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Abstract

This paperpresentsa precise( � 1cm), lightweight
(5kg)andlow cost3D laserrangefinderfor thefast
gaging( � 1 � 4 sec)of environments.Real-timeal-
gorithmsfor thedatareduction,3D-objectsegmen-
tation arealsopresented.A specialdesignedsus-
pensionunit, a standardservo motoranda standard
2D rangefinder areusedto build the 3D scanner.
Maximal resolutionse.g. 180 (h) � 90 (v) degree
with 194400pointsaregrabbedin 8.1 secondsand
low resolutionswith 16200points are grabbedin
1.4seconds.While scanning,differentonlinealgo-
rithms for line andsurfacedetectionareappliedto
thedata.3D-Objectsegmentationanddetectionare
doneoffline after the scan. With the proposedap-
proach,a precise,reliable, mobile, low cost, and
real-time capable3D sensorfor the contact-less
measuringof environmentswithoutadditionalland-
marksis available.

1 Intr oduction

Rangeimageacquisitioncanbedefinedasthepro-
cessof determiningthe distance(or depth)from a
given observation point to all pointsof considera-
tion in a scene.Thetechnologyof laserrangefind-
ers is not new and hasbeenusedfor many years
in military andairborneremotesensingsurvey ap-
plications. Many systemsareavailablefor a wide
rangeof applications,for exampleland surveying,
qualitycontrol,andcivil engineering.

An importantissuefor manmadeenvironments
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 a commercial2D laserrangefinder from Schm-

ersal togetherwith a specialdesignedsuspension
unit anda standardservo motor[1]. The 2D scan-
ner is very fast(processingtime � 15 ms),precise
( � 1 cm, 180� ) andbecomingcheaper( � $3000)
sincedifferentcompetingproductse.g. [2, 3] are
available.

Figure1: The 3D laserrangefinder. The servo is
mountedat theleft side.

A few numberof scientificgroupsdevelop fast,
lightweight and mobile 3D laser range finders
and/orspecialalgorithmson the basisof 2D laser
rangefindersto overcomethedrawbackof only 2D
proximity information [4, 5, 6, 7]. Thrun et al.
usetwo laserrangefinders,onerotatedby 90 de-
grees[5]. The 3D information is generatedwhile
the robot is moving. The accuracy of theacquired
datadependsontheaccuracy of therobotpose.3D-
Object detectionwithout moving the robot is not
possible.Waltheimet al. [7] andKristensenet al.
[6] useanamtecrotationmodule[8] with high ac-
curacy at highcosts( � $3500).

Proc.VMV 2001,pp 59 - 66 Stuttgart,Germany, November21–23,2001



2 Ar chitecture of the 3D laser range
finder

Thepresented3D laserrangefinder is built on the
basisof a2Drangefinderbyextensionwith amount
anda servomotor. The2D laserrangefinder is at-
tachedto the mount for being rotated. The rota-
tion axis is horizontal. A standardservo ( � $75)
is connectedon the left side(fig. 1). Annotation:
An alternative approachis to rotatetherangefinder
aroundtheverticalaxis. Throughoutthis paperwe
will only discusstheapproachbasedon a horizon-
tal rotation, all presentedalgorithmscan be used
in the sameway. The differencesbetweenboth
approachesare the orientationof the apex angle
andtheeffectsof dynamicobjectsmoving through
the scene,e.g. persons. Using vertical scanning,
a perturbationeither appearswith low probability
within a few scansmaking them uselessfor fur-
therdataprocessing,or doesnot appearat all. The
firstapproachontheotherhandshowsperturbations
throughoutthewholescene,but thesedatacanstill
beusedfor robotnavigationandobjectdetection.

Due to the flexible setupwe canconnectdiffer-
ent2D laserrangefinders(Schmersal[3], Sick [2]).
This leadsto a wide varietyof scanresolutionsand
scanspeeds(seetab. 1) – the latter also depend-
ing on theusedserialdevice. Theusedlaserrange
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.) 5 cm 1 cm
resolution(rot.) 1� 1�

Table 1: ComparisonbetweenSchmersal[3] and
Sick [2] laserscanner, connectedto two different
serialdevices.

Thegiven setupdeterminesan intrinsic orderof
the acquireddata. The datacoming from the 2D
laserrangefinderis orderedanticlockwise.In addi-
tion the2D scans(scannedplanes)areordereddue
to therotation.

The 3D laser range finder usesonly standard
computerinterfaces. The servomotor is directly
connectedto the parallel port, the 2D laserrange
finderto theserialportandthecamerais connected
to an USB port. Nowadays,every computer(esp.
laptops)doeshavetheseinterfacesandthereforethe
built 3D laserrangefindercanbeusedeasilyonmo-
bile platforms.

