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Abstiact— This paper describestwo robotic systemsdevelopedfor
acquiring accurate volumetric maps of underground mines. One sys-
tem is basedon a cart instrumented by laser range nders, pushed
through a mine by people. Another is a remotely controlled mobile
robot equippedwith laser range nders. To build consistentmaps of
large mines with many cycles,we describean algorithm for estimat-
ing global correspondencesnd aligning robot paths. This algorithm
enablesus to recover consistentmaps several hundreds of metersin
diameter, without odometric information. We report resultsobtained
in two mines,areseach mine in Bruceton, PA, and an abandonedcoal
mine in Burgettstowvn, PA.

. INTRODUCTION

Thelackof accuratenapsof inactive, undegroundmines
posesa seriousthreatto public safety Accordingto a re-
centarticle [3], “tens of thousandsperhapseven hundreds
of thousandspf abandonedninesexist todayin the United
States. Not eventhe U.S. Bureauof Mines knows the ex-
actnumberbecausdederalrecordingof mining claimswas
not requireduntil 1976” The lack of accuratemine maps
frequentlycausesccidentssuchasarecentnearfatalacci-
dentin QuecreekPA [18]. Evenwhenaccuratenapsexist,
they provide informationonly in 2-D, which is usuallyin-
sufcient to assesshe structuralsoundnes®f abandoned
mines.

Hazardousperatingconditionsanddif cult accessoutes
suggesthatrobotic explorationandmappingof abandoned
minesmay be a viable option. The ideaof mappingmines
with robotsis not new. Pastresearcthaspredominantlyfo-
cusednacquiringmapsfor autonomousobotnavigationin
active mines. For example,Corke and colleagueg48] have
built vehiclesthatacquireandutilize accurate2-D mapsof
mines. Similarly, Baily [1] reports2-D mappingresultsof
an undegroundareausing advancedmappingtechniques.
Noneof thesgechniquegenerateolumetricmapsof mines.

In generalthe mine mappingproblemis madechalleng-
ing by thelack of global positioninformationundeground.
As aresult,mine mappingmustbe approachedsa simul-
taneoudocalizationandmapping or SLAM, problem[10],
[15], [20]. In SLAM, the robot acquiresa map of its en-
vironmentwhile simultaneouslestimatingts own position
relative to this map. The SLAM problemis known to be
particularlydif cult whenthe environmentpossessesyclic
structure[5], [6], [13], [21]. This is becausecycles pose
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hard correspondenceroblemsthat arise due to the (rela-
tively) large positionerror accruedby a vehiclewhenclos-
ing cycles. Mines often containa large numberof cycles,
hencethe ability to handlecyclesis essentiafor successful
approache mappingmines.

This paperdescribesa SLAM algorithm for acquiring
3-D modelsof undeground minesthat can accommodate
multiple cycles. Our algorithmusesa scanmatchingalgo-
rithms for constructing2-D mine mapsdescribedn [14].
To closecycles,however, it utilizes aniterative correspon-
dencealgorithm basedon the iterative closestpoint algo-
rithm (ICP) [4], adaptedo the problemof establishingcor
respondenca cyclic maps.3-D mapsaregeneratedby ap-
plying scanmatchingto 3-D measurementafter the 2-D
mappingis complete.

Our algorithmhassuccessfullyenabledwo robotic sys-
temsto acquire3-D mapsof mines. The rst suchsystem
consistof aninstrumentedtart, which is pushedmanually
througha mine. This systemis a low-costsolutionto the
minemappingproblem,butit canonly bebroughtto bearin
ernvironmentsaccessibléo people.Our secondsystemcon-
sistsof aruggedroboticplatformequippedwith laserrange
sensors.Abandonedmines,whendry, areoften subjectto
low oxygenlevels, poisonougjasesandthey may be struc-
turally unstable. Since bringing humansinto suchmines
exposeghemto a seriousdangerof life, the employmentof
autonomousobotic systemsappeargo be naturalsolution.
This papemprovidesresultsobtainedn two differentmines,
both locatedin Pennsylania, USA. One of theseminesis
aresearchmine, accessiblgo people. Anotheris a former
deepmine turnedinto a strip mine, inaccessibld¢o people
but accessibl¢o roboticvehicles.

