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Abstract—The problem of extracting three-dimensional
structur esfrom data acquired with mobile robots has received
considerableattention over the past years. Robotsthat are able
to perceive their thr ee-dimensionalervironment are ervisioned
to more robustly perform tasks like navigation, rescue,and
manipulation. In this paper we present an approach that
simultaneously usescolor and range information to cluster 3d
points into planar structures.Our current systemalso is able
to calibrate the camera and the laser based on the remission
valuesprovided by the range scannerand the brightness of the
pixels in the image. It hasbeenimplemented on a mobile robot
equippedwith a manipulator that carries a range scannerand a
camera for acquiring colored range scans.Several experiments
carried out on real data and in simulations demonstrate that
our approachyields highly accurate resultsalso in comparison
with previous approaches.

I. Intr oduction

To have an accuratethree-dimensionanodel of the ervi-
ronmenthasbeenfound to be animportantpreconditionfor
varioustaskssuchasrescuemanipulationand also obstacle
avoidance.Furthermorethree-dimensionamnodelsalso play
a crucial role in the computergamesindustry Over the past
years thetopic of learningthree-dimensionalepresentations
has receved considerableattention including systemsfor
acquiringcity models[1], reconstructiorof piecesof art [2],
or otherobjects[3].

Most of the work presentedso far operatesmainly on
single modalities like cameras[4], [5] or lasers[6], [7]
to acquire 3d data. In combination both modalities have
mostly beenusedto map color or texture information to
the resulting models[6], [7], [8]. In this paperwe present
an approachto integrate vision and range information to
learnaccurateplanarapproximationgo rangedata.The key
idea of our algorithm is to simultaneouslycluster the 3d
points into planesbasedon both their position and their
color. As aresult,our algorithmlearnsmoreaccuratanodels
especiallyin situationsin which planeshave uniform colors.
For scenarios,in which all planeshase the sameaverage
color, our algorithm correspondsto the plane clustering
approachpresentedn our previous work [9].
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To realizethe advantage®f a color-basedlaneextraction
algorithmconsidera situationin which therobotscansa desk
with several colored objectson top of it. Without ary color
information, the robotwill encountem high dataassociation
uncertaintyfor the 3d points at the borderbetweenthe table
top andthe objects.In sucha situation,the color information
canreducethe ambiguity in the dataassociatiorso that the
resultingplaneparametersre more accurate.

In order to achieve the color-basedclustering of range
data into planes,the cameraand the range scannerneed
to be calibrated. Without accuratecalibration, we would
assignwrong colors to the data points which thenin turn
would decreasé¢he performanceof the clusteringprocessTo
calibratethe laserandthe cameraour systemautomatically
computesthe correspondingparametersoy comparingthe
image datawith the remissionvaluesprovided by the laser
rangescanner

This paperis organizedasfollows. In thefollowing section
we describeour approachfor clustering data points into
planesusing rangeand color information. In Sectionlll we
describeour algorithmto calibratethe laserrange nder and
the camerabasedon color information and the remission
valuesfrom the laser SectionlV presentsour approachto
extract colored planesfrom the range data. In SectionV
we thenpresenexperimentakesultsobtainedfrom simulated
andreal datasets.

Il. Related Work

In the past,camerasvere the main sourceof information
to acquire3D point estimatesy matchingcorrespondences
betweerimages Nowadaysmoreandmoregroupsareusing
rangescannerdor acquiringthree-dimensionatmodels.For
example,rangescannersave beenusedto extract architec-
tural objects,suchas buildings [8], indoor environments[7]
andevencities[1]. Additionally, severalauthorshave studied
the problem of creating high-resolutionmodels of pieces
of art like the Michelangelostatue[2] or from excavation
sites[3]. In theseapproacheghe major focus lies on the
guestionof dataacquisitionandregistrationof the individual



scansColor informationis typically mappedonto the result-
ing modelsafter creatingthe three-dimensionastructures.

To createmodelsseveralscanshave to befused,andhence
the scanningdevice hasto be moved. Two di erentscenarios
arepossiblenow: Eitherthe positionof the scanneiis known
and the problemis solved, or the scannerposition has to
be estimatedwhich is what commonlyis calledregistration.
Therehasbeensomework onincorporatingcolorinformation
during the registration, such as the color ICP [4] or by
incorporatingilluminanceandgradientinformation[5]. Both
of theseapproachesstimatethe registration from images
only.

