ®rst in successfulutonomousnine exploration. (b) The ®nal few metersof this map,with the vantage
pointsat which the robot choseto acquirea 3-D scan.The protrudingobstacle which ultimately led therobotto
backup, shavs up asa smalldot-like obstaclen the2-D map.

robotmaybeangledrelative to the currentcorridor (asaresultof avoiding anobstaclegtc). So
anumberof previousrobotpositionsarecombinedn alinearestimatorto produceanestimate
of thegeneraldirectionof the mine corridor.

Oncethe goal region hasbeendeterminedcontrolis generatedy applyingthe A* algo-
rithm [34] in C-spacelnitially, thegoalregionis keptsmall;however, if planningfailsto ®nd a
pathbelow acertaincostthresholdthegoalregionis graduallyincreasedin thisway, Ground-
hogfavorstrajectorieghatgo throughthe centerof the mine corridor; however if the centeris
not navigable,therobotis ableto take local detoursaroundpossibleobstacles!f no navigable
pathcanbefoundto ary of thegoalpoints. Therobotconcludeghatthecorridoris unnavigable
andinitiatesa high-level decisionto reverse. On the reversejourney, the robot usesthe exact
samenavigation routines,exploiting the fact that from a navigational standpointof view, the
robotis symmetric.However, to avoid gettingstuckon its journey back,the safetydiameteris
reduced.Thepathfoundby A* is executedusinga PD controller

7 Resultsand Lessond.earned

Groundhogwastestedin a numberof experiments sometaking placein laboratorysettings,
othersin actualmines.As describedn theintroductionto this article, Groundhoghavigatedand
mappedhreedifferentmines,all with vastly differentcharacteristics The Brucetonresearch
mineenabledisto performlarge-scaleexperimentstestingthe vehicle's endurancendability
to acquirelarge mine mapswith mary cycles. However, our testsin this mine focusedon the
ability to acquirelarge-scaleanaps,not on autonomousavigation. The Florencemine enabled
us,for the®rsttime, to acquirea 3-D mapof anervironmenttruly inaccessibléo people.The
factthatis was partially ooded limited the operationalrangeof the robot. So far, our only
autonomousun wasperformedn the Mathiesmine,wheretherobotoperatedgartially outside
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Figure13: (a) Local 3-D mapand(b) imageof abrokenceiling barthatrenderghe corridorsggmentunnavigable.
This obstaclewas encountere08 metersinto the abandonedathiesmine. It led Groundhogto the correct
decisionto retract.

therangeof our wirelesscommunicatiorink.

Figure 10 depictsthe mapof the Florencemine (seeFigure2). Heretherobot's con®gura-
tioninvolvedaforward-pointedaserfor 2-D mappingandanupwardspointedliaserto mapthe
ceiling structureno sensowasavailableto maptheground.While this con®gurations insuf®-
cientfor autonomousavigation,it hasthe niceadvantagethatthe 3-D mapcanbe constructed
easilyfrom the2-D mapastherobotmoves[41].

Groundhogenteredthe Mathiesmine autonomouslyn May 30, 2003at 10:55AM, EST
Shortly thereafterit lost radio contactwith the gronudstation. One hour and 308minto the
mine, the robotencountereé roof-fall, including a steelsupportbeamthat drapeddiagonally
acrossthe corridorandblocked further progress.The machinemadethe appropriatedecision
to retractandbegunto backout of the mine at approximatelyl2:00PM, but encounteredoft-
waredif®cultiesstartingat approximatelyl2:20PM. After another30 minutes the systemhad
not resoled its problems,andit wasdecidedto try to interveneover the weakwirelesslink
at 12:56 PM Underthe strain of teleoperationthe wirelesslink locked up shortly thereafter
strandingthe robotan estimated200 metersinsidethe mine at 1:04 PM. Subsequengfforts to
re-establishthelink failed,andat 3:30PM, two mine safetyinspectorgeceved permissiono
suitup andproceednto the mineto try to manuallyresetGroundhogs wirelesslink. Thelink
wassuccessfullyreestablisheat 3:50 PM andthe robot exited the mine undermanualcontrol
at4:02PM.

