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Abstract

We presentthe software architectureof a robotic systemfor mapping
abandonedmines. The software is capableof acquiringconsistent2D
mapsof large mineswith many cycles,representedasMarkov random
£elds.3D C-spacemapsareacquiredfrom local 3D rangescans,which
areusedto identify navigablepathsusingA* search. Our systemhas
beendeployed in threeabandonedmines,two of which inaccessibleto
people,whereit hasacquiredmapsof unprecedenteddetailandaccuracy.

1 Intr oduction
This paperdescribesthe navigation softwareof a deployed robotic systemfor mapping
subterraneanspacessuchasabandonedmines. Subsidenceof abandonedminesposesa
majorproblemfor society, asdogroundwatercontaminations,mine£res,andsoon. Most
abandonedminesareinaccessibleto people,but someareaccessibleto robots.Autonomy
is a key requirementfor robotsoperatingin suchenvironments,dueto a lack of wireless
communicationtechnologyfor subterraneanspaces.
Our vehicle,shown in Figure1 (see[1] for a detailedhardwaredescription)is equipped
with two actuatedlaserrange£nders. Whenexploring andmappingunknown mines,it
alternatesshort phasesof motion guidedby 2D rangescans,with phasesin which the
vehiclereststo acquire3D rangescans.An analysisof the 3D scansleadsto a paththat
is thenexecuted,usingrapidly acquired2D scansto determinetherobot's motionrelative
to the 3D map. If no suchpath is found a high-level control moduleadjuststhe motion
directionaccordingly.
Acquiring consistentlarge-scalemapswithout external geo-referencingthroughGPSis
largely consideredanopenresearchissue.Our approachrelieson ef£cientstatisticaltech-
niquesfor generatingsuchmapsin real-time. At the lowestlevel, we employ a fastscan
matchingalgorithmfor registeringsuccessive scans,therebyrecovering robot odometry.
Groupsof scansare then convertedinto local maps,using Markov random£eld repre-
sentations(MRFs) to characterizethe residualpathuncertainty. Loop closureis attained
by addingconstraintsinto thoseMRFs,basedon a maximumlikelihood(ML) estimator.
However, the brittlenessof the ML approachis overcomeby a “lazy” dataassociation
mechanismthat canundoandredopastassociationsso as to maximizethe overall map
consistency.
To navigate,local3D scansaremappedinto 21

2 D terrainmaps,by analyzingsurfacegradi-
entsandverticalclearancein the3D scans.Theresultis subsequentlytransformedinto cost



Figure 1: The Groundhog robot is
a 1,500 pound custom-built vehicle
equippedwith onboardcomputing,laser
rangesensing,gasandsinkagesensors,
andvideorecordingequipment.Its pur-
poseis to explore and map abandoned
mines.

functionsexpressedin the robot's three-dimensionalcon£gurationspace,by convolving
the21

2 D terrainmapswith kernelsthatdescribetherobot's footprintsin differentorienta-
tions.FastA* planningis thenemployedin con£gurationspaceto generatepathsexecuted
throughPDcontrol.
The systemhasbeentestedin a numberof mines. Someof the resultsreportedhere
were obtainedvia manualcontrol in minesaccessibleto people. Othersinvolved fully
autonomousexploration,for which our robotoperatedfully self-guidedfor several hours
beyondthereachof radiocommunication.

2 2D Mapping
2.1 GeneratingLocally ConsistentMaps

As in [6, 9], we apply an incrementalscanmatchingtechniquefor registeringscans,ac-
quired using a forward-pointedlaserrange£nderwhile the vehicle is in motion. This
algorithmalignsscansby iteratively identifyingnearbypointsin pairsof consecutiverange
scans,andthencalculatingtherelativedisplacementandorientationof thesescansby min-
imizing the quadraticdistanceof thesepairs of points [2]. This approachleadsto the
recovery of two quantities:locally consistentmapsandanestimateof therobot's motion.
It is well-understood[3, 6], however, that local scanmatchingis incapableof achieving
globally consistentmaps. This is becauseof the residualerror in scanmatching,which
accumulatesover time. Thelimitation is apparentin themapshown in Figure2a,which is
theresultof applyinglocalscanmatchingin aminethatis approximately250meterswide.
Our approachaddressesthis problemby explicitly representingtheuncertaintyin themap
andthepathusingaMarkov random£eld(MRF) [11]. Morespeci£cally, thedataacquired
throughevery £ve metersof consecutive robot motion is mappedinto a local map [3].
Figure3ashowssuchalocalmap.Theabsolutelocationof orientationof thek-th mapwill
bedenotedby »k = ( xk yk µk )T ; herex andy aretheCartesiancoordinatesandµ is
theorientation.Fromthescanmatcher, we canretrieve relative displacementinformation
of theform ±k ;k ¡ 1 = ( ¢ xk ;k ¡ 1 ¢ yk ;k ¡ 1 ¢ µk ;k ¡ 1 )T which, if scanmatchingwaserror-
free, would enableus to recover absoluteinformationvia the following recursion(under
theboundarycondition»0 = (0; 0; 0)T )

