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Abstract: The problemof building mapsof the ervironmentis one of the fundamental
problemsin mobilerobotics.Sofar, the majority of researcthasfocusedon the problem
of how to learntwo-dimensionamapssuchasoccupang grids.Robots however, operate
in athree-dimensionakorld. Accordingly, robotsthatusetree-dimensionaiapscanbe
expectedto be morereliableandrobustthanthoserelying on 2d maps.In this paperwe
describea robotic systemthatis ableto learnvolumetricmapsof the ervironment.The
robotis equippedwith alaserrangescannerttachedo a manipulatomwith four degrees
of freedom.This allows therobotto scaninto arbitrarydirectionsandaccuratelyexplore
its ervironment.We alsodescribehetechniquesisedfor 3d collision avoidanceandpath

planning.
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1. INTRODUCTION

Whereasmobile robotsact in the three-dimensional
world, most of the researchregarding spatial repre-
sentationsof the ervironmentof mobile robots has
focusedon two-dimensionamaps.The restrictionto
two-dimensionalrepresentationshowever, is error
prone and has seriouslimitations. For example, the
planning of paths can be incompleteif the three-
dimensionalorld is mappednto two dimensionor
even incorrectif not all obstaclesare containedin
the two-dimensionaldescription.Additionally, two-
dimensionalrepresentationglo not support typical
taskslik e searchingor objects.For example,without
knowledge about the three-dimensionastructureof
a shelf, a robot cannotplan appropriateviewpoints
to nd anobjectin the shelf. Thus,two-dimensional
mapsare not sufcient in situationsin which robots
are deployed in real-world scenarios.On the other
hand, 3d modelsof buildings (exterior and interior)
and man-madeobjectsare envisionedto be usefulin
a wide areaof applications,which goesfar beyond
robotics,like architectureemegeng planning,visu-

alizationetc.In all of theseapplicationdomainsthere
is aneedfor methodghatcanautomaticallyconstruct
3dmodels.

The problem of constructingreal-world 3d models
hasreceved considerablattentionover the pastfew
years. (Bajcsy et al., 2000), (Hakim et al., 1997),
and(Rouset al., 2000)reconstructhree-dimensional
structuredrom cameraimages.Recently several au-
thors used 3d range scannersfor the acquisition
of volumetric models. For example, (Stamosand
Leordeanu,2003) construct3d modelsby combin-
ing multiple views obtainedwith a 3d rangescanner
(Sequeiraetal., 1999)presenta systenthatautomat-
ically reconstructgextured 3d indoor ernvironments
with a laserrange nder. (Thrun et al., 2000) uses
two 2d rangescannersThe rst is orientedhorizon-
tally whereasthe secondpoints towardsthe ceiling.
By registering the horizontal scansthe systemgen-
eratesaccuratethree-dimensionatodels.(Fruh and
Zakhor, 2001)generatephoto-realistic3d reconstruc-
tions from urbanscenedy combiningaerialimages
with textured 3d dataacquiredwith a rangescanner



Fig. 1. Robotic platform (left) and simulatedrobot
including the con guration spaceof the manip-
ulator (right).

anda cameramountedon a vehicle.Again, the align-
mentof scanss achieved by an accurate?d registra-
tion. (Thrunetal., 2003)usedseveralrangescanners
to learn modelsof undegroundmines.Whereasthe
rangescannersare x ed on thesesystemsrecently
several authors,e.g., (Hahnelet al., 2003), (Nuchter
et al., 2003), used pan-tilt devices to allow addi-
tionalscanninglirectionsin all thesystemslescribed
above, the major focuslies on the acquisitionof the
volumetricdata,theirautomatiaegistrationaswell as
ontheirintegrationinto apotentiallysimpli ed model.
Someapproachealsoconsideredheproblemof plan-
ning the next vantagepoint. In particular (Pito, 1996)
or (Robertsand Marshall, 1998) addressedhis is-
sueand appliedit to the acquisitionof objectson a
turntable.None of the mentionedsystemshowever,
includestechniquesfor 3d collision avoidanceand
pathplanning.Furthermorethe devicesusedto orient
thescannerfiadat mosttwo degreesof freedom.Ac-
cordingly, the systemadescribedabove providedonly
a smallnumberof possibleviewpoints.

