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Abstract— The problem of extracting thr ee-dimensional
structur es fr om data acquired with mobile robots has received
considerableattention over the past years.Robots that are able
to perceive their thr ee-dimensionalenvir onment are envisioned
to more robustly perform tasks lik e navigation, rescue,and
manipulation. In this paper we present an approach that
simultaneously usescolor and range information to cluster 3d
points into planar structur es. Our curr ent system also 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 has beenimplemented 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 approach yields highly accurate resultsalso in comparison
with previous approaches.

I. Intr oduction

To have an accuratethree-dimensionalmodelof the envi-
ronmenthasbeenfound to be an importantpreconditionfor
varioustaskssuchasrescue,manipulationandalsoobstacle
avoidance.Furthermore,three-dimensionalmodelsalsoplay
a crucial role in the computergamesindustry. Over the past
years,the topic of learningthree-dimensionalrepresentations
has received considerableattention including systemsfor
acquiringcity models[1], reconstructionof 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 been used to map color or texture information to
the resulting models[6], [7], [8]. In this paperwe present
an approachto integrate vision and range information to
learnaccurateplanarapproximationsto rangedata.The key
idea of our algorithm is to simultaneouslycluster the 3d
points into planesbasedon both their position and their
color. As a result,our algorithmlearnsmoreaccuratemodels
especiallyin situationsin which planeshave uniform colors.
For scenarios,in which all planeshave the sameaverage
color, our algorithm correspondsto the plane clustering
approachpresentedin our previous work [9].

To realizetheadvantagesof a color-basedplaneextraction
algorithmconsidera situationin which therobotscansa desk
with several coloredobjectson top of it. Without any color
information,the robot will encountera high dataassociation
uncertaintyfor the 3d pointsat the borderbetweenthe table
top andtheobjects.In sucha situation,thecolor information
can reducethe ambiguity in the dataassociationso that the
resultingplaneparametersaremoreaccurate.

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 then in turn
would decreasetheperformanceof theclusteringprocess.To
calibratethe laserand the camera,our systemautomatically
computesthe correspondingparametersby comparing the
imagedatawith the remissionvaluesprovided by the laser
rangescanner.

This paperis organizedasfollows.In thefollowing section
we describeour approachfor clustering data points into
planesusing rangeandcolor information. In SectionIII we
describeour algorithmto calibratethe laserrange�nder and
the camerabasedon color information and the remission
valuesfrom the laser. SectionIV presentsour approachto
extract colored planes from the range data. In Section V
we thenpresentexperimentalresultsobtainedfrom simulated
andreal datasets.

II. Related Work

In the past,cameraswere the main sourceof information
to acquire3D point estimatesby matchingcorrespondences
betweenimages.Nowadays,moreandmoregroupsareusing
rangescannersfor acquiringthree-dimensionalmodels.For
example,rangescannershave beenusedto extract architec-
tural objects,suchasbuildings [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 theseapproachesthe major focus lies on the
questionof dataacquisitionandregistrationof the individual



scans.Color informationis typically mappedonto the result-
ing modelsafter creatingthe three-dimensionalstructures.

To createmodelsseveralscanshave to befused,andhence
thescanningdevice hasto bemoved.Two di� erentscenarios
arepossiblenow: Either thepositionof thescanneris known
and the problem is solved, or the scannerposition has to
beestimated,which is what commonlyis calledregistration.
Therehasbeensomework on incorporatingcolor information
during the registration, such as the color ICP [4] or by
incorporatingilluminanceandgradientinformation[5]. Both
of theseapproachesestimatethe registration from images
only.

In this paper, we proposean approachto extract planar
structuresfrom rangedataby fusing color informationwith
the laserdata.The problemof extractingplanesfrom range
datahaspreviously beenconsideredby Liu et al. [6] aswell
asMartin andThrun [10], who apply the EM algorithmfor
clusteringtherangedatainto planarstructures.This approach
recentlyhasbeenextendedby 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
considerthecolor of the individual datapoints.This way we
canmorereliably distinguishbetweendatapointsbelonging
to a planeand datapoints belongingto objectscloseto the
planarstructure.

