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Abstract

This paperpresentsa precise(x 1cm), lightweight
(5kg) andlow cost3D laserrangefinderfor thefast
gaging(< 1.4 sec)of ervironments. Real-timeal-
gorithmsfor the datareduction 3D-objectsegmen-
tation are also presented.A specialdesignedsus-
pensionunit, a standardseno motoranda standard
2D rangefinder are usedto build the 3D scanner
Maximal resolutionse.g. 180 (h) x 90 (v) degree
with 194400pointsaregrabbedn 8.1 secondsand
low resolutionswith 16200 points are grabbedin
1.4secondsWhile scanningdifferentonline algo-
rithmsfor line andsurfacedetectionare appliedto
thedata.3D-Objectsggmentatioranddetectionare
doneoffline afterthe scan. With the proposedap-
proach,a precise,reliable, mobile, low cost, and
real-time capable3D sensorfor the contact-less
measuringf ervironmentsvithoutadditionalland-
marksis available.

1 Intr oduction

Rangeimageacquisitioncanbe definedasthe pro-
cessof determiningthe distance(or depth)from a
given obsenration point to all pointsof considera-
tion in ascene.Thetechnologyof laserrangefind-
ersis not new and hasbeenusedfor mary years
in military andairborneremotesensingsuney ap-
plications. Mary systemsare availablefor a wide
rangeof applicationsfor exampleland suneying,
quality control,andcivil engineering.

An importantissuefor manmadeernvironments
is the choice of the sensortype from which raw
rangeinformationfrom the sceneis obtained. To-
day’s commercial3D laserrangefindersare large
andheavy, build for stationaryusemainly.

This paper presentsa mobile 3D laser range
finder (fig. 1). The scanneris built on the base
of acommercial2D laserrangefinderfrom Schm-

ersaltogetherwith a specialdesignedsuspension
unit and a standardseno motor[1]. The 2D scan-

neris very fast(processingime ~ 15 ms), precise
(~ 1 cm, 180°) and becomingcheaper(~ $3000)

sincedifferentcompetingproductse.g. [2, 3] are

available.

Figure 1: The 3D laserrangefinder The seno is
mountedat theleft side.

A few numberof scientificgroupsdevelop fast,
lightweight and mobile 3D laser range finders
and/orspecialalgorithmson the basisof 2D laser
rangefindersto overcomethedravbackof only 2D
proximity information [4, 5, 6, 7]. Thrun et al.
usetwo laserrangefinders,onerotatedby 90 de-
grees[5]. The 3D informationis generatedvhile
therobotis moving. The accurag of the acquired
datadepend®ntheaccuray of therobotpose.3D-
Object detectionwithout moving the robot is not
possible.Waltheimet al. [7] andKristensenet al.
[6] usean amtecrotationmodule[8] with high ac-
curag at high costs(~ $3500).
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2 Architecture of the 3D laser range
finder

The presente®D laserrangefinderis built on the
basisof a2D rangefinderby extensionwith amount
anda senomotor The 2D laserrangefinderis at-

tachedto the mountfor being rotated. The rota-
tion axis is horizontal. A standardseno (~ $75)

is connectedn the left side (fig. 1). Annotation:
An alternatve approachs to rotatetherangefinder
aroundthe vertical axis. Throughoutthis paperwe

will only discussthe approachbasedon a horizon-
tal rotation, all presentedalgorithmscan be used
in the sameway. The differencesbetweenboth
approachesre the orientationof the apex angle
andthe effectsof dynamicobjectsmoving through
the scene,e.g. persons. Using vertical scanning,
a perturbationeither appearswith low probability
within a few scansmaking them uselessfor fur-

therdataprocessingpr doesnot appearatall. The

firstapproactontheotherhandshavs perturbations

throughoutthe whole scenebut thesedatacanstill
be usedfor robotnavigationandobjectdetection.