»k = f (»k ¡ 1; ±k ;k ¡ 1) =

Ã
xk ¡ 1 + ¢ xk ;k ¡ 1 cosµk ;k ¡ 1 + ¢ yk ;k ¡ 1 sinµk ¡ 1
yk ¡ 1 ¡ ¢ xk ;k ¡ 1 sinµk ;k ¡ 1 + ¢ yk ;k ¡ 1 cosµk ¡ 1

µk ¡ 1 + ¢ µk ;k ¡ 1

!

(1)

However, scanmatchingis not without errors. To accountfor thoseerrors,our approach
generalizesthis recursioninto a Markov random£eld(MRF), in which eachvariable¥ =
»1; »2; : : : is a (three-dimensional)node.ThisMRF is de£nedthroughthepotentials:

Á(»k ; »k ¡ 1) = exp¡ 1
2 (»k ¡ f (»k ¡ 1; ±k ;k ¡ 1))T Rk ;k ¡ 1(»k ¡ f (»k ¡ 1; ±k ;k ¡ 1)) (2)

Here Rk ;k ¡ 1 is the inversecovarianceof the uncertaintyassociatedwith the transition
±k ;k ¡ 1. SincetheMRF isalinearchainwithoutcycles,themodeof thisMRF is thesolution
to the recursionde£nedin (1). Figure 3b shows the MRF for the datacollectedin the
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Figure 2: Mine mapwith incrementalML scanmatching(left) andusingour lazy dataassociation
approach(right). Themapis approximately250meterswide.

BrucetonResearchMine, over a distanceof morethana mile. We notethis representation
generalizestheonein [11], who representposteriorsby a localbankof Kalman£lters.

2.2 Enforcing Global Consistency

The key advantageof the MRF representationis that it encompassesthe residualuncer-
tainty in local scanmatching.This enablesusto alter theshapeof themapin accordance
with globalconsistency constraints.Theseconstraintsareobtainedby matchinglocalmaps
acquiredat differentpointsin time (e.g.,whenclosinga largecycle). In particular, if the
k-th mapoverlapswith somemapj acquiredat anearlierpoint in time, our approachlo-
calizestherobot relative to this mapusingonceagain local scanmatching.As a result,it
recoversa relative constraintÁ(»k ; »j ) betweenthe coordinatesof non-adjacentmaps»k
and»j . This constraintis of thesameform asthe local constraintsin (2), henceis repre-
sentedby a potential. For any £xedsetof suchpotentials© = f Á(»k ; »j )g, the resulting
MRF is describedthroughthefollowing negative log-likelihoodfunction

¡ logp(¥) = const: + 1
2

X

k ;j

(»k ¡ f (»j ; ±k ;j ))T Rk ;j (»k ¡ f (»j ; ±k ;j )) (3)

where¥ = »1; »2; : : : is thesetof all mapposes,andf is de£nedin (1).
Unfortunately, the resultingMRF is not a linear chain any longer. Instead,it contains
cycles.Thevariables¥ = »1; »2; : : : canberecoveredusingany of thestandardinference
algorithmsfor inferenceongraphswith cycles,suchasthepopularloopy beliefpropagation
algorithmandrelatedtechniques[5, 14, 17]. Our approachsolvesthis problemby matrix
inversion.In particular, we linearizethefunctionf usingaTaylorexpansion:

f (»j ; ±k ;j ) ¼ f ( ¹»j ) + Fk ;j (»j ¡ ¹»j ) (4)

where ¹»j denotesa momentaryestimateof the variables»j (e.g., the solution of the
recursion(1) without the additional data associationconstraints). The matrix Fk ;j =



