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Abstract

Thispaperpresentsa novelobjectrecognitionapproach
basedon range images.Dueto its insensitivityto illumina-
tion, rangedatais well suitedfor reliablesilhouetteextrac-
tion. Silhouetteor contourdescriptionsaregoodsourcesof
informationfor objectrecognition. We proposea complete
objectrecognitionsystem,basedona 3D laserscanner, re-
liable contourextraction with �oor interpretation, feature
extraction usinga new, fast Eigen-CSSmethod,and a su-
pervisedlearning algorithm. The recognition systemwas
successfullytestedon range imagesacquiredwith a mobile
robot,andtheresultsarecomparedto standard techniques,
i.e., Geometricfeatures,Hu andZernikemoments,theBor-
der Signature methodandtheAngularRadialTransforma-
tion. An evaluationusingthereceiveroperatingcharacter-
istic analysiscompletesthis paper. TheEigen-CSSmethod
hasprovedto be comparable in detectionperformanceto
thetopcompetitors,yetfasterthanthebestonebyanorder
of magnitudein featureextractiontime.

1. Intr oduction

A basicpartof perceptionis to learn,detectandrecog-
nize objects,which hasto be donewith limited resources.
Especiallyin mobileroboticsthereisaneedfor onlinecapa-
ble objectdetectionandenvironmentinterpretation.Mean-
ing becomesinevitable if the robot hasto interactwith its
environment. The robot is then able to reasonabout the
objects;its knowledgebecomesinspectableandcommuni-
cable.

A wide variety of techniquesfor objectdetectionhave
been developed. They can be classi�ed into template
matching,featurematchingandappearancebasedmethods.
Contour-basedalgorithmshave beenof particularinterest
sincethe middle of the last century, resultingin a multi-
plicity of availablemethods,e.g.,moment,ART andCSS
basedmethods,as well as Fourier descriptors. However,

contourextractionhasto copewith inherentproblemsorig-
inatingmainly from changinglighting conditionsandenvi-
ronmenttexturingwhenappliedto realimages.Usingdepth
imagesavoids theseproblemsbut introducesother chal-
lenges,e.g., the reliablegenerationof rangeimages. The
segmentationof objectsin naturalenvironmentsis simpli-
�ed by usingrangeimages,sincethey aredistinguishable
if f the spatialdistancebetweenobject and backgroundis
suf�ciently high. The contourextraction of objectsfrom
rangeimagesis relatively simple becausescanpoints be-
longing to the sameobject show smoothchangesin their
distancevalues. At objectborders,discontinuitiesemerge
thatcauseanedgein therangeimagethat in turn is identi-
�ed by segmentationalgorithms.Nevertheless,all standing
objectscannoteasilybeseparatedfrom �oor . Weovercome
this problemby introducinga novel techniqueto identify
thegroundbasedon local gradients.Contouror silhouette
basedobjectrecognitionin rangeimagesis view dependent.
Hence,view invariantrecognitionis reachedby generating
several object views from the original objectand training
differentclassi�ers.

Thispaperpresentsacompleteobjectrecognitionsystem
for mobilerobots.Thesystemconsistsof four majorparts:
First,areliable,cost-effective3D laserrange�nder for gen-
eratingrangeimages.Second,contourextractionbasedon
adaptive thresholdingcombinedwith �oor detectionand
morphologicalopening. Third, feature extraction using
a new Eigen-CurvatureScaleSpace(Eigen-CSS)method.
Herebywe extendthemethodproposedby Drew, Leeand
Rova [8] by generatingseveral Eigen-spaces.Fourth, the
classi�cation usingsupportvectormachines(SVMs) with
differentkernels.