To the bestof our knowledge,the problemof integrating
3D laserdatawith color informationduring theextractionof
structurehasnot beenstudiedin depth.Several approaches
usethe camerainformation only for mappingtexturesonto
alreadyextractedmodels [6], [1], [3], [2]. An attempt to
actually combine laser and vision information is the work
carried out by Yoshida and Saito [11] who use texture
information aroundeachscanpoint to selectcorresponding
points for the registrationof two scans.

The algorithm describedin this paper di� ers from the
techniquesdescribedabovein thatit simultaneouslyusesboth
the laser data and the vision for the extraction of planes.
It is an extension of our previous work [9] and uses a
hierarchicalversionof thepopularexpectationmaximization
(EM) algorithm.

III. Calibration

To be able to fuse color information with laser data the
scannerandthecamerahave to becalibratedsimultaneously,
i.e.,wehaveto estimatethemappingof scanpointsto camera
images.Under the assumptionthat h speci�es the vectorof
intrinsic parametersof the camera,the external parameters
we are interestedin are the threeEuler angles' , #, and  
and the translationt = (tx; ty; tz)T .

In principle, thereareseveralwaysto calibratethecamera
andthelaser. Oneapproachmight beto extract featuresfrom
both modalitiesand to estimatethesesix parametersso as

Fig. 1. The intensity values from a cameraimage with the collected
remissiondatasuperimposed.The horizontalscanresolutionwas 1 degree.
The vertical resolutiondependson the speedof the tilting joints and lies
usually around0.2 degrees.Left: Raw estimateshave beenused for the
extrinsic parametersin themappingfunction.We canseethat the remission
valuesdo not matchthe imageintensitiesin many areas.Right: Resultafter
calibration. The errors in the mappinghave beendrastically reduced,for
examplein the region of the black circle.

to best align the extracted features.For example, Perv̈olz
et al. [7] use a checker board to �nd the correspondence
betweenthe cornersin the imageand the 3D position from
the board.Liu andStamos[12] extract lines from remission
scansand the intensity images to match regions. In our
systemwe apply a featurelessapproach.Empirical studies
have shown that the remissionvalue (the strengthof the
re�ected laser-beam,also called re�ectance value) and the
illuminancefrom 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 materialthat re�ects the beam.A
bright, non-re�ecting material may have a lower remission
value thana dark highly re�ecting one.

If we denotethe remissionvalueof a scanpoint as � and
theRGB color vectorof a givenpixel asc = (r; g; b), we can
de�ne the distancebetween� andc as follows:

d(�; c) =
�����
r + g + b

3
� �

����� : (1)

Let f (sn; '; #;  ; t; h) be the non-linearmappingof a scan-
point sn 2 ’ 3 to a point yn 2 ’ 2 in the image plane.The
overall distancebetweenan image I and a completescan
S = f(sn; � n) j n = 1; : : : ; Ng consistingof N scanpoints is
thencalculatedas:

d(I ; S)2 =
NX

n=1

d(� n; I (yn))2; (2)

whereyn = f (sn; '; #;  ; t; h) andI (yn) is the intensityof the
imageat positionyn. In thecasethat yn is outsidethe image
borders,we usetheexpecteddistancebetweenremissionand



intensity values.To minimize (2), we use the Levenberg-
Marquardt method [14], which combinessteepestdescent
with the Newton method.

Sincethecalibrationdoesnot requireany specialobjectsor
specialfeaturesit canbe carriedout for every scan,this way
improving the calibrationparametersover time. As already
mentionedabove, the calibrationmay fail if the correlation
with the illuminanceand the remissionvaluesis not strong
enough.To detectcalibrationfailures,we specifya bounding
box aroundthe currentestimate.If any parametervalue lies
outsidethe allowed interval the calibration is consideredto
have failed and the previous calibrationvaluesareused.