In this paperwe presenta robotic systemfor e xi-

ble volumetric mappingof indoor ernvironments(see
Figurel). Therobot consistsof aniRobot B21r plat-
form equippedwith a manipulatorwith four degrees
of freedomthat carriesa SICK laserrange nder. In

contrastto usinga pan-tilt-unit, this setupallows the
robotto e xibly orient the scannetto differentview

pointsfor generatingdd rangescansTo allow thesafe
and reliable operationof the robot we developeda
navigationsystemthatcanef ciently detectandavoid

collisionsin the three-dimensionatlataacquiredby

therobotandto explore givenregionsof interest.We

describethe majorcomponent®f the navigation sys-
temandpresentesultsregardingcollision avoidance,
pathplanningandexploration.

This paperis organizedas follows: After describ-
ing the robotic platform in the following sectionwe
presentan approachfor efcient 3d collision detec-
tion and avoidancein Section3. Then Section4 is
concernedwith the path planningcomponenif our
navigation system.Finally, we presentan algorithm
for effective explorationof volumetricscenesn Sec-
tion 5.

Fig. 2. Indoorernvironmentscannedy the system.

2. THEROBOT SYSTEMFORVOLUMETRIC
MAPPING

Our robot systemfor 3d mappingconsistsof a four
DOF manipulatommountedon a B21R robot (seeleft
imageof Figure 1). The manipulatorcarriesa SICK
laserrange nder (anda Sory FireWre cameravhich
will be usedfor acquiring textured modelsin later
phasesf the project). The four joints are rotational
andwill bedenoted ( throughj 3 (from bottomto top)
throughoutthis paper Whereasthe joints jo andj
rotateaboutthe vertical Z -axisfrom 180 to 180,
j1 and |3 rotate aboutthe horizontal X -axes from

90 to 90 . Thus,the con guration spaceC of the
manipulatotis givenas:

_ op4 180 joij2 180

€= J2R° 90 jujs 90

Due to the length of the connectionsbetweenthe
joints, theindividualcon gurationsin Cgeometrically
correspondo pointson small half spheresSs whose
centerslie on the surfaceof a bigger half sphereS,

(seeright imageof Figurel).

By moving the manipulatoralong pathsin C and
by subsequentlynappingof the rangemeasurements
from Cto R® we obtain3d rangescanssuchastheone
depictedn Figure2.

3. 3D COLLISION AVOIDANCE
3.1 3D Collision Detection

Wheneerarobothasto navigatein its environment,it

mustbe ableto generatepathsthat are collision-free.
This,however, requireghecapabilityto quickly check
whetherthe robotic platformin its currentcon gura-

tion intersectswith the obstaclegivenin the map.In

our scenariojn which we usea mobilerobotto auto-
matically acquirethree-dimensionahapsfrom laser

range data, the modelsusedfor collision detection
contain hundredsof thousand=f polygonsor even
more. Therefore,it is of utmostimportanceto have
anef cient approactor computingpossiblentersec-
tionsof therobot's shapewith objectsin themap.

The key operationthat has to be carried out to
avoid collisionsof the robot with obstacless thetest



whetherthereis an intersectionof the robot's shape
with polygonsstoredin the map. A fastand robust
methodhasrecently beenproposedby (Gottschalk,
2000). In this approachthe collision checkis per

formed using Oriented BoundedBoxesand by orga-
nizingthesein atree-structur OBB-tred). Thetreeis

built from top to bottomfor agivensetof 3d polygons.
Eachinner nodeof the tree consistsof a 3d oriented
boundingboxfor asubsebf thepolygons.Thebound-
ing boxesareorientedalongthe principaldirectionsof

the polygonvertices.This way we obtainatight t of

theboundingboxesto the polygons.

Themainideais thatthe overlaptestfor two oriented
boundingboxescanbe performedef ciently by pro-
jectingbothboxesontoalline andcheckingtheresult-
ing line sgmentsfor overlap.As (Gottschalk,2000)
shaws, only 15 differentline directionsneedto be
testednamelythe 6 principaldirectionsof bothboxes
andthe 9 mutualcrossproductsof these.

For the collision checkbetweerthe robotanda setof
obstaclepolygons,we build an OBB-treebothfor the
robot and for the obstaclesWe begin by testingthe
root nodeboxesfor overlapandthenproceedn both
treesuntil we reacha level wherethe boxes do not
overlapor until we endupin aleafnode.In thelatter
casewe needto testthe 3d polygonsfor intersection.

3.2 3D Caollision Avoidance

The 3d collision detectionsystemis designedto ef-
ciently checkwhetheror not the robot hascollided
with an obstaclerepresenteth the three-dimensional
mapof theervironmentIn practice however, we want
to avoid thattherobotcollidesandstopall its actions
beforeit comesinto contactwith an object. Accord-
ingly, therobotmustbeableto predicta collision with
an objectin orderto stop early enoughor to choose
alternatvve actionsthat preventit from colliding with
anobject.

