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Abstract

We presentthe software architectureof a robotic systemfor mapping
abandonednines. The softwareis capableof acquiringconsisten2D
mapsof large mineswith mary cycles, representeésMarkov random
£elds.3D C-spacamapsareacquiredfrom local 3D rangescanswhich
are usedto identify navigable pathsusing A* search. Our systemhas
beendeployedin threeabandonednines,two of which inaccessibléo
people whereit hasacquirednapsof unprecedentedetailandaccurag.

1 Intr oduction

This paperdescribeghe navigation software of a deployed robotic systemfor mapping
subterraneaspacesuchasabandonednines. Subsidencef abandonedninesposesa
majorproblemfor society asdo groundwatercontaminationsmine £res,andsoon. Most
abandonedninesareinaccessibléo people but someareaccessibléo robots. Autonomy
is a key requiremenfor robotsoperatingin suchernvironments,dueto a lack of wireless
communicatiortechnologyfor subterraneaspaces.

Our vehicle,shavn in Figure 1 (see[1] for a detailedhardware description)is equipped
with two actuatedaserrange£nders. When exploring and mappingunknovn mines, it

alternatesshort phasesof motion guidedby 2D rangescans,with phasesn which the
vehiclereststo acquire3D rangescans.An analysisof the 3D scandeadsto a paththat
is thenexecuted usingrapidly acquired2D scango determinethe robot's motionrelative

to the 3D map. If no suchpathis found a high-level control moduleadjuststhe motion
directionaccordingly

Acquiring consistentiarge-scalemapswithout external geo-referencinghrough GPSis

largely consideredin openresearchssue.Our approactrelieson efEcientstatisticaltech-

niguesfor generatingsuchmapsin real-time. At the lowestlevel, we employ a fastscan
matchingalgorithmfor registeringsuccessie scanstherebyrecosering robot odometry

Groupsof scansare then corvertedinto local maps,using Markov randomé£eld repre-

sentationdMRFs) to characterizahe residualpath uncertainty Loop closureis attained
by addingconstraintdnto thoseMRFs, basedon a maximumlikelihood (ML) estimator

However, the brittlenessof the ML approachis overcomeby a “lazy” dataassociation
mechanisnthat can undo andredo pastassociationso asto maximizethe overall map

consisteng.

To navigate,local 3D scansaremappednto 2% D terrainmaps by analyzingsurfacegradi-
entsandverticalclearancen the3D scansTheresultis subsequentlyransformednto cost



Figure 1: The Groundhogrobot is
a 1,500 pound custom-lilt vehicle
equippedvith onboardcomputing laser
rangesensinggasandsinkagesensors,
andvideorecordingequipment.Its pur
poseis to explore and map abandoned
mines.

functionsexpressedn the robot's three-dimensionaton£gurationspace by convolving
the Z%D terrainmapswith kernelsthatdescribethe robot's footprintsin differentorienta-
tions. FastA* planningis thenemployedin con£guratiorspaceo generatgathsexecuted
throughPD control.

The systemhas beentestedin a numberof mines. Someof the resultsreportedhere
were obtainedvia manualcontrol in minesaccessiblgo people. Othersinvolved fully
autonomougxploration,for which our robot operatedully self-guidedfor severalhours
beyondthereachof radiocommunication.

2 2D Mapping
2.1 Generating Locally ConsistentMaps

As in [6, 9], we apply anincrementalscanmatchingtechniquefor registeringscansac-
quired using a forward-pointedlaser range£nderwhile the vehicle is in motion. This
algorithmalignsscandy iteratively identifying nearbypointsin pairsof consecutie range
scansandthencalculatingtherelative displacemenandorientationof thesescanshy min-
imizing the quadraticdistanceof thesepairs of points[2]. This approachleadsto the
recovery of two quantities:locally consisteniapsandan estimateof the robot's motion.
It is well-understood3, 6], however, thatlocal scanmatchingis incapableof achieving
globally consistentmaps. This is becausef the residualerrorin scanmatching,which
accumulatesver time. Thelimitation is apparentn the mapshown in Figure2a,whichis
theresultof applyinglocal scanmatchingin aminethatis approximately250meterswide.