IV. Extra ction of Color Planes

A. TheProbabilistic Model

Supposewe are given a set fsng of N scanpoints. After
calibrationbetweencameraandscannerwecanassignacolor
vectorcn to eachsn. In thefollowing, we will denotethepair
(sn; cn) as the measurementzn. The set of all measurements
will be denotedby Z. The goal now is to cluster these
measurementsinto a set � = f� mgof M planesand,simulta-
neously, to clustertheplanesinto K maindirections� = f� kg.
As in standardEM formulation,we de�ne a setA = f� nmgof
correspondencevariablesbetweenmeasurementsandplanes,
and likewise a set B = f� mkg of correspondencesbetween
planesand main directions.The correspondences� nm and
� mk arerepresentedasbinaryvariables.For example,� nm = 1
meansthat measurementzn is assignedto plane� m.

In addition to the approachpresentedin [9], we assume
in this papera surfacecolor c̄m assignedto eachplane� m.
This meansthat � m is representedas a 3-tuple (nm; dm; c̄m)
consistingof the normal vector nm, the distancedm to the
origin andthecolor c̄m. All threeparameterswill beestimated
during the maximumlikelihoodestimationprocess,together
with themain directions� k. Here,� k is representedasa unit
vector in ’ 3.

In order to calculatethe probability that a measurement
correspondsto a plane,we �rst needto de�ne anappropriate
distancemeasure.In our application,wherecolor information
is addedto planesand scan points, this distancemeasure
consistsof a geometricalpart d1 anda visual part d2:

d1(zn; � m) = sn � nm � dm (3)

d2(zn; � m) = kcn � c̄mk: (4)

If we assumethat both the geometricaland the visual
assignmentsbetweenscanpointsandplanesunderliea Gaus-
sian error with variances� 1 and � 2 respectively, we can
write:

p(zn j � m) = � exp
�
�

1
2

� d1(zn; � m)2

� 2
1

+
d2(zn; � m)2

� 2
2

� �
(5)

Here, � = (2�� 1� 2)� 1 is the normalizationfactor that stems
from the two independentGaussiandistributions. In our

maximumlikelihoodestimationprocessdescribedbelow this
constanthasno in�uence in the maximizationstep,so that
we canneglect it in the following.

If we incorporatethe correspondencevariables� mn, as-
sumingthat they areuniformly distributed,we obtain

p(Z; A j � ) /

exp
�
�

1
2

X

n

X

m

� nm

� d1(zn; � m)2

� 2
2

+
d2(zn; � m)2

� 2
2

� �
: (6)

Similarly, we de�ne a distancemeasured3 betweenplanes
andmain directions

d3(� m; � k) =
q

1 � (nm � � k)2 (7)

andusethis quantityto computetheprobabilityof a set� of
planesandthe correspondencesB for a given set � of main
directionsin the following way:

p(� ; B j � ) / exp
�
�

1
2

X

m

X

k

� mk
d3(� m; � k)2

� 2
3

�
(8)

Again, we assumea Gaussianerror with variance� 3. Using
the independenceof the variables,the joint posteriorcanbe
calculatedas [15]

p(A; B; � ; � ; Z) / p(Z j A; � )p(� j B; � )

/ p(Z; A j � )p(� ; B j � ): (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 step i we take the current estimateof the model
parameters(� [i] ; � [i]) to computea new model(� [i+1]; � [i+1])
that maximizesthe logarithmof the overall likelihood

(� [i+1]; � [i+1]) =

argmax
(� ;� )

EAB[log p(A; B; � ; � ; Z) j � [i] ; � [i] ]: (10)

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

(� [i+1]; � [i+1]) = argmax
(� ;� )

�
X

nm

E[� nm j � [i] ]

0
BBBB@
d1(zn; � m)2

� 2
1

+
d2(zn; � m)2

� 2
2

1
CCCCA

�
X

mk

E[� mk j � [i] ]
d3(� m; � k)2

� 2
3

: (11)

Herewe usedthe fact that the expectationoperatoris linear
andthat it needsto becomputedonly overall possiblevalues
for the hiddenvariables� nm and � mk.