To providesomebackgroundfor assessingthequalityof
theEigen-CSSmethod,this paperevaluatescontourbased
objectrecognitionin rangeimageswith standardmethods,
namely, geometricfeatures,Hu andZernike moments,An-
gularRadialTransformations(ART) andtheBorderSigna-
ture method. In the following paragraphwe give a sketch
of thestateof theart in objectrecognitionin rangeimages,



focusingon contourrecognition. Section2 describesthe
contourextraction, followed by the featureextractionand
a brief descriptionof SVMs. Theexperimentalresultsand
comparisonswith the referencemethodsaregiven in sec-
tion 5. Section6 concludes.

1.1. State of the Art

CampbellandFlynn review objectdetectionalgorithms
in rangeimagesandclassifytheminto threeapproaches[6]:
appearance-basedrecognition,recognitionfrom 2D silhou-
ettes,andfreeform objectrecognition:

Appearance-basedrecognitionrepresentstheobjectin a
highdimensionalspaceandusesprincipalcomponentanal-
ysis on a set of training imagedataThis recognitionap-
proachhasalreadybeentestedon rangeimages(yielding
theso-calledeigenshapes)[5].

Accordingto CampbellandFlynnandto ourknowledge,
recognitionfrom 2D silhouettesextractedfrom rangeim-
ageshasnot beenrealizedbefore. However, shaperecog-
nition in imagesis well researchedfor the pastdecades.
A wide rangeof contour describingfeaturesdoesexist,
commontechniquesbeingFourierdescriptors[7], moments
[10], geometricfeatures,and contour functions. Beside
thesefeatures,the Angular Radial Transformation(ART)
[3] asa regionbased,andtheCurvatureScaleSpace(CSS)
[13] as a contourbasedfeatureextractionmethodare of-
tenused;dueto their goodperformance,they arestandard-
ized in the MPEG-7 multimediacontentdescriptionlan-
guage[3].

Most of the work has beendone in the areaof free
form objectrecognitionandclassi�cationin 3D rangedata.
JohnsonandHebertusethewell-known ICP algorithm[2]
for registering3D shapesinto a commoncoordinatesys-
tem[11]. Thenecessaryinitial guessof theICPalgorithmis
doneby detectingtheobjectwith spinimages[11]. Besides
spin images,several surfacerepresentationschemesarein
usefor computingan initial alignment.SteinandMedioni
presentedthe notion of “splash” to representthe normals
alonga geodesiccircle of a centerpoint, which is thelocal
Gaussmapfor 3D objectrecognitionwith a database[14].
Ashrock et al. have proposeda pairwise geometrichis-
togramto �nd correspondingfacetsbetweentwo surfaces
thatarerepresentedby trianglemeshes[1]. Harmonicmaps
andtheir usein surfacematchinghave beenusedby Zhang
andHebert[19]. Recently, Sunandcolleagueshave sug-
gestedso-called“point �ngerprints”: They computeasetof
2D curvesthatareprojectionsof geodesiccirclesonto the
tangentplaneandcomputesimilaritiesbetweenthem[15].
All theseapproachestakethelocalgeometryof thesurfaces
into account,i.e.,meshes.

Figure 1. Left: The 3D laser scanner is built
of 2D laser scanner and a servo motor step-
rotating the scanner . Right: Mounted on the
robot Kur t3D.

1.2 Range Image Generation

The dataacquisitionin our experimentswasperformed
with the AIS 3D laserrange�nder (Fig. 1) [16] mounted
on theautonomousmobile robot Kurt3D. It is built on the
basisof a 2D range�nder by extensionwith a mountand
a small servomotorstep-rotatingthescannerarounda hor-
izontalaxis. Theareaof 180� (h)� 120� (v) is scannedwith
differenthorizontal(181, 361, 721 pts) andvertical (250,
500pts)resolutions.Thedepthinformationof the3D data
is visualizedasa gray-scaleimage: eachscanpoint is as-
signedwith a gray value, accordingto its distanceto the
scannerposition,

Afterwardsa rangeimageis renderedundera speci�c
view. Since the range image's resolution is in general
greaterthanthescanner's,theprograminterpolatesbetween
thescanpoints' grayvaluesto assigna grayvalueto each
pixel. A resultingrangeimageis shown in Fig. 4 (left).