Due to the flexible setupwe canconnectdiffer-
ent2D laserrangefinders(Schmersa]3], Sick[2]).
This leadsto awide variety of scanresolutionsand
scanspeedgqseetah 1) — the latter also depend-
ing on the usedserialdevice. The usedlaserrange
finder (max. scanningdistance60m) can also be
usedoutsideof buildings (seefig.2).

| Schmersal | Sick

points low 11250 16200
maximal || 135000 194400
RS232low 5.4sec 5.6sec
maximal || 48sec 67.5sec
RS422low 5.4sec 1.35sec
maximal || 16.2sec 8.1sec
resolution(hor) || 5cm lcm
resolution(rot.) || 1° 1°

Table 1: ComparisonbetweenSchmersal3] and
Sick [2] laserscannerconnectedo two different
serialdevices.

The given setupdeterminesanintrinsic order of
the acquireddata. The datacoming from the 2D
laserrangefinderis orderedanticlockwise.In addi-
tion the 2D scangscanneclanes)areordereddue
to therotation.

The 3D laser rangefinder usesonly standard
computerinterfaces. The senomotor is directly
connectedo the parallel port, the 2D laserrange
finderto the serialportandthe cameras connected
to an USB port. Nowadays,every computer(esp.
laptops)doeshave thesenterfacesandthereforethe
built 3D laserrangefindercanbeusedeasilyonmo-
bile platforms.

The mountandthe seno areinexpensve andno
specialelectronicdevices are used,so the price of
the whole systemmainly dependson the used2D
laserrangefinder.

-

Figure2: SchlossBirlinghoven.

Figure 3: 3D scanof SchlossBirlinghoven, scan
time 48 secwith theschmersascanneoverRS232.

3 Implemented software modules

3.1 RealTime Linux module

The seno of the new 3D laserrangefinderis con-
trolled by acomputerunningRT-Linux, areal-time



operatingsystemwhich runsLINUX asataskwith
lowestpriority. Thesenomotorexpectsasignalev-
ery 20 ms, the length of the signal determineghe
position of the motor (1 ms = leftmost position,
1.5 ms = middle position, 2 ms = rightmostposi-
tion). Thisverytime critical job hasto bedoneby a
real-timeoperatingsystemsincealateng of about
10 us correspondgo a deviation of ~ 1°. Real-
time Linux hasan averagelateny of about5 us
(PII-333)andthustherotationcanberealizedwith
anaveragedeviation of 0.5°.

3.2 Online algorithms for line detection

While scanningdifferentonlinealgorithmsfor line
and surface detection(LENCOMP & HOUGH &
LINMER) areappliedto thedata,thusno extrapro-
cessingime is needed.Two differentkinds of line
detectiomalgorithmshave beentested9, 10].
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Figure4: Line detectionappliedto ascanslice

The first algorithm (LENCOMP) is a sim-
ple straightforvard matchingalgorithm runningin

0 (n) (nthenumberof points),with smallconstants.

Thealgorithmimplementsa simplelengthcompar
ison. The dataof the laserrangefinder (points
ay ay,...,an) is orderedanticlockwiseso that one
comparisorper point is sufficient. We assumethat
thepointsa,,...,a, arealreadyonaline. For aj,q
we have to checkhJ

||ai7aj+1||
Yizillasall
To obtainbetterresultsthis algorithmrunson pre-

processedlata. Datapointslocatedclosetogether
arejoinedsothedistancdrom onepointto the next

£(j)- @)

pointis almostthe same(reductiorfilter). Thispro-
cessminimizesthefluctuationswithin the dataand
reduceshe pointsto be processed Hencethis al-
gorithmrunsvery fast,but thequality of thelinesis
limited.

The second line detection algorithm imple-
mentedis the well knovn Hough Transformation
[11, 12] (seefig. 4). A (p,0) parameterization
of the spaceof linesis used,where 8 is the angle
of the normalto the line and p the distancealong
this normalfrom theline to theorigin of theimage.
A transformationof every point (x,y) resultsin a
histogram. The maximumof the histogramcorre-
spondgo aline andthenumberof pointsbelonging
to thisline is maximal.