Fig. 2. The mobile robot Zora usedfor the experimentsdescribedin this
paper. Therobot carriesa color CCD cameraandSICK LMS rangescanner
mountedon top of a 4DOF AMTEC arm for �e xible colored3d scanning.

In the E-stepthe expectationsE[� nm j � ] and E[� mk j � ]
needto be computed.Taking into accountthat � nm and � mk

arebinary, we canwrite

E[� nm j � ] = p(� nm j zn; � )

=
p(zn j � nm; � )p(� nm j � )

p(zn j � )

=
exp

�
� 1

2

�
d1(zn;� m)2

� 2
1

+ d2(zn;� m)2

� 2
2

� �

P
j exp

�
� 1

2

�
d1(zn;� m)2

� 2
+ d2(zn;� m)2

� 2
2

� � :

In a similar way we cancalculateE[� mk j � ].
In the M-Step we computethe new model parameters�

and� so that the log likelihoodfunction in Equation(11) is
maximized.To determinethegeometricparameterswe apply
theFletcher-Reevesconjugategradientalgorithm.The visual
parametersarecalculatedasthemeanof thecolor vectorscn

weightedby their assignmentprobabilities.

C. Estimatingthe Model Complexity

To determinetheappropriatenumberM of planesandK of
maindirectionswe apply theBayesianInformationCriterion
(BIC)

BIC = � 2L + (6M + 2K) ln(N): (12)

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

MX

m=1

d1(zn; � m) + d2(zn; � m) (13)

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

Fig. 3. Datarecordedwith themobilerobotZora in a corridorenvironment
at CS Departmentin Freiburg. The whole data set, which consistsof
2,159,137points has been registeredusing the ICP algorithm. Note the
highly accuratecolor labeling of the individual 3d points, which is due
to our calibrationalgorithm.

accounttheplanecolorsin this function.Thus,pointswhose
colordi� ersfrom thatof aneighboringplanearealsoselected
with high likelihood.

V. Experimental Results

The algorithm describedabove has been implemented
and intensively testedusing datacollectedwith our mobile
robot Zora (seeFigure 2). Zora is a B21r robot equipped
with a 4DOF AMTEC manipulatorwhich carries a SICK
LMS range scanner. In addition it carries a camera so
that we can acquire color information for the individual
three-dimensionalrangedata.To carry out the experiments
describedbelow, wereliedonanaccuratecalibrationobtained
with the algorithm presentedin Section III. The goal of
the experimentsdescribedbelow is to demonstratethat our
algorithm can reliably extract planar models from colored
rangedata.We also illustrate that the combinationof range
and color information yields more accurateresultsthan can
beobtainedwith previousapproachesrelying solelyon range
data.

A. RealWorld Experiment

The �rst experiment describedin this section has been
carriedout in a 20m long and2m wide corridor of building
78 at the University of Freiburg. This corridor containsfour
doors,from which oneis blueandtheotherthreeareyellow.
The datasetconsistsof 72 scans,which weretaken at eight
di� erent positionseachapproximately2m 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
thealignmentwe only storedthose3d-pointsfor which color



Fig. 4. Front andback-sideview of the corridor datashown in Figure3.

Fig. 5. Thecorridorafterplaneextraction(front- andback-side).Note that
the doorshave nicely beenextractedalthoughtheir displacementrelative to
the wall is between6 and25cmonly.

informationwasavailable.We furthermoresamplethemodel
down to reduceits complexity.

Figure 3 shows a three-dimensionalvisualizationof the
correspondingdata. In this �gure the view-point of the
cameralies inside the corridor. Two virtual views from the
outsidearedepictedin Figure4. Note that the resultingdata
posehigh challengesfor color-basedplaneextraction.Many
surfacesin this corridor are rathershiny, so that many data
points have wrong colors. For example, there were several
re�ections of doorsandlights in datapointsbelongingto the
�oor , the ceiling, and the walls.