II. THE ROBOT SYSTEMS

Figure 1 shaws the two robotic systemsusedin our re-
search.On the left is a cart, equippedwith four 2-D laser
range nders. Thelaserrange nders provide information
aboutthe mine crosssectionaheadof the vehicle,andthe
groundandceiling structure. The centerpanelin Figurel
shavstheGroundhogobot,atele-operatedevice construc-
tedfrom thechassiof two ATVs [2]. Therobotis equipped
with two 2-D laserrange nders, one pointedforward for
2-D mappingand one pointedtowardsthe ceiling for 3-D



Fig. 1. Fromleft toright: Mine mappingcartwith four laserrange®nders pushednanuallythroughamine. Groundhogobotusedfor breachingif®cult
mineervironments.Strip minein Burgettstavn, PA. Noneof thevehiclesprovide ary odometryinformation.

mapping.Theright panelof this gure shavs Groundhogs
desceninto an abandonednine in Burgettstavn, PA. Un-
fortunately neitherof thesesystemsposses®dometersor
inertial sensors.Thus, the location of the vehiclesrelative
to their pointsof entrycanonly berecoveredfrom therange
scandata.

I1l. MINEMAPPING ALGORITHM
A. 2-D ScanMatching

In a rst processingtageour approachappliesthe scan
registrationtechniquedescribedin [14] to recover locally
consistenposeestimateswhichis reminiscenbf prior work
in [4], [13], [17]. This algorithmalignsscandby iteratively
identifyingnearbypointsin pairsof consecutierangescans,
andthencalculatingthe relative displacemenand orienta-
tion of thesescansby minimizing the quadraticdistanceof
thesepairsof points. Theresultof registeringscansgn this
way is arelative displacemenandorientationbetweenwo
consecutie scans:

@)

This relative information makes it possibleto recover an
estimateof the global coordinatesat which a scanwasac-
quired.We will denotesuchglobalcoordinatedy

t = Xt Yt t

T
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wherex; andy; are Cartesiancoordinatesn 2-D, and
is the robot's orientationrelative to the global coordinate
systemat time t. The global coordinatesarerecoreredby
applyingthefollowing recursve estimationequation:

t = Xt Yt ot
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Unfortunately the pairwise scanregistrationtechniqueis
unableto recover the global structureof an ernvironment.
This is speci cally problematicin ervironmentsthat con-
tain cyclic structure. Figure 3a shavs an occupang grid

map [11] after executingthe local ICP scanregistration.
While this mapis consistenatthelocallevel, it is inconsis-
tentatthegloballevel dueto inconsistenciethatariseform

the accumulatiorof small errorsin the ICP scanmatching
procedure. The remainingproblemis one of correspon-
dence. To acquireglobally consistentmaps,we needto

know the pointsin time the robot traversedthe samemine

segment. This problemis generallyconsideredne of the

most challengingproblemsin robotics, and hasbeenad-

dressedy severalresearcherfb], [6], [13], [21].

B. Building ConsistenMapsWth ManyCycles

Ourapproachusesamodi ed versionof theiterative clos-
est point algorithm (ICP) to estimatethe correspondence
betweenrobot posesat differentpointsin time. To obtain
a globally consistentmap, our approachiteratesa stepin
which correspondenceare identi ed, anda stepin which
apathis recoveredfrom the hypothesizeatorrespondences.
This iterative optimization procedureis familiar from the
literatureon ICP [4], the expectationrmaximization[9], and
theRANSAC [12] algorithmin computewision (seealso[22]);
the innerloop optimizationis reminiscentof an approach

in [17]. Theiterationof both stepsleadsto a sequencef

poses t[ol; t[”; ... of increasingglobal consisteng.

Theinitial posesareobtainedrom thelocal scanmatcher

describedin the previous section: t[O] = Figure 2a
shavs the sequencef posessubsampledh ve-metersn-

tervals for computationakfciency. In a rst step,possi-
ble correspondencesreidenti ed. Our algorithmidenti es

pairs of poses £ and [, indexed by si andt;, which
fulll multiple criteria: they have to be nearby;they have
to lie on approximatelyparallelpathseggments;andtheline

connectinghemhasto beapproximatelyrthogonato their
respectre paths. Figure 2b shavs the posepairsidenti ed

by ouralgorithmin the rst iteration.

Next, a new setof posess calculatedhat matcheghese
correspondencesTo calculatesuchposesin closedform,
our approachtransformsthe relatve poseinformation
into quadraticconstraintsbetweenadjacentposes. More
speci cally, our approachappliesthe following Taylor ex-
pansion
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Fig. 2. Globalcorrespondencéa) Pathof therobot,with anodeplacedevery ®ve metersyb) initial setof correspondence§;) pathobtainedunderthese
correspondencesd) new setof correspondencesbtainedusingthe new path; (e) optimal pathunderthesenew correspondencesf) ®nal pathand