(a) (b)

Figure 3: (a) Exampleof a local map.
(b) The Markov random £eld: Each
node is the centerof a local map, ac-
quiredwhentraversingtheBrucetonRe-
searchMine nearPittsburgh,PA.

r »j f ( ¹»j ; ±k ;j ) is theJacobeanof f (»j ; ±k ;j ) at ¹»j :

Fk ;j x =

0

@
1 0 ¡ ¢ xk ;j sin ¹µk + ¢ yk ;j cos¹µk
0 1 ¡ ¢ xk ;j cos¹µk ¡ ¢ yk ;j sin ¹µk
0 0 1

1

A (5)

Theresultingnegative log-likelihoodis givenby

¡ log p(¥) ¼ const: + 1
2

X

k ;j

(»k ¡ f ( ¹»j ) ¡ Fk ;j (»j ¡ ¹»j )) T ¾¡ 1
k ;j (»k ¡ f ( ¹»j ) ¡ Fk ;j (»j ¡ ¹»j ))

is quadraticin thevariables¥ of theform const: + (A¥ ¡ a)T R (A¥ ¡ a), whereA is a
diagonalmatrix,a is avector, andR is asparsematrix thatis non-zerofor all elementsj ; k
in thesetof potentials.Theminimumof thisfunctionis attainedat(AT RA)¡ 1AT Ra. This
solutionrequiresthe inversionof a sparsematrix. Empirically, we £ndthat this inversion
canbe performedvery ef£ciently usingan inversionalgorithmdescribedin [15]; it only
requiresa few secondsfor matricescomposedof hundredsof local mappositions(andit
appearsto benumericallymorestablethanthesolutionin [11, 6]). Iterative applicationof
this linearizedoptimizationquickly convergesto themodeof theMRF, which is thesetof
locationsandorientations¥. However, we conjecturethatrecentadvanceson inferencein
loopy graphscanfurtherincreasetheef£ciency of ourapproach.

2.3 Lazy Data AssociationSearch

Unfortunately, the approachdescribedthus far leadsonly to a consistentmapwhen the
additionalconstraintsÁ(»k ; »j ) obtainedafter loop closurearecorrect. Theseconstraints
amountto a maximumlikelihood solution for the challengingdataassociationproblem
thatariseswhenclosingaloop. Whenloopsarelarge,thisML solutionmightbewrong—a
problemthathasbeenthesourceof anentireliteratureonSLAM (simultaneouslocalization
andmapping)algorithms.Figure4adepictssucha situation,obtainedwhenoperatingour
vehiclein a largeabandonedmine.
The currentbestalgorithmsapply proactive particle £lter (PF) techniquesto solve this
problem[4, 8, 12, 13]. PFtechniquessamplefrom thepathposterior. Whenclosingaloop,
randomvariationsin thesesamplesleadto differentloop closures.As long asthecorrect
suchclosureis in the setof surviving particle£lters, the correctmapcanbe recovered.
In the context of our presentsystem,this approachsuffers from two disadvantages:it is
computationallyexpensive dueto its proactive nature,andit providesno mechanismfor
recoveryshouldthecorrectloopclosurenotberepresentedin theparticleset.
Ourapproachovercomesbothof theselimitations.Whenclosingaloop,it alwayspicksthe
mostlikely dataassociation.However, it alsoprovidesamechanismto undoandredopast
dataassociationdecisions.Theexactdataassociationalgorithminvolvesa stepthatmoni-
torsthelikelihoodof themostrecentsensormeasurementgiventhemap.If this likelihood
falls below a threshold,dataassociationconstraintsarerecursively undoneandreplaced
by otherconstraintsof decreasinglikelihood(includingthepossibilityof not generatinga
constraintat all). Thesearchterminatesif the likelihoodof themostrecentmeasurement
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Figure 4: Exampleof our lazy dataassociationtechnique:Whenclosinga large loop, the robot
£rsterroneouslyassumestheexistenceof a second,parallelhallway. However, this modelleadsto
a grossinconsistency astherobotencountersa corridorat a right angle.At this point, our approach
recursively searchesfor improveddataassociationdecisions,arriving at themapshown on theright.