Onewayto achievethisis to runaforwardsimulation
at every stepin time: Giventhe currentspeedvectors
of therobotwe calculateall possiblecollisionsfor the
next time-step(s)This, however, canbetime consum-
ing, especiallyif potential motion changesmust be
takeninto account.

The OBB-treeapproachfortunatelyprovidesus with
a corvenientway of avoiding collisions. First we
apply an approachthat is also known as obstacle
growing. In our systemthis is achiezed by enlaging
the boundingboxesin the tree by a constantfactor
Additionally we canavoid collisions by pruningthe
OBB treeat a certainlevel. For example,if we skip
the polygonintersectiortestat theleaf nodesandjust
rely on the teston the level above, we becomemore
consenative with respectto collision checks,since
the overlap of the upperlevel boundingboxesis a
sufcient conditionfor anintersectioratalowerlevel.

Theleft imageof Figure3.2shavsasituationin which
our robot is closeto an obstacle.Although none of
the polygonsrepresentinghe robotintersectawvith an
objectin the scene the collision avoidancestratgy
basedon obstaclegrowing and OBB tree pruning
alreadyreportsa potentialcollision. The right image
of Figure3.2shavsin red/darkgrey theenlagedOBB
intersectingwith polygonsof the map.Here,thelaser
attachedo the manipulatorgetstoo closeto thewall.

3.3 ImplementatiorDetailsand Ef ciency

The collision avoidancesystembasedon the OBB-
tree approachhas beenimplementedand testedin
simulationusingreal-world data.Thetypical example
is shawvn in Figure 3. This particular sceneconsists
of over 750, 000scanpointsandabout750; 000trian-
gles.Thetrianglesvereobtainedy connectingneigh-
boringpointsin the point set. The resultingOBB-tree
for this scenehad a depthof 41, andit took about
12 minutesto build the treeon a 2:8 GHz Pentium4
machine For this scenewe areableto perform10 col-
lision testsper second For a typical motion speedof
the manipulatorof 5 degreesper seconahis amounts
to two testsperdegreeof motion,whichis sufciently
fastfor typical manipulationtasksandcorresponding
slow movementf the platform.

4. PATH PLANNING

To scanits ervironmentthe robot mustbe ableto ef-
ciently plancollision-freepaths.Wheneer the plat-
form moves,we currentlyresetthe manipulatorto the
uprightpositionsothattherobot's movementanbe
plannedin its three-dimensionaton guration space.
In our currentsystemwe assumethat the platform
stopswhenever the robot scansits ervironment by
moving the scannewith its manipulator Thefactthat
the con guration spaceof the manipulatorhas four
dimensionsmakes the applicationof standardpath
planning stratgjies suchas A infeasible for plan-
ning trajectories. Assuminga grid representatiorof
the 4d con guration spacegachgrid cell would have
3* 1= 80neighborsresultingin abranchingactor
of 80in eachplanningstep.Evenfor shortplanswith
about10 planstepsthis would resultin anuntreatable
numberof nodesin thesearchtree.

To reducethe size of the searchspacewe exploit the
particulargeometryof the manipulator Considering
thatsmallvariationsin thelowerjointsj o andj ; result
in larger volumesclaimed by the manipulatorthan
smallvariationsin the upperjoints j , andj 3, we use
aprojectionC’ of Contothe rst two dimensions.

All obstaclesrethenmappedrom 3d Cartesiarspace
into C’ . This mappingresultsin apartitionof C* into

1 This canbeinterpretedasa p-level tree(Latombe,1991),a data
structureto ef®ciently storethe con®guratiorspacghere,p = 2).



Fig. 3. Collision avoidanceusinga conserative extensionof OBB treesaswell asobstaclegrowing: Situationin
which thelaserattachedo the manipulatorgetsvery closeto an obstacle(left) anddetectionof a potential

collisonof therangescanne(rightimage).

Fig. 4. Projectionof nearbyobstaclesonto C’ ; axes
representhepositionof j o andj; in degrees.

threedifferentregions: Areaswherethereis no colli-

sion,independendf thecon gurationofj , andj 3, are
consideredsfreeandthereforecansafelybeattained.
Areaswherea collision is unavoidable for ary set-
ting of j, andj 3 canobviously never be attainedand
thereforeareconsidere@dsoccupiedln theremaining
areasa collision dependson the position of j, and
j3. Suchareasin C’ are consideredas“dangerous.

Figure 4 shows for a simulatedscenethe projection
of the obstaclesn the vicinity of the robotinto C? .

The white region correspondso safecon gurations,
the black areasare the occupiedcon gurations,and
thedangerousegionsaredepictedn grey.