Themountandtheservo areinexpensive andno
specialelectronicdevicesareused,so the price of
the whole systemmainly dependson the used2D
laserrangefinder.

Figure2: SchlossBirlinghoven.

Figure 3: 3D scanof SchlossBirlinghoven, scan
time48secwith theschmersalscanneroverRS232.

3 Implementedsoftware modules

3.1 RealTime Linux module

Theservo of thenew 3D laserrangefinder is con-
trolledby acomputerrunningRT-Linux, areal-time



operatingsystemwhich runsLINUX asa taskwith
lowestpriority. Theservomotorexpectsasignalev-
ery 20	 ms, the lengthof the signaldeterminesthe
position of the motor (1 ms = leftmost position,
1.5 ms = middle position,2 ms = rightmostposi-
tion). Thisvery timecritical job hasto bedoneby a
real-timeoperatingsystem,sincea latency of about
10 µs correspondsto a deviation of � 1� . Real-
time Linux hasan averagelatency of about5 µs
(PII-333)andthustherotationcanberealizedwith
anaveragedeviation of 0 � 5� .

3.2 Online algorithms for line detection

While scanning,differentonlinealgorithmsfor line
and surfacedetection(LENCOMP & HOUGH &
LINMER) areappliedto thedata,thusnoextrapro-
cessingtime is needed.Two differentkindsof line
detectionalgorithmshave beentested[9, 10].

Figure4: Line detectionappliedto ascanslice

The first algorithm (LENCOMP) is a sim-
ple straightforward matchingalgorithmrunningin
��

n
 (n thenumberof points),with smallconstants.
Thealgorithmimplementsa simplelengthcompar-
ison. The data of the laser rangefinder (points
a0 � a1 � ����� � an) is orderedanticlockwiseso that one
comparisonperpoint is sufficient. We assumethat
thepointsai � ����� � a j arealreadyon a line. For a j � 1
wehave to checkif

�
ai � a j � 1

�
∑ j

t � i

�
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� � ε
�
j 
�� (1)

To obtainbetterresultsthis algorithmrunson pre-
processeddata. Datapoints locatedclosetogether
arejoinedsothedistancefrom onepoint to thenext

point is almostthesame(reductionfilter). Thispro-
cessminimizesthefluctuationswithin thedataand
reducesthe pointsto be processed.Hencethis al-
gorithmrunsvery fast,but thequalityof thelinesis
limited.

The second line detection algorithm imple-
mentedis the well known Hough Transformation
[11, 12] (seefig. 4). A (ρ � θ) parameterization
of the spaceof lines is used,whereθ is the angle
of the normal to the line andρ the distancealong
this normalfrom theline to theorigin of theimage.
A transformationof every point

�
x � y
 resultsin a

histogram. The maximumof the histogramcorre-
spondsto a line andthenumberof pointsbelonging
to this line is maximal.

Theiterationof thefollowing threestepsreturns
all line segments.

1. find maximum= find straightline andcalcu-
latetheline equationy � a � x � b

2. tagall pointsbelongingto this line
3. remove thesepoints from the histogramand

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

TheHough-Transformationrunsin

��

d � n), with
d thedistanceto the furthestdatapoint. This max-
imum distanceis currentlylimited to 10 m, so that
thetransformationcanbedonein real-time.For in-
doorenvironmentsthis limitation is sufficient.

After line detectionthetransformationof the2D
coordinatesinto 3D coordinatesis done(fig. 5). All
following dataprocessingstepsoperateonthethree
dimensionaldata.

3.3 Surfacedetection

All algorithmsdescribedso far run on 2 dimen-
sional data. After line detectionis donethe data
is convertedinto 3D. Basedon the detectedlines,
the following algorithmLINMER detectssurfaces
in the3-dimensionalscene.

Scanningaplanesurface,theline detectionalgo-
rithm returnsa sequenceof lines in successive 2D
scansapproximatethe shapeof this surface. Now,



Figure5: Composed3D imagefrom line detection
donein 2D planes.

the task is to recognizesuchstructureswithin the
3D datainputandto concatenatetheseindependent
lines to onesingle surface. The surfacedetection
algorithmLINMER proceedsthefollowing steps:

0. The first setof lines – coming from the very
first 2D scan– is stored.

1. Every otherline is beingchecked with theset
of storedlines. If a matchingline is found,
thesetwo linesaretransformedinto a surface.

2. If no suchmatchingline exists, the line may
beanextensionof analreadyfoundsurface.
In this case,thenew line is matchingwith the
top line of a surface.This top line is beingre-
placedby thenew line, resultingin anenlarged
surface(fig. 6).