2 Contour Extraction

Whensegmentingthe resultingrangeimage,a problem
ariseswith objectsstandingon the �oor . For example,the
feetof ahumanhavethesamegrayvalue,i.e.,distanceval-
ues,asthe�oor at thepoint heis standingon. Thefeetand
the�oor form only acreaseedge,no jumpedge.Thisprob-
lemis solvedby segmentingthe�oor in therangedataprior
to generatingtherangeimage:

Basedon the idea of Wulf et al. [18] we designedan
algorithm for labelling �oor points in 3D scans. This is
doneby computingthe gradientbetweena point pi;j =
(� i ; r i;j ; zi;j ), givenin acylindrical coordinatesystem,and
its nearestneighborwithin theverticalsweepplane,i.e., a
searchregion around� i , accordingto the following equa-



Figure 2. Cascade for contour extraction. From left to right: (1) Scanned scene as point cloud. (2)
Point cloud with remo ved �oor points. (3) Generated rang e image without interpolation at jump
edges. (4) Binariz ed image using adaptive thresholding. (5) Morphological opening of the image. (6)
Final contour representation.

tion (cf. Fig. 3):

� i;j = arctan
�

zi;j � zi;j � k

r i;j � r i;j � k

�

with

�
1
2

� � � i;j <
3
2

� :

In comparisonwith a�x edthreshold� (here:� = 20� ) each
3D point is assignedto oneof thesethreegroups:

1. � i;j < � : pi;j is agroundpoint

2. � � � i;j � � � � : pi;j is anobjectpoint

3. � � � < � i;j : pi;j is aceilingpoint

This labelling proved to be robust againstuneven and
non-horizontalgroundandagainstdatajitter.

In order to enhancesegmentationof objects against
their background,we skip the interpolationasdescribedin
Sec.1.2 if the rangedifferencebetweentwo neighboring
pointsis abovea�x edthreshold.Thismethodyieldsarange
imagein which eachobjectthathasa suf�cient distanceto
its backgroundis enclosedby ablackcontour. Fig. 4 (right)
showstheresult.

The actualcontourextraction is doneafter applying a
binarization�lter with anadaptivethreshold[12]. Eachim-
agepixel is setto 1 or 0 in comparisonwith alocalthreshold
computedwith respectto the local neighborhood.In areas
with homogeneouslydistributedgrayvalues,this threshold
is closeto the pixel's grey value, leadingto a randomas-
signmentof 1 or 0. Therefore,thelocal,adaptive threshold
is combinedwith a global thresholdthat is subtractedfrom
the centerpixel beforecomparison. The resultingbinary
imagetypically containsmany small structures,leadingto
a largenumberof contoursanda slow objectdetectionsys-
tem. We overcomethis problemby convolving the image
with thenonlinear�lter “morphologicalopening”,resulting

in animagewithoutsmallstructures.As anadditionalbene-
�t, structuresgetseparatedthatareconnectedonly by afew
pixels. Finally, contoursare extractedfrom the binarized
imageusinga contourfollowing algorithm. Fig. 2 shows
theoverall imagecontourextractionprocess.

3 Feature Extraction

Here we present the Eigen-CSS feature extraction
methodto describea contour. This methodimprovesthe
originalCSSmethodbyMokhtarian[8,13]. TheCSSrepre-
sentationinterpretsthecontourasacurvedependingon the
parameteru. Thecurveis repeatedlysmoothedby convolu-
tion with agaussfunction(
 g(u; � )) of increasingstandard
deviation � . In eachiterationstepthecurvature,depending
on � , is computedaccordingto thefollowing equation:

� (u; � ) =
X u (u; � )Yuu (u; � ) � X uu (u; � )Yu (u; � )

(X u (u; � )2 + Yu (u; � )2)1:5

with

X u (u; � ) =
@

@u
(x(u) 
 g(u; � )) = x(u) 
 gu (u; � )

X uu (u; � ) =
@2

@u2 (x(u) 
 g(u; � )) = x(u) 
 guu (u; � ):

Yu (u; � ) and Yuu (u; � ) are de�ned analogously. The
CSSrepresentationis obtainedby plotting the solutionof
� (u; � ) = 0, usingthecurveparameteru asordinateand�
asabscissa,asshown in Fig. 5 (top).