exceedsthethreshold[7]. In practice,thethresholdtestworkswell, sinceglobal inconsis-
tenciestendto inducegrossinconsistenciesin the robot's measurementsat somepoint in
time.
The algorithm is illustratedin Figure4. The left panelshows the ML associationafter
traversinga largeloop insidea mine: At £rst,it appearsthattheexistenceof two adjacent
corridorsis morelikely thana singleone,accordingto theestimatedrobotmotion. How-
ever, astherobotapproachesa turn,anoticeableinconsistency is detected.Inconsistencies
arefound by monitoringthe measurementlikelihood,usinga thresholdfor triggeringan
exception.As aresult,ourdataassociationmechanismrecursively removespastdataasso-
ciationconstraintsbackto themostrecentloop closure,andthen“tries” thesecondmost
likely hypothesis.The resultof this backtrackingstepis shown in the right panelof Fig-
ure4. Thebacktrackingrequiresa fractionof a second,andwith high likelihoodleadsto
aglobally consistentmapand,asaside-effect, to animprovedestimateof themapcoordi-
nates¥. Figure2bshowsaproto-typicalcorrectedmap,which is globally consistent.

3 AutonomousNavigation
2D mapsaresuf£cientfor localizingrobotsinsidemines;however, they areinsuf£cientto
navigatea robotdueto theruggednatureof abandonedmines.Ourapproachto navigation
is basedon 3D maps,acquiredin periodicintervalswhile thevehiclesuspendsmotion to
scanits environment.A typical3Dscanis shown in Figure5a;othersareshown in Figure7.

3.1 21
2 D Terrain Maps

In a £rstprocessingstep,therobotprojectslocal 3D mapsonto2 1
2 D terrainmaps,suchas

theoneshown in Figure5b. Thegray-level in this mapillustratesthedegreeat which the
mapis traversable:thebrightera2D location,thebettersuitedit is for navigation.
The terrain map is obtainedby analyzing all measurementshx; y; zi in the 3D scan
(wherez is the vertical dimension).For eachrectangularsurfaceregion f xmin ; xmax g £
f ymin ; ymax g, it identi£estheminimumz-value,denotedz. It thensearchesfor thelargest
z valuein this region whosedistanceto z doesnot exceedthevehicleheight(plusa safety
margin); this valuewill be called ¹z. The difference¹z ¡ z is the navigationalcoef£cient:
it looselycorrespondsto theruggednessof theterrainundertheheightof therobot. If no
measurementis availablefor thetargetregion f xmin ; xmax g £ f ymin ; ymax g, theregion is
marked asunknown. For safetyreasons,multiple regionsf xmin ; xmax g £ f ymin ; ymax g
overlapwhenbuilding the terrainmap. The terrainmapis subsequentlyconvolved with
a narrow radial kernelthat servesasa repellentpotential£eld, to keepthe robot clearof
obstacles.

3.2 Con£guration SpaceMaps

Theterrainmapis usedto constructa collectionof mapsthatdescribetherobot's con£g-
urationspace,or C-space[10]. TheC-spaceis the three-dimensionalspaceof posesthat
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Figure 5: (a) A local 3D modelof theminecorridor, obtainedby a scanninglaserrange£nder. (b)
The corresponding21

2 D terrainmapextractedfrom this 3D snapshot:the brightera location, the
easierit is to navigate. (c) Kernelsfor generatingdirectionalC-spacemapsfrom the 2 1

2 D terrain
map.Thetwo blackbarsin eachkernelcorrespondto thevehicle's tires. Planningin theseC-space
mapsensuresthattheterrainunderthetiresis maximallynavigable.

thevehiclecanassume;it comprisesthex-y locationalongwith thevehicle's orientation
µ. TheC-spacemapsareobtainedby convolving theterrainmapwith orientedkernelsthat
describetherobot's footprint. Figure5cshowssomeof thesekernels:Mostvalueis placed
in thewheelareaof thevehicle,with only a smallportionassignedto theareain between,
wherethevehicle's clearanceis approximately30centimeters.Theintuition of usingsuch
a kernelis asfollows: Abandonedminesoftenpossessrailroadtracks,andwhile it is per-
fectly acceptableto navigatewith a track betweenthe wheels,traversingor riding these
trackscausesunnecessarydamageto the tires andwill increasethe energy consumption.
Theresultof this transformationis a collectionof C-spacemaps,eachof which appliesto
adifferentvehicleorientation.