3. Otherwisethe line is storedas a stand-alone
line in thesetmentionedabove.

To achieve real time capabilities,the algorithm
makes use of the characteristicsof the data as it
comesfrom the rangefinder, i.e. it is theorderby
the scannedplanes. Thereforethe lines aresorted
throughoutthewholescene(with regardto their lo-
cationwithin thevirtual scene)dueto theirinherited
order. Thusanefficient localsearchcanberealized.

Three criteria have to be fulfilled in order to
matchlines: First the anglebetweenthe two lines
hasto besmallerthana givenvalueδ. Secondthe
endpointsof the matchingline must be within an
ε-areaaroundthecorrespondingpointsof thegiven
line (fig. 6). Thefirst constraintisnecessaryfor cor-
rectclassificationof shortlines,sincethey fulfill the

distancecriterionveryeasily. To matchaline with a
surfacethesetwo constraintshave to hold between
thelastline of thesurfaceanthenew line takeninto
account.In additionweapplyathird constraintthat
is thelinehasto lie approximatelyin theplanegiven
by thesurface.

� � �

�

�

� 2

�

�
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Figure6: Expansionof a surfaceby a new line

This step,merelya joining of linesfoundin for-
mer scans,can be doneonline, too, sinceno data
from futurescansis necessary. This meansthatthe
robotor ausergetsmuch3D informationaboutob-
jectsin thesceneryright duringthescan.

4 Post processing

Offline algorithms(POLYGEN & O-SEG)areused
to createa 3D map of the room and to enablea
safenavigation of the robot. Despiteof the prior
algorithms,this steprequiresinformationaboutthe
wholesceneandhasto bedoneafter thescanpro-
cessis finished.

4.1 PolygoncreationPOLYGEN

Thesurfacedetectionroutinescreatessurfacescon-
sistingof lines.Sincethequalityof thelinesis lim-
ited dueto noiseof the scandata,the resultof the
surfacedetectionaresmallsurfaceswhichmayeven
overlap. The taskof polygoncreationis to merge
thesesurfacesto polygons.
Polygondetectionis dividedinto threesteps:

1. First theLENCOMPalgorithm(sec.3.2)uses
theendpointsof all linesof a surfaceto detect
3D edges.This transformsthe line stripsinto
polygons.



2. After it, eachpolygonis projectedform the3D
coordinatespaceinto a2D coordinatespaceof
theplanegivenby thepolygon.

3. Now, thepolygonsaremerged.Sincethepoly-
gons may overlap this step has to createan
overallpolygon.Thealgorithmfrom Vatti [13]
is usedasa polygonclippingalgorithm.
Each polygon can be a single polygon or a
polygon set. Each individual polygon in a
polygonsetmay be convex, concave of self-
intersecting.Clipping is definedasinteraction
of the so calledsubjectpolygonandthe clip-
ping polygon, henceit is also usablefor 2D
Booleanoperations,e.g. union. If two poly-
gonsareapproximatelywithin thesameplane,
thesepolygonsat a timeareclipped.
The polygonsarestripedfrom bottomto top.
Eachstrip is a horizontal(with respectto the
2D polygon coordinatesystem)sweep, that
is an area betweentwo successive horizon-
tal lines from a setof horizontallines drawn
throughall the vertices. During the striping
thelocal maximaandminimaaredetermined,
verticesandintersectionsareclassified.From
this classificationVattis algorithmscomputes
in ourcasetheoverall polygons.
Vattisalgorithmrunsin lineartimein thenum-
berof edgesof thesubjectandclipping poly-
gon. The polygonmerging algorithm is also
usedto merge polygonsfrom different scans
resultingin a completesurfacemodel of the
environment.

As afinal stepthegeneratedpolygons(convex or
concave)aretransformedinto trianglestripsonly to
visualizethemin OPENGL.

Figure7 shows theresultof thepolygonmerging
stepappliedto thescanshown in figure5

4.2 3D-Object segmentation

3D-Object segmentation(O-SEG) is done by se-
quentiallymerging conglomerationsof 3D-points,
3D-linesand3D-surfacesinto one3D-object:

1. Start with onearbitrary element,i.e. a large
3D-surface. This elementis alreadytreated
asa “real” 3D-objectin this stateof thealgo-
rithm.

2. Iterateover thepreviously foundelementsand
check whetherthere are any elements“near
enough”to this object. This “near” constraint
is given by the setup,e.g. oneshouldmerge

Figure7: 3D imageformedof polygons.

only elementscloserthanthesizeof therobot,
sincetherobotcan’t passthroughsuchobjects.