Themainproblemwith featureextractionfrom theCSS
representationis that a rotatedcontourcausesa horizon-
tally shifted representation.To solve this problemDrew,
LeeandRova proposedin 2005theEigen-CSSfeatureex-
tractionmethod[8], consistingof threesimpletechniques:
marginal-sums,phasecorrelationand singular value de-
composition.The�rst two areusedto solve theshift prob-
lem, thelatteroneis usedto maptherotationinvariantfea-
turevectorinto its eigenspace.



The marginal-sumsareusedto transferthe CSSrepre-
sentationinto a rotationinvariantcolumn-sumvectorc and
a rotationsensitive row-sumvectorr . The rotationinvari-
anceof r is obtainedby usingphasecorrelation,i.e., con-
vertingthevectorto thefrequency domain,calculatingthe
magnitudeasa functionof frequency, andtransformingthe
resultsbackto thespatialdomain,accordingto

~r = jF � 1(jF (r )j)j:

The rotation invariant row- and column-sumvectorsare
combinedinto a contour describingfeaturevector x (cf.
Fig. 5) by x = [~rc]T . The featurevectorx is mappedin
its eigenspaceusingthefollowing procedure:

1. Determinethefeaturevectorx for a �x ednumbern of
examples(from oneobjectclass).

2. Subtractfrom eachvectorx its meanvalue�x.

3. Constructa matrixX as

X = [x1 � �x1; x2 � �x2; : : : ; xn � �xn ]:

Eachvectorx normalizedby its meancorrespondsto a
columnin thematrix X.

4. ExecuteSingularValueDecomposition(SVD) on X,
i.e.,

X = UWVT

5. Reducethe matrix U to the columnsj , whosecorre-
spondingsingularvalueswj areunequalto zero.

6. Form the eigenspacefrom the columnvectorsof the
reducedmatrix U.

7. Project x in its eigenspacethrough a multiplication
with thetransposedmatrix U, i.e.,

u = UT x :

z

floor points

points
object

ceiling points
y

Figure 3. Left: 3D scan planes due to the ro-
tation of the 2D laser rang e �nder (tilt around
horizontal axis) vs. 3D sweep planes (turn
around ver tical axis). Right: Interpretation
example , based on scan points of one ver-
tical sweep plane .

Figure 4. Left: Range image generated with
all 3D scan points. Right: Range image
with remo ved ground points and without gray
value interpolation at rang e jumps.

Figure 5. Construction of the Eigen-CSS fea-
ture vector .

In contrastto themethodproposedin [8] our algorithm
doesnotgroupphasecorrelatedfeaturevectorsfrom differ-
entobjectclassesin onematrix X. Thus,we usea matrix
that consistsonly of featurevectorsfrom oneobjectclass,
andeveryobjecthasits own eigenspaceandmatrixU.

Following theresultsin [8], westarttheEigen-CSSpro-
cedurewith asmoothedversionof theCSSobjectrepresen-
tation, usinga standarddeviation � = 5. This eliminates
small peaksin the CSSrepresentation.To ensurethat all
featurevectorshave a constantlengthfor thecontours,the
procedurealsostartswith anormalizedcontour, i.e.,a �x ed
parameterlengthis used(u = 100). This normalizationaf-
fectstheordinate.The abscissahasto benormalized,too,
sincedifferentcontoursyield differentcurvaturesresulting
in variableheightsof the representations.For this normal-
izationtheabscissain eachCSSrepresentationis paddedto
100,beforecomputingthemarginalsumvectors.