In this paper we proposean approachto extract planar
structuresfrom rangedataby fusing color information with
the laserdata. The problemof extracting planesfrom range
datahaspreviously beenconsideredy Liu et al. [6] aswell
asMartin and Thrun [10], who apply the EM algorithm for
clusteringthe rangedatainto planarstructuresThis approach
recently has beenextendedby Triebel et al. [9] who usea
hierarchicalmodel to additionally considermain directions
of the planes.In the work proposedhere we also use
the hierarchicalmodel for plane extraction but additionally
considerthe color of the individual datapoints. This way we
canmorereliably distinguishbetweendatapoints belonging
to a planeand datapoints belongingto objectscloseto the
planarstructure.

To the bestof our knowledge,the problemof integrating
3D laserdatawith color informationduring the extraction of
structurehas not beenstudiedin depth. Several approaches
usethe camerainformation only for mappingtexturesonto
already extractedmodels [6], [1], [3], [2]. An attemptto
actually combine laser and vision information is the work
carried out by Yoshida and Saito [11] who use texture
information aroundeachscanpoint to selectcorresponding
pointsfor the registrationof two scans.

The algorithm describedin this paperdi ers from the
techniqueslescribedabovein thatit simultaneouslyiseshoth
the laser data and the vision for the extraction of planes.
It is an extension of our previous work [9] and usesa
hierarchicalversionof the popularexpectationmaximization
(EM) algorithm.

I1l. Calibration

To be able to fuse color information with laser datathe
scannemandthe camerahave to be calibratedsimultaneously
i.e.,we have to estimatethe mappingof scanpointsto camera
images.Underthe assumptiorthat h speci es the vector of
intrinsic parameterof the camera,the external parameters
we are interestedin are the three Euler angles' , #, and
andthe translationt = (ty; ty;t,)".

In principle,thereare severalwaysto calibratethe camera
andthelaser Oneapproachmight be to extractfeaturesrom
both modalitiesand to estimatethesesix parametersso as

Fig. 1.  The intensity values from a cameraimage with the collected
remissiondatasuperimposedThe horizontalscanresolutionwas 1 degree.
The vertical resolutiondependson the speedof the tilting joints and lies
usually around 0.2 degrees.Left: Rav estimateshave beenusedfor the
extrinsic parameterén the mappingfunction. We canseethat the remission
valuesdo not matchtheimageintensitiesin mary areasRight: Resultafter
calibration. The errorsin the mappinghave beendrastically reduced,for
examplein the region of the black circle.

to bestalign the extracted features.For example, Pendlz
et al. [7] use a checler boardto nd the correspondence
betweenthe cornersin the imageandthe 3D position from
the board.Liu and Stamog[12] extractlines from remission
scansand the intensity imagesto match regions. In our
systemwe apply a featurelessapproach.Empirical studies
have shavn that the remissionvalue (the strengthof the
re ected laserbeam, also called re ectance value) and the
illuminance from the cameraare correlated.Typically, dark
areastend to give lower remissionvaluesthan bright ones
(see also the work by Lamond and Watson [13]). This
correlation is not strong since the remission values also
dependon the type of the materialthatre ects the beam.A
bright, non-re ecting material may have a lower remission
value thana dark highly re ecting one.

If we denotethe remissionvalue of a scanpointas and
the RGB color vectorof a given pixel asc = (r; g; b), we can
de ne the distancebetween andc asfollows:
r+g+
Let f(sy;"; #; ; t;h) be the non-linearmappingof a scan-
points, 2’ 3 to a pointy, 2’ 2 in the image plane. The
overall distancebetweenan image | and a completescan

dai; o =

then calculatedas:

d(1:S)? = d( n;l (yn)%;

n=1

)

wherey, = f(sy;'; #; ; t;h) andl (yy) is the intensityof the
imageat positionyy. In the casethaty, is outsidethe image
borderswe usethe expecteddistancebetweerremissionand



intensity values. To minimize (2), we use the Levenbeg-
Marquardt method [14], which combinessteepestdescent
with the Newton method.
Sincethecalibrationdoesnotrequireary specialobjectsor
specialfeaturest canbe carriedout for every scan,this way
improving the calibration parameterover time. As already
mentionedabove, the calibrationmay fail if the correlation
with the illuminance and the remissionvaluesis not strong
enough.To detectcalibrationfailures,we specifya bounding
box aroundthe currentestimate If ary parametewaluelies
outsidethe allowed interval the calibrationis consideredo
have failed andthe previous calibrationvaluesare used.