Our approachaddressethis problemby explicitly representinghe uncertaintyin themap
andthe pathusinga Markov randomgeld (MRF) [11]. More specifcallythedataacquired
through every £ve metersof consecutie robot motion is mappedinto a local map[3].
Figure3ashavs suchalocal map. Theabsolutdocationof orientationof the k-th mapwill
bedenotedby » = ( Xk Yk M )'; herex andy arethe Cartesiarcoordinatesind 1 is
the orientation.Fromthe scanmatcheywe canretrieve relative displacemeninformation
of theformuck; 1= (€ Xk 1 € Yiek; 1 € Mk 1 )T which, if scanmatchingwaserror
free, would enableus to recover absoluteinformationvia the following recursion(under
theboundarycondition»y = (0;0;0)")
I
Xki 1+ € Xicki 1COSHcki 1+ € Vicki 1INk 1
» = FOx 1k 1) = Vi 10 © Xk 1SINkk; 1+ ¢ Yk 1COSKk; 1 (1)
M 1+ € Bk 1
However, scanmatchingis not without errors. To accountfor thoseerrors,our approach

generalizeshis recursioninto a Markov random£eld (MRF), in which eachvariable¥ =
»; ;1 is a(three-dimensionalode.This MRF is de£nedhroughthe potentials:

A1) = expj %(»k i F 0w 10k l))TRk;ki 10 i FOx 13k 1) ()

Here Rk, 1 is the inversecovarianceof the uncertaintyassociatedvith the transition
Hk; 1. SincetheMRF is alinearchainwithoutcycles,themodeof thisMRF is thesolution
to the recursionde£nedin (1). Figure 3b shavs the MRF for the datacollectedin the
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Figure 2: Mine mapwith incrementaML scanmatching(left) andusingour lazy dataassociation
approacHright). Themapis approximately250 meterswide.

BrucetonResearctMine, over a distanceof morethana mile. We notethis representation
generalizesheonein [11], whorepresenposteriordy alocal bankof Kalman£lters.

2.2 Enforcing Global Consistency

The key adwantageof the MRF representatiofis thatit encompassethe residualuncer
tainty in local scanmatching. This enablesusto alterthe shapeof the mapin accordance
with globalconsisteng constraintsTheseconstraintareobtainecby matchinglocalmaps
acquiredat differentpointsin time (e.g.,whenclosinga large cycle). In particular if the
k-th mapoverlapswith somemapj acquiredatan earlierpointin time, our approacHo-
calizestherobotrelative to this mapusingonceagain local scanmatching.As aresult, it
recosersa relative constraintA(»x; » ) betweenthe coordinatef non-adjacenmapss»
and»; . This constraintis of the sameform asthe local constraintsn (2), henceis repre-
sentedoy a potential. For ary £xed setof suchpotentials© = fA(»;»)g, theresulting
MRF is describedhroughthe following negative log-likelihoodfunction

X
i logp¥ = const+ 1  (xi f(yiag)T Ry Oxi FOyi4g)  (3)
k;j

where¥ = »;»;::: isthesetof all mapposesandf is defnedn (1).

Unfortunately the resulting MRF is not a linear chainary longer Instead,it contains
cycles. Thevariables¥ = »;;»;::: canberecoveredusingary of the standardnference
algorithmgor inferenceongraphsawith cycles,suchasthepopularoopy belief propagtion
algorithmandrelatedtechniquegb, 14, 17]. Our approactsolvesthis problemby matrix
inversion.In particular we linearizethefunctionf usinga Taylor expansion:

FOritg) %% F)+Fg(yio») 4)