correspondenceafterthreefull iterationsof thealgorithm.
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Fig. 3. (a) Map of thecoalminein Bruceton,PA, basedon scanmatching.This mapis obtainedby incrementascanmatching,andthe resultingposes
form theinputto ourloop closingalgorithm. (b) Map obtainedusingour loop closingroutines.This mapmeasuresapproximately250 by 200 meters
in sizeandcontainshreelargeloops.(c) 2-D mapof aminein Burgettstavn, PA.
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Both 1™ andF™, areconstantsn the optimizationto fol-
low. Thegoalof the optimizationis to identify poses ; that
minimizethequadratiadistanceo theapproximatiorin (5).
This is achieved by minimizing the following quadraticer-
ror:
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Turning the exact calculationin (4) into an optimization
problemenablesus to “bend” the path of the robot. The
matrix H; measureghe penaltyassociateavith bendingthe
path. Mathematically H; characterizeshe negative log-
likelihoodof aGaussiamoisemodelof thelCP scarmatcher
Ideally, H; shouldbe extractedby analyzingthe curvature
of the ICP tamgetfunctionundertranslationandrotation. In
our software,we simply usea x eddiagonalmatrix for the
penaltyH;.

The correspondenceareincorporatednto the optimiza-
tion throughanadditionalquadratigpenaltyfunction. Each
pair(t;; si) in thesetof pairwisecorrespondencésmapped
into a quadraticcostfunctionof thetype:

( ti Si)T z ( t Si) (8)

Here Z is a diagonalpenaltymatrix. Technically our ap-
proachdoesnotenforce {, = s ; insteadjt minimizesthe
guadraticdistancebetweentheseposeswith the penaltyz.
Thetotal costfunctionof incorporatingall correspondences
is givenby
X
( t Sj )T z ( t

) 9)

To solve the coupledquadraticoptimization problem, we
now corvenientlyreorderthetermsin (7) and(9). All terms

linearin ¢ in (7) arecollectedin alargematrix A"l andalll
remainingconstantsnto thevectorc™l. Similarly, all linear

termsin (9) aresubsumedn a matrix B["l. The sumof (7)
and(9) is thenof thefollowing quadratidorm:

Jinl = (alnl d"h)T H (Al dnly + (BI"1 )T z gIn

Here = ; ,;:::isthevectorof all posesandH and
Z arehigh-dimensionabersionsof H andZ, respecitiely.
Minimizing thisquadratiexpressioris now straightforvard.
In particular we calculatets rst derivative

a
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Settingthis expressiorto zerogivesusthe new setof poses
[n+1] .

h i
n+1] = AT g Alnl 4 gINIT 7 gInd 1A[n]T H dn]

This calculationinvolvesmultiplying andinvertingmatrices
whosedimensionss arelinearin thenumberof robotposes.
Thesematricesaresparsehowever, they canstill behumon-
gous.Oursoftwarethereforesubsamplethesetof all poses:
As indicatedin Figure2, only a single poseis includedfor

every ve metersof robot motion. In the speci c dataset
shawvn in Figure 2, this reducesthe numberof posevari-

ablesform 13,116to 381,adimensiorthatis easilyhandled

by ef cient linearalgebrdibraries. Adjustedposedor those
posesnot includedin the optimizationareeasilyrecorered
throughlinear interpolation. Finally, we note that the lin-
earizationis only anapproximationandmultiple iterations
of the minimization may be required. In our experiments,
we alwaysobtainedgoodresultsin the rst two iterationsof
the optimization.

Figure 2c shaws the resulting alignmentfor the previ-
ously calculatedcorrespondencesWhile the pathis now
globally consistenin theareawherecorrespondencesere
identi ed, it is still inconsistentn otherareas.lteratingthe
basicalgorithm leadsto the remainingpanelsin Figure 2.
As is easily seen,our approachsucceedsn recovering a
globally consistentnap. The algorithmconvergeswhenthe
correspondenceare identical to the onesestimatedn the
previousiteration.

C. Globally Consisten2-D OccupancyMaps

Basedontheposeestimate®btainedn thepreviousstep,
our approachextractsan occupang grid mapfrom there-
sults of the path alignment. It doesso by applying once
again the scanmatchingalgorithmusedto establisttheini-
tial relative poseestimate$14], but thistime usingtheposes

t[n] obtainedin the global alignmentstepas an additional
constraint. As above, this constraintis representedy a
guadratigpenaltyfunction,whichis easilyincorporatednto
the classicakcanmatchingalgorithm(which alsooptimizes
aquadratidunction).

Figure 3b shavs the mapobtainedfrom dataacquiredin
the Brucetonresearchmine. The mapmeasure250by 200
metersin size,andhasbeenconstructedvithoutany odom-
etry information.

D. Wlumetric3-D Mapping

In a nal step,our approactrecorersa 3-D map of the
mine. This mapis obtainedby utilizing the upward pointed
2-Dlaserand(in thecaseof theinstrumenteaart)thedown-
ward pointed2-D laser Goodinitial mapsare obtainedby
usingthe 2-D poseinformationto constructa 3-D map,via
theobviousgeometriqrojectionsasdescribedn [16]. Un-
fortunately sucha reconstructionis only valid for planar
ervironments;in non-planaervironmentspbothvolumetric
lasersmay be tilted, and estimatingthe tilt is essentiafor
theaccurag of theresultingmaps.