Theiterationof thefollowing threestepsreturns
all line sggments.

1. find maximum= find straightline and calcu-

latetheline equationy = a-x+b

2. tagall pointsbelongingto thisline

3. remove thesepoints from the histogramand

male line sggments

Thefinal stepusestheintrinsic orderof the dataas
it comesfrom the laserrangefinder Due to this
intrinsic order only one checkis necessaryo de-
terminewhethera point belongsto a line segment.
An adwantageof the Hough transformationis that
it computeghe generaline equationandall of the
belongingline segmentsin onestepwhich is help-
ful in further processingstepsi.e. 3D surfaceand
3D objectdetection.

TheHough-Transformatiorrunsin ¢(d-n), with
d the distanceto the furthestdatapoint. This max-
imum distanceis currentlylimited to 10 m, sothat
thetransformatiorcanbe donein real-time.For in-
doorervironmentsthis limitation is sufficient.

After line detectionthetransformatiorof the 2D
coordinatesnto 3D coordinatess done(fig. 5). All
following dataprocessingtepsoperateonthethree
dimensionabata.

3.3 Surfacedetection

All algorithmsdescribedso far run on 2 dimen-
sional data. After line detectionis donethe data
is corvertedinto 3D. Basedon the detectedines,
the following algorithm LINMER detectssurfaces
in the 3-dimensionatcene.

Scanninga planesurface theline detectioralgo-
rithm returnsa sequencef linesin successie 2D
scansapproximatethe shapeof this surface. Now,



Figure5: ComposedD imagefrom line detection
donein 2D planes.

the taskis to recognizesuchstructureswithin the
3D datainput andto concatenatéheseindependent
lines to one single surface. The surfacedetection
algorithmLINMER proceedshefollowing steps:

0. Thefirst setof lines— comingfrom the very
first 2D scan-is stored.

1. Every otherline is beingchecled with the set
of storedlines. If a matchingline is found,
thesetwo linesaretransformednto a surface.

2. If no suchmatchingline exists, the line may

be anextensionof analreadyfoundsurface.
In this case the new line is matchingwith the
topline of asurface. Thistop line is beingre-
placedby thenew line, resultingin anenlaged
surface(fig. 6).

3. Otherwisethe line is storedas a stand-alone
line in the setmentionedabore.

To achieve real time capabilities,the algorithm
malkes use of the characteristicof the dataas it
comesfrom the rangefinder, i.e. it is the orderby
the scannedplanes. Thereforethe lines are sorted
throughouthewhole scengwith regardto theirlo-
cationwithin thevirtual scenefueto theirinherited
order Thusanefficientlocal searctcanberealized.

Three criteria have to be fulfilled in order to
matchlines: First the anglebetweenthe two lines
hasto be smallerthana givenvalue d. Secondhe
endpointsof the matchingline mustbe within an
e-areaaroundthe correspondingpointsof thegiven
line (fig. 6). Thefirstconstrainis necessarfor cor-
rectclassificatiorof shortlines,sincethey fulfill the

distancecriterionvery easily To matchaline with a

surfacethesetwo constraintshave to hold between
thelastline of thesurfaceanthenew line takeninto

account.In additionwe applyathird constrainthat
istheline hasto lie approximatelyn theplanegiven

by the surface.
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Figure6: Expansiorof asurfaceby anew line

This step,merelya joining of linesfoundin for-
mer scans,can be doneonline, too, sinceno data
from future scands necessaryThis meanghatthe
robotor ausergetsmuch3D informationaboutob-
jectsin thesceneryright duringthe scan.

4 Postprocessing

Offline algorithms(POLYGEN & O-SEG)areused
to createa 3D map of the room and to enablea
safe navigation of the robot. Despiteof the prior
algorithms this steprequiresinformationaboutthe
wholesceneandhasto be doneafter the scanpro-
cesds finished.