Where>1>j denotesa momentaryestimateof the variables» (e.g., the solution of the
recursion(1) without the additional data associationconstraints). The matrix Fy; =
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Theresultingnegative log-likelihoodis givenby
X

i logp(¥ ¥ const+ 5 Oxi F(3)i FiOri AT % Oxi TG0 FigOri %))
§]

is quadratidn thevariables¥ of theformconst + (A¥ | a)" R (A¥ | a),whereA isa
diagonalmatrix, a is avector andR is a sparsamatrix thatis non-zerdor all elementg; k
in thesetof potentials Theminimumof thisfunctionis attainedat (AT RA)i AT Ra. This
solutionrequiresthe inversionof a sparsematrix. Empirically, we £ndthatthis inversion
canbe performedvery efEciently usingan inversionalgorithmdescribedn [15]; it only
requiresa few secondgor matricescomposedf hundredsof local mappositions(andit
appearso be numericallymorestablethanthe solutionin [11, 6]). Iterative applicationof
this linearizedoptimizationquickly convergesto the modeof the MRF, which is the setof
locationsandorientations¢. However, we conjecturghatrecentadvanceson inferencen
loopy graphscanfurtherincreasehe efEcieng of ourapproach.

2.3 Lazy Data AssociationSearch

Unfortunately the approachdescribedthusfar leadsonly to a consistentmapwhenthe

additionalconstraintsA(»; » ) obtainedafter loop closureare correct. Theseconstraints
amountto a maximumlik elihood solution for the challengingdataassociatiorproblem

thatarisesvhenclosingaloop. Whenloopsarelarge,this ML solutionmightbewrong—a
problemthathasbeenthesourceof anentireliteratureon SLAM (simultaneoutocalization
andmapping)algorithms.Figure4adepictssucha situation,obtainedwhenoperatingour

vehiclein alargeabandonednine.

The currentbestalgorithmsapply proactve particle £lter (PF) techniquegto solwe this
problem[4, 8, 12, 13]. PFtechniquesamplefrom thepathposterior Whenclosingaloop,
randomvariationsin thesesampledeadto differentloop closures.As long asthe correct
suchclosureis in the setof surviving particle £lters, the correctmap can be recovered.
In the contet of our presentsystem,this approachsuffers from two disadwantagesiit is
computationallyexpensve dueto its proactive nature,andit providesno mechanisnfor
recovery shouldthe correctloop closurenot berepresenteih the particleset.

Ourapproacltovercomesothof thesdimitations. Whenclosingaloop, it alwayspicksthe
mostlik ely dataassociationHowever, it alsoprovidesa mechanisnto undoandredopast
dataassociatiordecisions The exactdataassociatioralgorithminvolvesa stepthatmoni-
torsthelikelihoodof themostrecentsensomeasuremergiventhe map. If thislikelihood
falls belov a threshold,dataassociatiorconstraintsare recursvely undoneand replaced
by otherconstraintof decreasindik elihood(including the possibility of not generatinga
constraintat all). The searchterminatedf thelikelihoodof the mostrecentmeasurement
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Figure 4: Exampleof our lazy dataassociatiortechnique: When closing a large loop, the robot
£rsterroneouslyassumeshe existenceof a second parallelhaliway. However, this modelleadsto
a grossinconsisteng astherobotencounters corridorat aright angle. At this point, our approach
recursvely searche$or improveddataassociatiordecisionsarriving atthe mapshavn ontheright.

exceedghethreshold7]. In practice thethresholdtestworkswell, sinceglobalinconsis-
tenciestendto inducegrossinconsistencief the robot's measurementst somepoint in
time.

The algorithmis illustratedin Figure4. The left panelshowvs the ML associatiorafter
traversinga largeloop insidea mine: At £rst,it appearghatthe existenceof two adjacent
corridorsis morelikely thana singleone,accordingto the estimatedobotmotion. How-
ever, astherobotapproacheaturn, anoticeabldnconsisteng is detectedlnconsistencies
arefound by monitoringthe measuremenitk elihood, using a thresholdfor triggeringan
exception.As aresult,our dataassociationomechanisntecursvely removespastdataasso-
ciation constraintdackto the mostrecentloop closure,andthen“tries” the secondmost
likely hypothesis.Theresultof this backtrackingstepis shovn in the right panelof Fig-
ure4. Thebacktrackingequiresa fraction of a secondandwith high likelihoodleadsto
aglobally consistenmapand,asa side-efect, to animproved estimateof the mapcoordi-
nates¥. Figure2b shows a proto-typicalcorrectednap,whichis globally consistent.