IV. Extra ction of Color Planes

A. The Probabilistic Model

Supposewe are given a setfs,g of N scanpoints. After
calibrationbetweercameraandscannemwe canassignacolor
vectorc, to eachs;,. In thefollowing, we will denotethe pair

(sh; cn) asthe measuementz,. The setof all measurements

will be denotedby Z. The goal now is to cluster these
measurementmto aset =f ngof M planesand,simulta-
neouslyto clusterthe planesinto K maindirections =f g
As in standarcdEM formulation,we de ne asetA=1f ,gof
correspondenceariablesbetweenmeasurementand planes,
and likewise a set B = f g of correspondencebetween
planesand main directions. The correspondences,, and
mk arerepresentedsbinaryvariablesFor example, pm=1
meansthat measuremernt, is assignedo plane .

In addition to the approachpresentedn [9], we assume
in this papera surfacecolor c, assignedo eachplane .
This meansthat |, is representeds a 3-tuple (Nm; dm; Cm)
consistingof the normal vector n,, the distanced, to the
origin andthecolor cy,. All threeparametersvill be estimated
during the maximumlik elihood estimationprocesstogether
with the main directions . Here,  is representedsa unit
vectorin * 3,

In order to calculatethe probability that a measurement

correspondso a plane,we rst needto de ne anappropriate
distancemeasureln our applicationwherecolor information

is addedto planesand scan points, this distancemeasure
consistsof a geometricalpart d; anda visual part dy:

di(zn; m) = S Nm  dm (3)
If we assumethat both the geometricaland the visual

assignmentbetweenscanpointsandplanesunderliea Gaus-
sian error with variances ; and , respectiely, we can

write:
. 1 di(zn; m)?  do(zn; m)?
Pznf m) = ep 3 SR L E G
1 2
Here, = (2 1 ) !is the normalizationfactorthat stems

from the two independentGaussiandistributions. In our

maximumlik elihoodestimationprocesslescribedbelow this
constanthasno in uence in the maximizationstep, so that
we cannegglectit in the following.

If we incorporatethe correspondenceariables n, as-
sumingthatthey are uniformly distributed, we obtain

P(ZAj )X/ «
1 A1(zn; w2 da(zn; m)?
op - 1(n2m) . 2(n2m) ©)
n m 2 2

Similarly, we de ne a distancemeasured; betweenplanes
andmain directions
q

ds(mi ) = 1 (Mm W2 ()

andusethis quantityto computethe probability of aset  of

planesandthe correspondenceB for a givenset of main
directionsin the following way:
. 1 X X d bk 2
(B )1 oep 2 wm
m  k 3

Again, we assumea Gaussiarerror with variance 3. Using

the independencef the variables,the joint posteriorcanbe

calculatedas[15]
PAB; 5 12 [ p(ZiA )p( B )

I p(ZAj )p( ;Bj ) (9)

B. ExpectationMaximization(EM)

To maximize the likelihood of the data Z the EM al-
gorithm is applied. EM iteratively maximizesthe expected
log likelihood of the data and the model. That is, in each
iteration stepi we take the current estimateof the model
parameterg [1; [1) to computea nev model( [+1: [+1))
that maximizesthe logarithmof the overall likelihood

( [i+1] [i+l]) —

agmaxEasllog p(AB; ; :2)] ;e o)

If we insert(6) and(8) into (9) andthe resultinto (10) we
obtain

( [i+1]; [i+1]) = amgmax
(n)

X Y R

E[ omj ] %1(%,2 m” . dz(Zn,2 m) é
nm 1 2

i O3 mr K)?

E ] m]B(m—zk); (11)

mk 3

Here we usedthe fact that the expectationoperatoris linear
andthatit needso be computedonly over all possiblevalues
for the hiddenvariables nm and .



Fig. 2. The mobile robot Zora usedfor the experimentsdescribedn this
paper Therobot carriesa color CCD cameraand SICK LMS rangescanner
mountedon top of a 4ADOF AMTEC armfor e xible colored3d scanning.