4 Object Learning and Classi�cation

Object learningandclassi�cationusingthe constructed
feature vectors is done with Support Vector Machines
(SVMs). SVMs aresupervisedlearningmethodsusedfor
classi�cationandregression.Whenusedfor classi�cation,
theSVM algorithmcreatesa hyperplanethat separatesthe
data into two classeswith the maximummargin. Given
trainingexampleslabelledeither“yes” or “no”, amaximum
margin hyperplaneis identi�ed whichsplitsthetwo regions
suchthatthedistancebetweenthehyperplaneandthesup-
port vectors(themargin) is maximized.Theparametersof
thehyperplanearederivedby solvinga quadraticprogram-
mingoptimizationproblem.

The original hyperplanealgorithm, restrictedto linear
classi�cation problemsonly, was augmentedby Boseret
al. to allow non-linearclassi�cationby applyingthekernel
trick [4]: Replacingevery dot productby a non-linearker-
nelfunctionallowsthealgorithmto �t themaximummargin
hyperplanein the transformedfeaturespaceandleadsto a
non-linearseparationof thedatain theoriginal inputspace.
Ouralgorithmusesthreedifferentkernelfunctions,namely,
a radialkernelfunction(here:� = 1):

k(x; x) = exp
�

jjx � x0jj
2�

�
; (1)

apolynomialkernel(here:d = 2)

k(x; x) = (x � x0)d (2)

anda linearkernel

k(x; x) = x � x0: (3)

5 Experimental Results

Resultsof our proposedclassi�cationsystemareshown
in Fig.6. Ourmethodis evaluatedagainstthefollowing � ve
standardmethods:geometricfeatures,Hu [10] andZernike
moments[17], theAngular RadialTransformation[3] and
theBorderSignaturealgorithm.

Geometric featureswith Hu moments: The 13 dimen-
sional vector consistsof 6 geometricfeatures:area-
perimeterratio, aspectratio, rectangularity, eccentric-
ity, orientationandradii ratio. Thesefeaturesarecom-
binedwith 7 Hu momentsto a featurevector.

Zernike moments: Zernike moments map the contour
onto the unit circle usingorthogonalZernike polyno-
mials. We computethe �rst 42 invariantZernike mo-
ments.

Figure 6. Example scenes with detected ob-
jects (human & robot Kur t3D). The 4th picture
sho ws a false detection of a wrongl y recog-
nized human above the table. See the text for
explanations.

Angular Radial Transformation: The ART is a region
orientatedfeature. Due to its performanceit is stan-
dardizedin theMPEG-7language.Like Zernike mo-
ments,it mapsthecontourontotheunit circle,but uses
simplerbasisfunctions.Likeproposedin theMPEG-7
standard,we compute36 coef�cients usingthe�rst to
normalizetheothers.

As an alternative to the ART asde�ned in MPEG-7,
orthogonalARTs that featureorthogonalradial com-
ponentsareevaluatedin this paper, too.

Border Signature: The BorderSignaturemethoddivides
theareaenclosedby thecontourinto radialsegments,
whosecommonorigin is thecontour's centerof grav-
ity. Thefeatureis thecontourpointsaveragedistance
in eachsegment.Thesedistancesarenormalizedover
the whole contourarea. We use32 segmentswhich
lead to the samenumberof contourdescribingfea-
tures.

Eigen-CSS: Thefeaturevectoris theEigen-CSSvectoras
describedabove. We do not truncatethe matrix U,
thereforegaininga200dimensionalfeaturevector.

The different feature vectors are classi�ed using an
SVM. To comparethe classi�er's performancewe usethe
receiveroperatingcharacteristics(ROC)Analysis[9].
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Figure 7. ROC cur ves for three classi�er s
trained with linear , radial and pol ynomial ker-
nel.

In thetrainingphase,testscansaretakenfrom eachob-
ject. We generatethreerangeimagesfrom eachscanun-
der differentviews. Afterwardsevery rangeimageis seg-
mented,thenstoredaspositive examplein caseof correct
segmentation.Eachclassi�erwastrainedusing200positive
and700negativeexamples.