3 AutonomousNavigation

2D mapsaresufEcientfor localizingrobotsinsidemines;however, they areinsufEcientto
navigatearobotdueto theruggednatureof abandonednines.Our approactto navigation
is basedon 3D maps,acquiredin periodicintenals while the vehicle suspendsnotionto
scanits ervironment.A typical 3D scanis shovn in Figure5a;othersareshavnin Figure?.

3.1 2iD Terrain Maps

In a £rstprocessingtep,therobotprojectslocal 3D mapsontoZ%D terrainmaps,suchas
theoneshavn in Figure5h. The gray-level in this mapillustratesthe degreeat which the
mapis traversablethe brightera 2D location,the bettersuitedit is for navigation.

The terrain map is obtainedby analyzingall measurementsx; y;zi in the 3D scan
(wherez is the vertical dimension). For eachrectangulasurfaceregion f X min ; Xmax 9 £
f Ymin ; Ymax G, it identifegheminimumz-value,denotedz. It thensearche$or thelargest
z valuein this region whosedistanceo z doesnot exceedthe vehicleheight(plus a safety
maugin); this valuewill be called?. Thedifference? j z is the navigationalcoeEcient:
it looselycorrespondso theruggednessf the terrainunderthe heightof therobot. If no
measuremeris availablefor the targetregion f Xmin ; Xmax 9 £  Ymin ; Ymax 0, theregionis
marked asunknovn. For safetyreasonsmultiple regionsf Xmin ; Xmax 9 £ f Ymin ; Ymax 9
overlapwhenbuilding the terrainmap. The terrainmapis subsequentlgornvolved with
a narrov radial kernelthat senesasa repellentpotential£eld, to keepthe robot clear of
obstacles.

3.2 Con£guration SpaceMaps

Theterrainmapis usedto constructa collectionof mapsthatdescribethe robot's con£g-
urationspacepor C-spacq10]. The C-spaces the three-dimensionapaceof posesthat
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Figure 5: (a) A local 3D modelof the mine corridor, obtainedby a scanningaserrange£nder (b)
The corresponding22 D terrain map extractedfrom this 3D snapshot:the brighter a location, the
easierit is to navigate. (c) Kernelsfor generatingdirectional C-spacemapsfrom theZ%D terrain
map. Thetwo blackbarsin eachkernelcorrespondo the vehicles tires. Planningin theseC-space
mapsensureshattheterrainunderthetiresis maximally navigable.

thevehiclecanassumejt compriseshe x-y locationalongwith the vehicle's orientation
K TheC-spacemapsareobtainedby corvolving theterrainmapwith orientedkernelsthat
describeherobot's footprint. Figure5¢c shavs someof thesekernels:Mostvalueis placed
in thewheelareaof thevehicle,with only a smallportionassignedo theareain between,
wherethevehicle's clearances approximately30 centimetersTheintuition of usingsuch
akernelis asfollows: Abandonedninesoften possessailroadtracks,andwhile it is per
fectly acceptabldo navigate with a track betweenthe wheels,traversingor riding these
trackscausesinnecessargamageo the tires andwill increasehe enegy consumption.
Theresultof this transformationis a collectionof C-spacanaps,eachof which appliesto
adifferentvehicleorientation.