The path planningnow works as follows: Wheneer
the startandgoal con gurationsbotharesafeandare
in the sameconnecteccomponentwe apply 2d A
planning.In any othercase2d A is not a complete
planningstratey. Therefore,we apply anothertech-
niguedescribedn (Latombe,1991)calledslicing: We
considerthe con guration spaceC’ wherej s is held
X ed at position0 andj; is arbitrary This way the
volume claimed by the manipulatoris smallerand,
thus, the free spaceis largerthanin C? . That means
thatthereis ahigherchancethat2d A  planningin C’
nds afree path.However, we needto checkif there
is afree pathfrom the startposition(Sp; S1; Sz; S3) t0
the position (sp; s1; S2; 0) — and analogoushyfor the
goal position. Furthermorethis techniqueis still not
complete.Thus, if this strateyy also fails, we have
to plan in the whole 4d space.We do this using a
probabilisticroadmapapproach(PRM) as described
in (Kavraki etal., 1996).

The above planningalgorithmhasbeenimplemented
andtestedextensiely. A statisticalanalysishasshovn

that the PRM-techniqueneedsto be applied only

in 6% of all cases.Figure 5 depicts an exam-
ple path generatecby our planner The starting po-
sition is ( 65;80; 40;20) and the goal position
(170; 80;40; 20), bothmeasuredn degreedor all

four joints. The projectionof the resulting path into

C’ is shavnin Figure4.

5. EXPLORATION

One of the tasksof our robotis the autonomousex-
plorationof its environment.In the caseof ourrobotic
system,we cansplit up the explorationprobleminto
two distinct subtasksnamelythe local exploration,
whereonly the manipulatoris moved and the robot
hasa x edposition,andtheglobal exploration,where
good vantagepoints for the whole systemare de-
mandedas e.g. in (Klein and Sequeira,2000). The
distinction here makes sense,becausein the local
explorationthereis no needfor localisationand reg-
istration algorithms,due to the high accurag of the
manipulatotjoints.

In this paperwe will focuson the local exploration.

This meanghatthe ervironmentwhichis explored,is

restrictedto a 3d areaB in thevicinity of the manip-
ulator, becausdar away regions cannot be scanned
accuratelyenoughandonly nearbyocclusionscanbe

resoled. In theory B canbe de ned arbitrarily, but

we will considerit as an axis-alignedbox in front

of the manipulator The informationthatis acquired
during the exploration processs representedh a 3d

occupang grid insideB. In the remaindeyrB is also

denotedhegrid box Now, we de ne thelocal explo-

ration task as follows: For our given 3d rectangular
region B we searchfor a set of sensorpathsalong

which the acquiredsensorinformationis maximized
while the overall pathcostis minimized.

A frequentlyusedmeasurefor the information pro-
vided by a measuremenis the information gain I .
The information gain of a single measuremenfor a
particularcell ¢ in B is thedifferenceof theentropies



Fig. 5. Pathof the manipulatorgeneratedy the pathplannerin a simulatedervironment.

of that cell before and after incorporatingthe new
sensolinformationz:

I(@jz)=H(a) H(aj2) @
Basedontheinformationgainandanappropriatgpath
cost function f , we can evaluate possible paths P
by calculatingthe weighted differencebetweenthe
information gain andf (P) (seealso (Stachnissand
Burgard,2003)).A typical problemin this context is
that the information gain cannotbe calculatedin ad-
vanceasonedoesnot know which measuremenwill
berecevedalongP . Theusualsolutionis to compute
the expectedinformationgain by integratingover all
possiblemeasurementsn our case however, this is
infeasible sincethenumberof possiblemeasurements
grows exponentiallywith the numberof time stepsor
with thelengthof P.

In our currentsystemwe approximatethe expected
informationgain by consideringhe mostlikely mea-
suremeng for eachbeam.Thismeasuremeris deter
minedby traversingthegrid in B alongeachbeamun-
til a cell with probability higherthana givenconstant
¢, whichis setto .5 in our currentsystem|s reached.
The expectedinformationgain of a particularpathis
thencomputedas:

K I 1 X
1(P) =
n=0 m=0 c2R(zmn )

I(c] zmn ); ()

whereN is the numberof discretepointsalongP at
which a rangescanis obtained,M is the numberof
beamof eachscanandR(zn., ) is thesetof all cells
interceptedyy the beamwith lengthzy,., .