In the E-stepthe expectationsE[ nmj ] andE[ mkj 1]
needto be computed.Taking into accountthat ,, and
arebinary, we canwrite

E[ mj 1 = p( nmjzn; )
- P(Za] nm )P( nm] )
P(zaj )

. 2 . 2
exp :_ZL dl(zn%m) + dZ(anm)

jop L Gleiol dz(zn;g n)?
In a similar way we can calculateE[ mxj ]

In the M-Step we computethe new model parameters
and sothatthelog likelihoodfunctionin Equation(11) is
maximized.To determinethe geometricparametersve apply
the FletcherReevesconjugategradientalgorithm. The visual
parametersre calculatedasthe meanof the color vectorsc,

weightedby their assignmenprobabilities.

C. Estimatingthe Model Compleity

To determinghe appropriatenumberM of planesandK of
main directionswe apply the Bayesianinformation Criterion
(BIC)

BIC =

2L + (6M + 2K) In(N): (12)

Here L is the logarithm of the overall likelihood. The goal
is to nd a model with the smallestBIC value. Whene&er
we introducea new plane,we draw a point from Z, with a
probability proportionalto the averagedistance

ol
d1(zn; m) + da(zn; m)

m=1
from the current model. Thus, points which do not have
proper explanation accordingto the current model are se-
lected with higher probability. Note that we also take into

(13)

Fig. 3. Datarecordedwith the mobilerobotZorain a corridor ervironment
at CS Departmentin Freiturg. The whole data set, which consists of
2,159,137points has been registered using the ICP algorithm. Note the
highly accuratecolor labeling of the individual 3d points, which is due
to our calibrationalgorithm.

accountthe planecolorsin this function. Thus,pointswhose
colordi ersfrom thatof aneighboringplanearealsoselected
with high likelihood.

V. Experimenal Resuts

The algorithm describedabove has been implemented
and intensvely testedusing data collectedwith our mobile
robot Zora (see Figure 2). Zora is a B21r robot equipped
with a 4DOF AMTEC manipulatorwhich carriesa SICK
LMS range scanner In addition it carries a cameraso
that we can acquire color information for the individual
three-dimensionatangedata. To carry out the experiments
describedelown, wereliedonanaccuratecalibrationobtained
with the algorithm presentedin Section Ill. The goal of
the experimentsdescribedbelow is to demonstratehat our
algorithm can reliably extract planar modelsfrom colored
rangedata.We alsoillustrate that the combinationof range
and color information yields more accurateresultsthan can
be obtainedwith previousapproacheselying solelyon range
data.

A. RealWorld Experiment

The rst experimentdescribedin this section has been
carriedout in a 20m long and 2m wide corridor of building
78 at the University of Freilburg. This corridor containsfour
doors,from which oneis blue andthe otherthreeareyellow.
The datasetconsistsof 72 scanswhich weretaken at eight
di erentpositionseachapproximately2m apart. The need
for taking 9 scansat each position is due to the limited
openingangle camera.To register the individual scanswe
appliedthe iterative closestpoint (ICP) [16] algorithm. After
the alignmentwe only storedthose3d-pointsfor which color



Fig. 4. Frontandback-sideview of the corridor datashawn in Figure 3.

Fig. 5. Thecorridorafter planeextraction (front- and back-side) Note that
the doorshave nicely beenextractedalthoughtheir displacementelative to
the wall is between6é and 25cmonly.

informationwasavailable.We furthermoresamplethe model
down to reduceits complexity.

Figure 3 shows a three-dimensionaVisualization of the
correspondingdata. In this gure the view-point of the
cameralies inside the corridor. Two virtual views from the
outsidearedepictedin Figure 4. Note that the resultingdata
posehigh challengedor color-basedplaneextraction. Many
surfacesin this corridor are rather shiry, so that mary data
points have wrong colors. For example, there were several
re ections of doorsandlights in datapointsbelongingto the
oor, the ceiling, andthe walls.