3.3 Corridor Following

Finally, A* searchis employedin C-spacdo determinea pathto anunexploredarea.The
A* searchs initiated with anarrayof goal points,which placesthe highestvalueat loca-
tionsatmaximumdistancestraightdovn aminecorridor. ThisapproactEndsthebestpath
to traverse,andthenexecutest usinga PD controller

If no suchpath canbe found even within a shortrange(2.5 meters),the robot decides
thatthe hallway is not navigable andinitiates a high-level decisionto turn around. This
techniquéhasbeensutEcientfor ourautonomousxplorationrunsthusfar (whichinvolved
straighthallway exploration), but it doesnot yet provide a viable solutionfor exploring
multiple haliwaysconnectedy intersectiongsee[16] for recentwork on thistopic).

4 Results

The approachwastestedin multiple experiments someof which wereremotelyoperated
while in otherstherobotoperateciutonomouslyoutsidethereachof radiocommunication.
On October27,2002,Groundhogvasdrivenundermanualcontrolinto the FlorenceMine
nearBurgettstavn, PA. Figure6b shaws a pictureof the tetheredandremotelycontrolled
vehicle inside this mine, which hasnot beenenteredby peoplefor mary decades.Its
partially moodednaturepreventedan entry into the mine for morethanapproximately40
meters.Mapsacquiredn this mineareshowvn in Figure9.

On May 30, 2003, Groundhogsuccessfullyexplored an abandonednine using the fully
autonomousnode. The mine, known asthe MathiesMine nearPittskurgh, is part of a
large mine systemnearCourtng, PA. Existing mapsfor this mine are highly inaccurate,
andthe conditionsinside the mine were unknavn to us. Figure 6a shawvs the robot asit
enterghe mine,andFigure 7adepictsatypical 3D scanacquiredn theentrancearea.
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Figure 6: (a) Thevehicleasit entereheMathiesMine onMay 30,2003. It autonomouslylescended
308 metersinto the mine beforemakingthe correctdecisionto turn arounddueto a blockageinside
themine. (b) Thevehicle,asit negotiatesacidicmudundermanualremotecontrolapproximately30
metersinto the FlorenceMine nearBurgettstavn, PA.

(a) (b)

Figure 7: 3D local maps:(a) atypical corridor mapthatis highly navigable. (b) amapof a broken
ceiling barthatrenderghecorridorsggmentunnavigable. This obstaclevasencountere@08 meters
into theabandoned/lathiesMine.

Figure 8: Fractionof the 2D minemapof the MathiesMine, autonomouslyxploredby the Ground-
hogvehicle.Also shownn is the pathof therobotandthelocationsatwhichit choseto take 3D scans.
The protrudingobstacleshavs up asa smalldot-like obstaclan the 2D map.

@) (b) (©

Figure 9: (a) A small2D mapacquiredby Groundhogn the FlorenceMine nearBurgettstavn, PA.

This remotely-controllednissionwasabortedwhenthe robot's computewascoodedby waterand
mudin themine. (b) View of alocal 3D mapof theceiling. (c) Imageacquirecby Groundhognside
the MathiesMine (adry mine).



After successfullydescendin@08 metersinto the MathiesMine, negotiatingsomerough
terrainalongthe way, the robotencountere@ broken ceiling beamthatdrapeddiagonally
acrosgherobot's path. Thecorrespondin@D scanis shavn in Figure7b: it shavs rubble
ontheground,alongwith the ceiling barandtwo ceiling cablesdraggeddown by the bar

Therobot's A* motionplannerfailedto identify a navigablepath,andthe robotmadethe
appropriatedecisionto retreat.Figure8 shavs the correspondin@D map;the entiremap
is 308 meterslong, but herewe only shav the £nal section,alongwith the pathandthe
location at which the robot stop to take a 3D scan. An imageacquiredin this mine is

depictedn Figure9c.

5 Conclusion

We have describedhe software architectureof a deployed systemfor robotic mine map-

ping. Themostimportantalgorithmicinnovationsof our approacharenew, lazy techniques
for dataassociationand a fasttechniquefor navigating ruggedterrain. The systemhas

beentestedunderextreme conditions,and generatediccuratemapsof abandonednines

inaccessibléo people.
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