4.1 Polygoncreation POLYGEN

Thesurfacedetectiorroutinescreatesuriacescon-
sistingof lines. Sincethe quality of thelinesis lim-
ited dueto noiseof the scandata,the resultof the
surfacedetectioraresmallsurfacesvhichmayeven
overlap. The taskof polygoncreationis to meige
thesesurfacesto polygons.

Polygondetectionis dividedinto threesteps:

1. FirsttheLENCOMP algorithm(sec.3.2) uses
theendpointf all linesof a surfaceto detect
3D edges.This transformghe line stripsinto
polygons.



2. After it, eachpolygonis projectedorm the3D
coordinatespacento a 2D coordinatespaceof
theplanegivenby the polygon.

3. Now, thepolygonsaremeiged. Sincethepoly-
gons may overlap this step hasto createan
overallpolygon. Thealgorithmfrom Vatti[13]
is usedasa polygonclipping algorithm.

Each polygon can be a single polygon or a
polygon set. Each individual polygonin a
polygon setmay be cornvex, concae of self-
intersecting Clipping is definedasinteraction
of the so called subjectpolygonandthe clip-
ping polygon, henceit is also usablefor 2D
Booleanoperationsg.g. union. If two poly-
gonsareapproximatelywithin thesameplane,
thesepolygonsatatime areclipped.

The polygonsare stripedfrom bottomto top.
Eachstrip is a horizontal(with respecto the
2D polygon coordinatesystem)sweep, that
is an areabetweentwo successie horizon-
tal lines from a setof horizontallines dravn
throughall the vertices. During the striping
the local maximaandminimaaredetermined,
verticesandintersectionsare classified.From
this classificationVattis algorithmscomputes
in our casethe overall polygons.
Vattisalgorithmrunsin lineartimein thenum-
ber of edgesof the subjectandclipping poly-
gon. The polygonmemging algorithmis also
usedto memge polygonsfrom differentscans
resultingin a completesurface model of the
ervironment.

As afinal stepthegenerategbolygons(corvex or
concae) aretransformednto trianglestripsonly to
visualizethemin OPENGL.

Figure7 shaws theresultof the polygonmeging
stepappliedto the scanshavn in figure5

4.2 3D-Object segmentation

3D-Object segmentation(O-SEG) is done by se-
quentially memging conglomerationsf 3D-points,
3D-linesand3D-surficesinto one3D-object:

1. Startwith one arbitrary element,i.e. alarge
3D-surface. This elementis alreadytreated
asa‘real” 3D-objectin this stateof the algo-
rithm.

2. lterateoverthepreviously foundelementsaind
checkwhetherthere are ary elements‘near
enough’to this object. This “near” constraint
is given by the setup,e.g. one shouldmege

Figure7: 3D imageformedof polygons.

only elementsloserthanthesizeof therobot,
sincetherobotcant pasghroughsuchobjects.
3. If suchan elementis found, the objectis en-
largeduntil it encloseshis element.
4. Repeauntil nomoreelementsit thegivenob-
ject.
During this processall elementsbelongingto the
objectaremarked. The objectsegmentationalgo-
rithm startsagain, until no more conglomerations
of elementsxists, i.e. until no moreobjectscanbe
foundwithin thescannedcene.

Figure8: Representationf anobject

Theobjectsarecharacterizetby boundingboxes
(cubes)(fig. 8). A boundingbox is givenby 3 or-
thogonallines, correspondingdo the axesof thevir-
tual world coordinatesystem.In addition,eachob-
ject is surroundedy a spherewhich encloseshe



whole boundingbox. This sphereis usedto check
very fastwhethera single point is nearenoughto
this objectto be examinedas part of the bounding
box.