3. If suchan elementis found, the object is en-
largeduntil it enclosesthiselement.

4. Repeatuntil nomoreelementsfit thegivenob-
ject.

During this process,all elementsbelongingto the
objectaremarked. The objectsegmentationalgo-
rithm startsagain,until no more conglomerations
of elementsexists,i.e. until no moreobjectscanbe
foundwithin thescannedscene.

Figure8: Representationof anobject

Theobjectsarecharacterizedby boundingboxes
(cubes)(fig. 8). A boundingbox is givenby 3 or-
thogonallines,correspondingto theaxesof thevir-
tual world coordinatesystem.In addition,eachob-
ject is surroundedby a spherewhich enclosesthe



wholeboundingbox. This sphereis usedto check
very fastwhethera singlepoint is nearenoughto
this objectto be examinedaspart of the bounding
box.

TheO-SEGalgorithmfirst checksif thepoint is
insidethe sphere.This canbe doneby testingthe
euclidiandistance. If the elementpassesthis test,
thealgorithmdetermineswhetherthe point is near
enoughto the actualboundingbox. In this case,
the lines definingthe boundingbox have to be re-
adjustedto enclosethis new point, thespherelike-
wise.

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

5 Visualization

To visualize the data,a viewer program2SHOW
basedon OPENGL wasimplemented.The taskof
this programis the projectionof the 3D sceneto
theimageplane,i.e. themonitor. A graphicaluser
interfaceJ42SHOW (fig. 9) developedwith JAVA

enablesa simpleandeasyway to usethe scanner
application.

Figure9: JAVA userinterface

The viewer programcaneasilybecontrolledby
an extern JAVA panel (fig. 10 & 11). It enables
the userto selectthe elementtypesthat aredrawn
(points, lines, surfacesand objects), to navigate
throughthe3D scene,to useasimpleVCR interface
andto extract further informationaboutthe scene:
clicking on anelementreturnsposition,sizeand–

dependingon the type of the element– data like
numberof pointswithin theobject,etc.

Figure10: Navigationcontrollingpanel.

Figure11: 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 and two different views of the scanned
scene.Thescenewasscannedin 12seconds(schm-
ersalscanner).During the 12 secondsthe 115000
datapointswerereducedto 2596linesand977sur-
faces. The door on the right sideaswell assome
partsof thewallsaredetectedasflat surfaces1. An-
other interestingapplicationis the useof the 3D
laserrangefinderasa bodyscanner(fig. 12).

After thescanningprocess,180polygonsarecre-
atedcontainingonly 1144datapoints. In addition
60objectsaredetectedin 2.5seconds.

1The3D scenecanbeseenathttp://capehorn.gmd.de
:8080/scanner



Figure12: Applicationasbodyscanner.

7 Conclusion

This paperhaspresenteda mobile, low-cost, pre-
ciseand reliablehigh quality 3D sensor. The 3D
laseris built onbaseof anordinary2D rangefinder
andusesonly standardcomputerinterfaces.The3D
scannersensesthe environmentcontact-lesswith-
outthenecessityof settinglandmarks.Thescanres-
olutionfor acomplete3D scanof anareaof 180(h)
� 90 (v) degreeis up to 194400pointsandcanbe
grabbedin 8.1seconds.Theprecisionis mainlyde-
terminedby thelaserscanner( � 1 cm). Low resolu-
tionse.g.180(h) � 90(v) degreewith 16200points
are grabbedin 1.4 seconds.While scanning,dif-
ferentonlinealgorithmsfor 3D-lineand3D-surface
detectionare appliedto the data. 3D-Objectseg-
mentationand detectionare doneoffline after the
scan.

Several productsandapplicationsbenefitsfrom
our 3D laserrangefinder becauseit is light, small
andvery fast:% Autonomousmobile robots. Due to the light

weightof the3D scannerit canbeusedby mo-
bile robotsto survey the environmentsandto
build a precisemap. The robotscanalsode-
tectandavoid complicatedobstaclese.g.over-
hangingobstacleswhich could not be recog-

nized by 2D distancesensors. Furthermore,
all kinds of dockingmaneuverseven in com-
plicatedlocationscanbe doneautonomously
[14].% Control systems. They usesthe 3D informa-
tion from thescannerto detectandclassifyob-
jects. Especiallymachinescanbe supervised
andswitch off if humansarein their working
area(3D zonedefensewith a 3d laserrange
finder).% Facility managementsystems. Facility man-
agementsystemsrequireup-to-dateinforma-
tions of the facilities. Especially a com-
plete digital building model which is contin-
uouslyupdatedis demanded.The3D scanner
mountedon an autonomousmobile robot can
be usedto build and updatedigital building
models. PropertyManagementSystemscan
beusedmoreeffectively andmorecheaply.

Figure13: Exampleof a scannedscene
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