5.1 Theutility of a path

For a goodpathevaluationwe needa pathcostfunc-
tion f that penalizesdangerougaths.In our imple-
mentationwe de ne f asthe inversedistanceto the
next object. We approximatethis value by creatinga

of the manipulatorand determiningthe samplewith
minimumdistanceto thesetB of boundingboxesrep-
resentingheervironment.n thesimplestcasewhere
thereis no obstacleotherthanthe onesinside B, B
only consistof B. We will considerthis case but we

note that the de nition of f can easily be extended
to the generalcaseif we take into accountthat the
ervironmentis givenasan OBB-tree.Thus,we have:

f(P) = amgmin_, ..., fd(si;B) lg: (3)

The distanced(s;; B) from a samples; to the box B
is ef ciently calculatedusingthe generalizedroronoi
diagram(GVD) of B (Lin, 1993): After creatingthe
GVD, we only needto checkinto which voronoire-
gions; falls. Then,d(s;; B) is givenasthedistanceto
theboxfeature(face,edgeor vertex) thatcorresponds
to thefoundvoronoiregion.

Usingequationg2) and(3), we de ne the bestexplo-
rationpathP astheonethatmaximizeshe utility:

P = amgmax, fI(P) f (P)g (4)

where isa x edweighingfactorandP is the setof
all possiblepaths.

5.2 Theexploration algorithm

The major problemin evaluatingequation(4) is that
P cannotbedetermineckf ciently . In our currentsys-
tem, we consideronly a small subsetS of P, which
containsall pathsthat are reachableby the manipu-
lator and at the sametime include goodview points.
To determinea setof goodview points,we consider
the boundingbox B of all scanpointsinsideB after
the rst scan.B de nes the region of interestfor the
further exploration process.In order to get a good
coverageof the object(s)inside B, we look for paths

of B. The startand end points of suchpathscan be
determinedby nding joint positionsat which one
of the g is insidethe laserplane.Geometricallythis
correspondso pointsatwhicha planepassinghrough
agivene istangento agivensmallsphereS,. Thus,
thesetS of goodview pathsis constructedsfollows:

First, we createa setof pointson the surfaceof Sy
so that no point is nearerto B than the maximum
distanceof the laserto the rotation axis of joint j 3.
Thiswaywe ensurdhatthelaserdoesnot collide with
B. For eachof thesepointswe determineall pointson
the correspondingippersphereS; thatlie on a plane
tangento Ss andpassinghroughane; asdescribed.



Fig. 6. upperleft: experimentaketup;lowerline: grid
boxafterthe rst scan(left) andattheend(right),
red cells are unknown, blue cells have high oc-
cupang probability;upperright: triangulationof
the nal 3dmodel.

We obtaina setof vantege pointsv; togethemvith the

corresponding@bsenrationedgese; ;. Thosevantage

points, for which the obsenation edgesare parallel,
arethenconnectedo sub-pathsThesesub-pathzor
respondo differentsweepingnotionsof the scanner

alongthefacesof B.

Giventhis setS of sub-pathsve proceedasfollows:
Out of a setof h sub-pathsthat are nearestto the
currentarmpositionwe selectthe onewith maximum
utility. Thevalueh will bedenotedasthe exploration
horizon If the obtainedutility is lower thana given
minimumutility u ;.. the sub-paths omittedandthe
next h sub-pathsreconsideredif asub-paths found,
it is executedandthe newly gatherednformationis
incorporatednto the occupanyg grid. The algorithm
terminatesf thereis no sub-patHeft.

5.3 Implementation

We have testedthis exploration stratgyy with a real
3d object— a piano stool (see g. 6). We chosean
exploration horizon of 10 paths.Initially, therewere
424 sub-pathsput of which only 16 were executed
(the maximumwould have been4?2). The resultsare
shavn in g. 6. For the triangulation,we createdan
-shape(Bernardiniand Bajaj, 1997) from all scan
pointsthatfell into occupiedregionsin the nal grid.

6. CONCLUSIONS

In this papemwe presenteéroboticsystenfor acquir
ing three-dimensionainapsof indoor ervironments.

The robot is a B21r platform equippedwith a ma-
nipulatorthat carriesa SICK laserrangescannerTo
controlthis robotwe developedasoftwaresystenthat
includestechniquedor 3d collision avoidance,path
planningand exploration. The techniqueshave been
implementecandevaluatedusingreal-world dataand
in simulation.

Thereareseveral directionsfor future researchFirst,
thegeneratiorof the OBB-treeis computationallyde-
mandingso thattechniquego ef ciently updatesuch
atreebasedon sensonyjinput aredemandedFurther
more thepathplanningandexplorationsystenshould
alsoinclude movementsof the platformitself andnot
only movement®f theroboticarm.Thiswill addition-
ally increasehe compleity of the searchandfurther
techniquedor increasingheef ciency will haveto be
developed.
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