Our approachutilizes a forward-pointingvertical laser
presentlyonly availableon the robotic cart, which provides
averticalcross-sectionf themineastherobotmoves. This
cross-sectiomnablegherobotto registerits ceilingand
groundscanswhile simultaneouslyecoveringits pitch (the
roll cannotpresentlyrecovered). This estimationis per
formedusinga 3-D variantof the scanmatchingtechnique
describén [14], usingtheresultsof the2-D poseestimation
asastartingpoint.



Fig. 6. Sequencef 3-D visualizationf avolumetricmine map. Shavn in redarethe sensomeasurementssedfor generatinghe minemap.
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Fig.5. (a) A sectionof the 3-D mapproducedisingthe mine-cartandour
2-D mappingalgorithms;(b) similar section,using3-D scanmatching
for post-processinthe minemaps.

Fig. 4. (a) 2D Mine mapacquiredby the robotic cart; (b) ahand-dran  Foboticmappingexpedition,atwhich pointit wasfully sub-

mapof the correspondingnine sggmentfor comparison. mersed. In preparatiorfor the robot mappingexperiment,
waterwaspumpedout of the mine. Mines of this type pose
IV. RESULTS threatgo peopledueto thelow oxygenlevelsandthedanger

collapse.

We alreadydiscusse@xample2-D mapsacquiredn both

mines,andshavn in Figure3. A secondmapis shavn in

Figure4, alongwith a hand-dravn mapof the correspond-
ing minesection.This mapwasacquiredoy theroboticcart.

Figure 6 shaovs exampleviews of a 3-D volumetric maps
obtainedusingthis system. The lower hemispheresf the

mapsaremissingbecaus®urrobothasno dovnwardpoint-

ing laser Views of afull 3-D mapacquiredby the robotic

cartis shawvn in Figure5. Herewe illustrate the effect of

the nal scanregistrationstepin thefull 3-D model—astep

We obtainedall our datain segmentsof two abandoned of
coal minesin Pennsylania. The BrucetonMine is geo-
graphicallycloseto theQuecreelMine in SomerseCounty
It is operatedas a researchmine by the U.S. Bureau of
Mines, enablingus to enterrobotic equipmentwithout the
needfor explosion-proofcerti cation. The Burgettstavn
Mine is anabandonedninein adangerouslynstablestate.
Humanaccesss prohibitedandthe oor of themineis cov-
eredin a thick toxic sludgeknown as“yellow boy.” The
entranceto this mine wasdiscoveredonly daysbeforethe



Fig. 7. A sectionof the 3-D mapproducedy the Groundhogobotin the
Burgettstavn mine. This robot possesseso downward pointedlaser;
hencethemaponly shavsthe ceiling anduppersidewalls of themine.

that requiresa total of four laserrange nders. From this
map, the total volume of the mine is easily calculated;in-
formationthatis typically not availablefrom existing mine
maps.

Mapsof the Burgettstavn mine areshavn in Figures3c
and7. Thesemapsaremuchsmallerthanthoseof theBruce-
ton mine. However, their signi cance lies in the fact that
they have beenacquiredin an environmentinaccessibléo
people.Theentrancef themineis shavnin Figurelc. Fig-
ure7 shavsaview of a3-D mapacquiredoy our Groundhog
robot. As before,only the upperhalf of the mine hasbeen
mapped,since the robot possesseao dowvnward pointed
sensor

V. CONCLUSION

We have presentedsystemsand algorithmsfor robotic
mappingof undegroundmines. Both of our systemsare
equippedvith laserrange nders to recoser ego-motionand
to build accuratemaps. Our approachrelieson 2-D scan
matchingto recover alocally consistentmnap,andona 2-D
global alignmentalgorithmfor generatingylobally consis-
tent maps. The resultingmapsand robot pathsform the
basisfor integratingthe 3-D information, acquiredby ad-
ditional scannergointedat the ceiling andthe oor of a
mine. A nal optimizationstepfurtherimprovesthe spatial
consisteng of theresulting3-D minemap.

While we nd thatin the minesexploredso far, our ap-
proachconsistentlyproducesaccuratenapsthegreedyna-
ture of this algorithmmalesit possibleto getstuckin local
minima. Algorithms suchasRANSAC [12] areapplicable
to reducethe dangerof gettingstuckin alocal minimum, at
the expenseof increasecomputationatompleity.

We believe that existing techniquegor mobile robot ex-
ploration[7], [19], [23] canbe adaptedor the purposeof
autonomouslyexploring mines. Suchan extensionwould
overcomeacruciallimitation of thepresentipproachnamely
its relianceon humantele-operation.
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