For performanceevaluation,we take testscansfor each
object with 100 positive and about1800 negative exam-
ples. Only one rangeimageis generatedfrom one scan.
We markthepositive contoursin therangeimage,thenap-
ply thecorrespondingclassi�ersandcountthetruepositive
(tp), falsepositive (f p), true negative (tn ) andfalsenega-
tive (f n) classi�cations.TheROC metricsTP andFPrate
arecalculatedaccordingto

TP rate=
tp

tp + f n
FPrate=

f p
f p + tn

:

Afterwardswe producea ROC curve for eachclassi�er
to determinethe bestkernel for the respective featureex-
tractionmethod.Theperformanceis measuredby theAUC
metric,i.e., theareabelow theROCcurve(cf. Fig. 7).

Table1 showstheresultsfor ahumanstandingfrontal to
thescannerwith the legs apart. For this setup,orthogonal
ART providesthebestclassi�cationresults,beingfollowed
closelyby themethodsc2 – c5, while c1, usinggeometric
features,shows signi�cant drawbacks. Note the extensive
differencesin computationtime. Combiningtheclassi�ers
c1 – c6, as donefor classi�er c7, proved to be not prof-
itable,dueto thedominatinghigh performanceof theART
method.Thecombinationis donelike a classi�er voting as
follows:

1. Apply eachclassi�er to thecurrentcontour. Theresult
is anumberthatencodesthedegreeof membershipfor
theobjectclass.
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Figure 8. AUC value depending on the num-
ber of basis vector s. Each point in this graph
belongs to a diff erent classi�er . Solid line:
Using 200 positive and 700 negative exam-
ples for training the SVMs and all 200 posi-
tive have been used to create the eigenspace .
Dotted line: 200 positive and 700 negative ex-
amples for training the SVMs and 100 posi-
tive have been used to create the eigenspace .

2. In caseof positive classi�cationaddthe resultof the
SVM for thecontours.In caseof negativesubtractthe
result.

3. After all classi�erswereappliedto thecontour, assign
the contourto the membershipclasswith the highest
overall value.

Thecomputingtime for this combinationis thesumof the
computingtimesfor eachclassi�er. However, addingfur-
therobjectsonly increasesthecomputationaltime slightly,
sincethe featurevectorshave alreadybeenextracted.The
computationaltimesof thenon-combinedmethodsaswell
astheir classi�cationresultsareshown in table2.

In addition to the classi�er's performance,the Eigen-
CSSalgorithmhasbeenevaluatedin termsof the number
of eigenvectors. 200 classi�ers, i.e., SVMs, using again
200positiveand700negativeexampleswerelearned,each
of theseclassi�ersusesa differentnumberof basisvectors.
Thus, the numberof basisvectorsfor matrix U wastrun-
catedto valuesbetween1 and200(cf. step5 onpage4). We
have computedtheROC curve for eachclassi�er andhave
determinedtheaccordingAUC value.Fig. 8 shows thethe
resultingAUC curve. Theperformanceincreasesvery fast
between5 and20 basisvectors.From20 to 100basisvec-
tors thereis only a slight improvement.Between100 and
150basisvectorsthereis anotherincreaseof performance
from 0.85to 0.98,followedby aconstantperformance.

Thedottedline in Fig. 8 representsclassi�ersfor which
the matrix X is the concatenationof a reducednumberof



Table 1. Classi�cation perf ormance of the classi�er s using diff erent contour describing features; c7
is the classi�er combined from c1 – c6. Each classi�er was trained with 200 positive and 700 negative
examples, the best SVM has been selected. The stated time is the duration needed to classify one
contour on a standar d Pentium-IV -3000.