The O-SEGalgorithmfirst checksif the pointis
insidethe sphere. This canbe doneby testingthe
euclidiandistance. If the elementpasseghis test,
the algorithm determinesvhetherthe pointis near
enoughto the actualboundingbox. In this case,
the lines defining the boundingbox have to be re-
adjustedo enclosethis new point, the spherdike-
wise.

This procedurecan be generalizedto handle
otherkindsof elementsaswell, sincelinesarerep-
resentedy 2 pointsandsurfacesby 2 lines.

5 Visualization

To visualize the data, a viewer program2SHON
basedon OPENGL wasimplemented.The taskof
this programis the projectionof the 3D sceneto
theimageplane,i.e. the monitor A graphicaluser
interface J42SHQV (fig. 9) developedwith Java
enablesa simple and easyway to usethe scanner
application.

wisplay |

Figure9: JAVA userinterface

The viewer programcaneasily be controlledby
an extern JAvA panel(fig. 10 & 11). It enables
the userto selectthe elementtypesthataredravn
(points, lines, surfacesand objects), to navigate
throughthe3D sceneto useasimpleVCR interface
andto extract further informationaboutthe scene:
clicking on an elementreturnsposition, sizeand—

dependingon the type of the element— datalike
numberof pointswithin the object,etc.
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Figure10: Navigationcontrollingpanel.
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Figurell: Objectinformationsbox.

6 Results

An example(fig. 13 & 14) visualizesthe perfor
manceof the scannerand the implementedalgo-
rithms. It shows the 2nd authortaking a video in
a corridor andtwo differentviews of the scanned
sceneThescenavasscannedn 12 second¢schm-
ersalscanner).During the 12 secondghe 115000
datapointswerereducedo 2596linesand977sur
faces. The door on the right side aswell assome
partsof thewalls aredetectedasflat surfaced. An-
other interestingapplicationis the use of the 3D
laserrangefinderasabodyscanne(fig. 12).

After thescanningprocess180polygonsarecre-
atedcontainingonly 1144 datapoints. In addition
60 objectsaredetectedn 2.5 seconds.

1The3D scenecanbeseeratht t p: / / capehor n. gnd. de
: 8080/ scanner



Figurel2: Applicationasbodyscanner

7 Conclusion

This paperhas presenteda mobile, low-cost, pre-
cise andreliable high quality 3D sensar The 3D
laseris built on baseof anordinary2D rangefinder
andusesonly standarcomputeiinterfaces. The3D
scannersensedhe ervironmentcontact-lesswith-

outthenecessityf settinglandmarks Thescarres-
olutionfor acomplete3D scanof anareaof 180(h)

x 90 (v) degreeis up to 194400pointsandcanbe
grabbedn 8.1secondsTheprecisionis mainly de-
terminedby thelaserscannef~ 1 cm). Low resolu-
tionse.g.180(h) x 90(v) degreewith 16200points
are grabbedin 1.4 seconds. While scanning,dif-

ferentonlinealgorithmsfor 3D-line and3D-surface
detectionare appliedto the data. 3D-Objectsey-
mentationand detectionare done offline after the
scan.

Several productsand applicationsbenefitsfrom
our 3D laserrangefinder becauset is light, small
andvery fast:

e Autonomousmobilerobots Due to the light
weightof the3D scanneit canbeusedby mo-
bile robotsto surney the ervironmentsandto
build a precisemap. The robotscanalsode-
tectandavoid complicatedbbstacle®.g.over-
hangingobstacleswhich could not be recog-

nized by 2D distancesensors. Furthermore,
all kinds of dockingmaneuersevenin com-

plicatedlocationscan be doneautonomously
[14].

e Contpol systems They usesthe 3D informa-
tion from thescanneto detectandclassifyob-
jects. Especiallymachinescanbe supervised
andswitch off if humansarein their working
area(3D zonedefensewith a 3d laserrange
finder).

e Facility manaementsystems Facility man-
agementystemsrequire up-to-dateinforma-
tions of the facilities. Especially a com-
plete digital building modelwhich is contin-
uouslyupdateds demandedThe 3D scanner
mountedon an autonomousnobile robot can
be usedto build and updatedigital building
models. PropertyManagemenSystemscan
beusedmoreeffectively andmorecheaply

Figure13: Exampleof ascannedcene

Acknowledgment Special thanks to Stefan
Materneand the unknavn reviewersfor hints and
corrections.