Figure5 depictsthe modelobtainedwith our color-based
plane extraction algorithm. Shown are two side-views cor-
respondingto the two views shown in Figure 4. As can be
seenfrom the�gure thefour doors,whichhaveanindentation
of 6, 14, 23, and 25cm from the four walls, have correctly
been extracted from the range data. Note that this model
shows yellowish planescloseto the blue door. Theseplanes
have beenaddeddue to the re�ections of the yellow door
on the other side of this corridor. Furthermore,our current
algorithm to extract polygonsfrom the data cannothandle

Fig. 6. A blue jacket lying on a desk.Photographof 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� 1 so that EM learns
a model with individual planes for all four doors. In all
our experimentswe could not �nd such a value. Whereas
too small valuesfor � 1 result in a hugenumberof planes,
whereaslargervaluesfor � 1 yield modelswith appropriately
many planes but typically with one or even more doors
missing.

B. QuantitativeComparisonto Non-Color-BasedClustering

The secondexperiment is designedto illustrate that our
color-basedplaneclusteringapproachyields more accurate
resultsthan an approachrelying on rangedataonly. In this
particular experimentwe placeda blue jacket on top of a
deskand generatedone scanwith Zora. The corresponding
situation in combinationwith the acquiredscanis depicted
in Figure 6. Additionally we scannedthe table without the
jacket from which we determinedanaccurateestimateof the
parametersof the table top. The errors in the height of the
planereducesfrom 5.9cmfor the non-color-basedapproach
to 1.3cm.Simultaneouslyour algorithmreducesthe angular
deviation from 4.4 degreesto 3.1 degrees.

C. SimulationExperiments

To evaluatetheperformanceof our algorithmwith respect
to the groundtruth, we createdan arti�cial 3d environment
which allows us to simulatecoloredthree-dimensionalrange
scans.The sceneused for the experiment describedhere
is depictedin Figure 7. It representsa room with several
planarstructuresof di� erentcolors, sizes,and orientations.
The planarstructuresusedfor the quantitative evaluationare
also labeledin this �gure.

TableI shows the angulardeviationsof the planenormals
from the ground truth for eight di� erent planes.Note that
the planes� 2, � 3, and� 5 have not beenfound without taking
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Fig. 7. Arti�cial environmentusedfor simulationexperiments.

TABLE I

Angular deviations 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
estimatesobtainedwith our color-basedapproachwerecloser
to the ground truth. Without the color information the EM
cannotdistinguishbetweendatapointsbelongingto di� erent
objects.For example,the surfaceof the carpetlies slightly
above the �oor . The standardapproachcannot distinguish
betweenthe two point setsand usually clustersthem into a
single plane.Our color-basedalgorithm,however, generates
two di� erentplaneswith moreaccurateparameters.Whereas
theheightof theplanefor the �oor deviatesfrom theground
truth only by 2mm, the error in the height of the plane
correspondingto the carpet is zero. The non-color-based
version,in contrast,generatesonly oneplanewith a distance
of 5mm to both objects. Here the height di� erencewas
determinedas the distanceof the planeto the centerof the
rectanglecorrespondingto the �oor .

VI. Conclusions

In this paperwe presentedan approachto fuse color and
rangeinformationfor theextractionof planarstructuresfrom
three-dimensionaldata. Our approachsimultaneouslytakes
into account the geometric propertiesand the associated
colors of the scan points when clustering the data into
planes.As a resultwe obtainmoreaccurateapproximations
of range data by planes.We also presentedan approach
to automaticallycalibrate the camera-laser-system.This is

achieved by matching the intensitiesin the cameraimage
with the remissioninformationfrom the laserrangescanner.
The improvementof fusing both color and 3D information
to extract plane have been shown in various experiments,
both using real and simulateddata.The resultsshows that
by incorporating color information, more accurateplanar
modelsareobtained,especiallyin situationsin which planes
have small o� setsor when objectsare close to the planar
structures.
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