extractedfeature c1 c2 c3 c4 c5 c6 c7

geometricfeatures1 � – – – – – �
Hu moments 7 – – – – – 7
Zernikemoments – 42 – – – – 42
CSS – – � – – – �
U matrix examples – – 200 – – – 200
numberof basisvectors – – 200 – – – 200
Bordersignature – – – 32 – – 32
ART – – – – 35 – 35
ortho.ART – – – – – 35 35

time [ms] 7 187 4 0.4 32 32 � 2

optimalkernel poly. poly. lin. rad. poly. rad. (comb.)
optimalthreshold 0.98 0.15 0.76 0.97 0.77 0.78 0.40
accuracy 0.964 0.982 0.989 0.963 0.990 0.995 0.996
AUC 0.685 0.980 0.986 0.990 0.991 0.999 0.999

Table 2. Classi�cation results of 30 exam-
ple images, containing one positive example
each. The mean computation time per image
is composed of the rendering time (286 ms),
contour extraction (193 ms), feature extrac-
tion (see table ) and classi�cation (12.6 ms).

tp f p featureextraction
time [ms]

geometricfeatures 22 1 146.4
Eigen-CSS 27 11 87.4
Zernikemoments 23 2 3876.4
ART 28 3 658.4
ortho.ART 29 0 658.4
BorderSignature 26 1 5.4

positiveexamples(cf. step3, page4). Therefore,classi�ers
aretrainedwith positive examplesthathave not beenused
for creatingtheeigenspace,similar to theonlineclassi�ca-
tion phase.However, it turnedout thatthemeanAUC value
is nothigherthantheoneof thesolid line.

Althoughtheclassi�ershavenotbeenspeciallydesigned
to deal with occlusions,the experimentshowed that the
Eigen-CSSmethodperformsbestwith partly occludedob-
jects.Fig. 9 presentstheperformanceof all testedfeatures.
The lines mark the maximalcutting level above or below
which therestof theobjectcanbeclassi�ed.

6. Summary and Conclusions

This paperhaspresenteda novel objectrecognitionap-
proachin rangeimagesfrom a 3D laserscanner. The al-
gorithmutilizesacontour-basedtechniqueappliedto depth
information,resultingin a new, reliableandfastdetection
approach.Variousrealworld experimentsshowedthat the
systemis capableof stableobjectdetection,applicablefor
environmentcognitionof autonomousmobile robots. Our
approachbene�ts from a reliable3D laserscannerthat is
theemergingsensingtechnologyin robotics.

Thekey innovationpresentedin this paperis thecombi-
nationof reliablecontourextractionwith a new Eigen-CSS
methodfor featureextraction.Thecomputedfeaturesareof
high quality, resultingin anobjectdetectionthatachievesa
classi�cationperformancecomparableto theMPEG-7stan-
dardmethodART. However, our methodis nearlyoneor-
derof magnitudefaster. Theonly methodbeingfasterthan
Eigen-CSS,i.e., BorderSignature,shows dif�culties with
occlusions(cf. Fig. 9).

Futurework in our roboticscontext will concentrateon
threeaspects:

1. The detectedobjectswill be usedas an index to a
databaseof 3D models. The modeland the position
of the detectedobjectcanbe usedasa startposition
for anICPbasedmatchingin therangedata.

1Thefollowing geometricfeatureshave beenused:area-perimeterra-
tio, aspectratio, rectangularity, eccentricity, orientation,andradii ratio.

2In practice,the actualtime of the combinedclassi�ers lie below the
sumof thesingletimesdueto hashing.



Figure 9. Comparison of the classi�er s' ro-
bustness against occ lusions.T op: maximal
occ lusion from belo w; down: maximal occ lu-
sion from above.

2. Integrationof camerainformationfor detectingobjects
thataredif�cult to processby a laserscanner, e.g.,due
to their smallsize.

3. Usingbimodallaserdata,i.e.,combiningrangeandre-
�ectancedatafor anevenmorerobustobjectsegmen-
tation.

The overall goal is to usean autonomousmobile robot to
build 3D semanticmapsthat containtemporalandspatial
3D informationwith descriptionsandlabelsabouttheenvi-
ronment.
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