Figure 5 depictsthe model obtainedwith our color-based
plane extraction algorithm. Shovn are two side-vievs cor-
respondingto the two views shavn in Figure 4. As canbe
seenfrom the gure thefour doors,which have anindentation
of 6, 14, 23, and 25cm from the four walls, have correctly
been extracted from the range data. Note that this model
shaws yellowish planescloseto the blue door. Theseplanes
have beenaddeddue to the re ections of the yellow door
on the other side of this corridor. Furthermoreour current
algorithmto extract polygonsfrom the data cannothandle

Fig. 6. A bluejacket lying on a desk.Photograptof the scene(left) and
3D scanacquiredwith Zora (right)

holesin surfacesso that the roundwindows in the doorsare
not visible in the resultingmodel.

We additionally carried out a seriesof experimentswith
a plane clusteringalgorithm that doesnot utilize the color
information. Therebywe tried to identify the optimal value
for the geometricvarianceparameter ; so that EM learns
a model with individual planesfor all four doors. In all
our experimentswe could not nd sucha value. Whereas
too small valuesfor ; resultin a huge numberof planes,
whereadargervaluesfor 1 yield modelswith appropriately
mary planesbut typically with one or even more doors
missing.

B. QuantitativeComparisonto Non-ColorBasedClustering

The secondexperimentis designedto illustrate that our
color-basedplane clusteringapproachyields more accurate
resultsthan an approachrelying on rangedataonly. In this
particular experimentwe placeda blue jacket on top of a
deskand generatecbne scanwith Zora. The corresponding
situationin combinationwith the acquiredscanis depicted
in Figure 6. Additionally we scannecdthe table without the
jacket from which we determinedan accuratesstimateof the
parameterf the table top. The errorsin the height of the
planereducesfrom 5.9cmfor the non-colorbasedapproach
to 1.3cm. Simultaneoushour algorithm reducesthe angular
deviation from 4.4 degreesto 3.1 degrees.

C. SimulationExperiments

To evaluatethe performanceof our algorithmwith respect
to the groundtruth, we createdan arti cial 3d ervironment
which allows usto simulatecoloredthree-dimensionalange
scans.The sceneused for the experiment describedhere
is depictedin Figure 7. It representsa room with several
planar structuresof di erentcolors, sizes,and orientations.
The planarstructuresusedfor the quantitatve evaluationare
alsolabeledin this gure.

Tablel shavs the angulardeviationsof the planenormals
from the ground truth for eight di erent planes.Note that
theplanes », 3, and s have not beenfound without taking



Fig. 7. Articial ervironmentusedfor simulationexperiments.

TABLE |
Angular devidions fr omthe groundtr uth in degrees

Plane | non-colorbased | color based
1 1.97 0.25
2 — 0.54
3 — 0.49
4 0.13 0.11
5 — 0.12
6 0.15 0.08
7 0.28 0.25
8 0.22 0.06

into accountthe color information. For all other planesthe
estimate®btainedwith our color-basedapproachwerecloser
to the ground truth. Without the color information the EM
cannotdistinguishbetweendatapointsbelongingto di erent
objects.For example, the surface of the carpetlies slightly
above the oor. The standardapproachcannotdistinguish
betweenthe two point setsand usually clusterstheminto a
single plane.Our color-basedalgorithm, however, generates
two di erentplaneswith moreaccurategparametersWhereas
the heightof the planefor the oor deviatesfrom the ground
truth only by 2mm, the error in the height of the plane
correspondingto the carpetis zero. The non-colorbased
version,in contrastgenerate®nly oneplanewith a distance
of 5mm to both objects. Here the height di erencewas
determinedas the distanceof the planeto the centerof the
rectanglecorrespondingo the oor.

VI. Conclusions

In this paperwe presentedan approachto fuse color and
rangeinformationfor the extractionof planarstructuresrom
three-dimensionatiata. Our approachsimultaneouslytakes
into accountthe geometric propertiesand the associated
colors of the scan points when clustering the data into
planes.As a resultwe obtain more accurateapproximations
of range data by planes.We also presentedan approach
to automatically calibrate the camera-lasesystem.This is

achiezed by matchingthe intensitiesin the cameraimage
with the remissioninformationfrom the laserrangescanner
The improvementof fusing both color and 3D information
to extract plane have beenshavn in various experiments,
both using real and simulateddata. The resultsshaws that
by incorporating color information, more accurateplanar
modelsare obtained especiallyin situationsin which planes
have small o setsor when objectsare close to the planar
structures.
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