References

[1] Andreas Nuechter Hartmut Surmann,
Kai Lingemannand JoachimHertzbeg, “A
3d laserrangefinder for autonomousnobile
robots; in Proceedingsof the of the 32nd
ISR (International Symposiunon Robotics),
Seou) 2001,pp.153-158.

[2] URL: Sick optic electronic,“PLS: Definition
der Telegrammezwischen Benutzerschnitt-



Figure 14: Two different views on the example
sceneof figure 13.

(3]

[4]

stelle und Sensorsysteniiber RS-422/ RS-

(5]

(6]

(7]

(8]

9]

[10]

[11]

[12]

2327 in http://wwwsickoptic.com/lasehtm  [13]
2000.

URL: SchmersalEOT, “LSS 300: Tele-
gramm  zwischen Benutzerschnittstelle [14]

und SensorsystemV.1.14; in http://
wwwsdhmesal.de/d/podukte/n2000/-
laserlss.html2000.

S.E El-Hakim, P. Boulanger F. Blais, J.A.
Beraldin, and G. Roth, “A mobile system
for indoor 3-d mappingand positioning; in
Proceedingsof the International Symposium
on Real-Tmelmaging and DynamicAnalysis,
Hakodate Japan 1998,pp.331—-338.

SebastianThrun, Dieter Fox, and Wolfram
Burgard, “A real-time algorithm for mo-
bile robotmappingwith applicationgo multi-
robotand3d mappind, in IEEE International
Confeenceon Roboticsand Automation,San
Franciscg 2000.

SteenKristensenand Patric Jensfelt, “Active
global localisationfor a mobile robot using
multiple hypothesidracking; in Proceedings
of the IJCAI'99 Workshopon Reasoningvith
Uncertaintyin RobotNavigation, Stokholm,
Swedenl1999,pp. 13-22.

Axel Walthelmand Amir Madary Momlouk,
“Multisensoric active spatial exploration and
modeling; in Dynamistie Perzeption:Work-
shopder Gl-Fachgruppel.0.4Bildverstehen,
Ulm. 2000, pp. 141-146,AKA Akad. Verl.-
Ges. Berlin.

URL: amtec, “amtec product homepagé,
in http://mwwwpowecubede/inde_products.-
html, 1999.

Michael Pauly, Hartmut Surmann, Marion
Finke, and Nang Liang, “Real-time ob-
ject detectionfor autonomousrobots; In-
formatik Aktuell. AutonomeMobile Systeme
14. Fachgespad, Springer-Verlag, pp. 57—
64,1998.

J.-S. Gutmann, Roluste Navigation au-
tonomermobiler Systemdin German),Doc-
toral Thesis Akademische Verlagsge-
sellschaftAka, Berlin, 2000.

P. V. C. Hough, “Methods and meansfor
recognisingcomple patterns, in U.S.Patent
3069654 Dec1962.

R. A. McLaughlin and M. D. Alder, “The
houghtransformversusthe upwrite; 1EEE
Trans. Pattern Analysisand Machine Intelli-
gence vol. 20,n0.4, pp.396-400,1998.
BalaR. Vatti, “A genericsolutionto polygon
clipping; Communicationsf the ACM, , no.
7,pp.56-63,07/1992.
GuntherSchmidtJoachimHorn, “Continuous
localization of a mobile robot basedon 3d-
laserrange-datapredictedsensoiimagesand
dead-reckning; Roboticsand Autonomous
Systemsvol. 14,pp.99-118,1995.