3.3 Corridor Following

Finally, A* searchis employedin C-spaceto determinea pathto anunexploredarea.The
A* searchis initiatedwith anarrayof goalpoints,which placesthehighestvalueat loca-
tionsatmaximumdistancestraightdown aminecorridor. Thisapproach£ndsthebestpath
to traverse,andthenexecutesit usingaPDcontroller.
If no suchpath can be found even within a short range(2.5 meters),the robot decides
that the hallway is not navigableandinitiatesa high-level decisionto turn around. This
techniquehasbeensuf£cientfor ourautonomousexplorationrunsthusfar (which involved
straighthallway exploration),but it doesnot yet provide a viable solution for exploring
multiplehallwaysconnectedby intersections(see[16] for recentwork on this topic).

4 Results
Theapproachwastestedin multiple experiments,someof which wereremotelyoperated
while in otherstherobotoperatedautonomously, outsidethereachof radiocommunication.
OnOctober27,2002,Groundhogwasdrivenundermanualcontrolinto theFlorenceMine
nearBurgettstown, PA. Figure6b shows a pictureof the tetheredandremotelycontrolled
vehicle inside this mine, which hasnot beenenteredby peoplefor many decades.Its
partially ¤oodednaturepreventedanentry into themine for morethanapproximately40
meters.Mapsacquiredin thismineareshown in Figure9.
On May 30, 2003,Groundhogsuccessfullyexploredan abandonedmine usingthe fully
autonomousmode. The mine, known as the MathiesMine nearPittsburgh, is part of a
large mine systemnearCourtney, PA. Existing mapsfor this mine arehighly inaccurate,
andthe conditionsinsidethe mine wereunknown to us. Figure6a shows the robot asit
entersthemine,andFigure7adepictsa typical3D scanacquiredin theentrancearea.
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Figure6: (a)Thevehicleasit enterstheMathiesMine onMay 30,2003.It autonomouslydescended
308metersinto theminebeforemakingthecorrectdecisionto turn arounddueto a blockageinside
themine.(b) Thevehicle,asit negotiatesacidicmudundermanualremotecontrolapproximately30
metersinto theFlorenceMine nearBurgettstown, PA.

(a) (b)

Figure 7: 3D local maps:(a) a typical corridormapthat is highly navigable. (b) a mapof a broken
ceilingbarthatrendersthecorridorsegmentunnavigable.Thisobstaclewasencountered308meters
into theabandonedMathiesMine.

Figure8: Fractionof the2D minemapof theMathiesMine, autonomouslyexploredby theGround-
hogvehicle.Also shown is thepathof therobotandthelocationsatwhich it choseto take3D scans.
Theprotrudingobstacleshowsupasasmalldot-likeobstaclein the2D map.

(a) (b) (c)

Figure 9: (a) A small2D mapacquiredby Groundhogin theFlorenceMine nearBurgettstown, PA.
This remotely-controlledmissionwasabortedwhentherobot's computerwas¤oodedby waterand
mudin themine.(b) View of a local3D mapof theceiling. (c) Imageacquiredby Groundhoginside
theMathiesMine (adry mine).



After successfullydescending308metersinto theMathiesMine, negotiatingsomerough
terrainalongtheway, therobotencountereda brokenceiling beamthatdrapeddiagonally
acrosstherobot's path.Thecorresponding3D scanis shown in Figure7b: it shows rubble
on theground,alongwith theceiling barandtwo ceiling cablesdraggeddown by thebar.
Therobot's A* motionplannerfailedto identify a navigablepath,andtherobotmadethe
appropriatedecisionto retreat.Figure8 shows thecorresponding2D map;theentiremap
is 308 meterslong, but herewe only show the £nal section,alongwith the pathandthe
location at which the robot stop to take a 3D scan. An imageacquiredin this mine is
depictedin Figure9c.

5 Conclusion
We have describedthesoftwarearchitectureof a deployedsystemfor roboticminemap-
ping. Themostimportantalgorithmicinnovationsof ourapproacharenew, lazytechniques
for dataassociation,anda fast techniquefor navigating ruggedterrain. The systemhas
beentestedunderextremeconditions,andgeneratedaccuratemapsof abandonedmines
inaccessibleto people.
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