Figure 11 depictsimageryacquiredinsidethe Mathiesmine. Theseimageswererecorded
with alow-light camerausingtherobot's active IR light sourcefor illumination. The 2-D map
of the Mathiesmine is shavn in Figure 12. This 308 meterlong map shaws the obstruction
on its right end. In 2-D, the obstructionappeargo be smallandnavigable. In 3-D, however,
it becomesapparenthatthe obstacleas not navigable. Therobot's 3-D mapof the situationis
shawvn in Figure13, alongwith theimage.

The resulting2-D map and the corresponding-D mapswere found to provided an un-
precedentedlimpseinto theinterior of this quickly deterioratingervironment. A subsequent
debriefwith membersf mine safetyandervironmentalprotectionagenciexon®rmedthatthe
level of detail provided by thesemodelsopensup unprecedentedpportunitiesto understand
thesituationinsideanabandonednine,andto targetcorrectve actions.



8 Shortcomingsand Futur e Challenges

We have describedhe software architectureof a deployed systemfor robotic mine mapping.
The mostimportantalgorithmicinnovationsof our approacharenew, lazy techniquedor data
associationandafasttechniqudor navigatingruggederrain. Thesystemhasbeentestedunder
extremeconditions,andgeneratedccuratenapsof abandonedaninesthat areinaccessibléo
people. Our researchdemonstrateshat the autonomousacquisitionof mapsof abandoned
minesis indeedfeasiblewith autonomousoboticsystems.

Our extensve experimentatiorwith the Groundhogsystemsuggest& numberof opportu-
nitiesfor furtherresearchChiefamongthemis to develop systemghatcanautonomouslynap
entire mines, not just fractionsthereof. Dif®cultiesin this taskarisefrom the fact that side-
corridorswerefrequentlyclosedbeforeminersabandonedhem,to stopthe o w of gasesfrom
inactive into the active partsof a mine. Suchclosuresposeinsurmountableobstaclego our
presensystem but might be surmountablegiven appropriateneansof ervironmentmodi®ca-
tion. In a paralleleffort, we have investigatedthe feasibility of building borehole-deplgable
robotic systemg29], which canbe placedin deepminesfrom the surface.However, the small
radii of conventionalboreholesmakesit dif®cult to lower a vehiclelarge enoughto negotiate
theroughgroundterrain.

A secondimitation of thepresensystenis its inability to negotiatewaterandheary mud. A
goodfractionof minesin theU.S.is ooded. This createsan opportunityto build submersible
mine mappingrobots,which would have the advantageof not beingforcedto the groundof
a mine. Another possibility would be an amphibiousvehicle for exploring partially ooded
mines.

Finally, beingableto communicatevith a robotwhile insidea mine would have greatop-
erationalbene®ts,both with regardsto trouble shootingand for assistingthe robotin its ex-
plorationdecisions.At presentthereareonly low-bandwidthtechnologiesor communicating
directly throughsolid matter Establishinga network of wirelessrepeatestationsasproposed
in [32, 33], would beaviableextensionto minemappingrobots,which couldcritically enhance
the operationatapabilitiesof future mine-exploring robots.

Despitethesdimitations,Groundhogs success exploringandmappingabandonednines
opensa world of opportunitiesfor subterraneanobotic exploration. While the surfaceof the
Planethasbeenmappedwvith greatdetail, mostundegroundvoidslack accuratanaps,oftento
the detrimentof the peoplewho live or work nearby This appliesnot justto man-madevoids,
suchasmines.It equallyappliesto naturalvoids suchascaves.For the ®rsttime in history, we
now begin to have meango exploreandmapvoidsinaccessibléo people.
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