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Abstract

A statisticalrepresentatiorof three-dimensionathapes
is introduced,basedon a novel four-dimensionalfeature.
Thefeatue parameterizesheintrinsic geometricakelation
ofanorientedsurface-poinpair. Thesetofall suc featuies
representdothlocal and global characteristicsof the sur-
face We compessthis setinto a histogram. A databaseof
histagrams,oneper object,is sampledn a training phase
During recaynition, sensedsurface data, as may be ac-
quiredby steeovision,a laserrange-scanneretc.,are pro-
cesseandcompaedto thestored histagrams.We evaluate
thematd quality by six differentcriteria thatare commonly
usedin statisticalsettings.Experimentsvith arti cial data
containingvarying levelsof noiseand occlusionof the ob-
jects showthat Kullback-Leibler and likelihood matcing
yield robust recanition rates. The presentstudyproposes
histogramsof the geometricrelation betweertwo oriented
surfacepoints(sur ets) asa compactyetdistinctiverepre-
sentationof arbitrary three-dimensionathapes.

1 Intr oduction

Rolustsceneinterpretatiorby meansof machinevision
is akey factorin variousnew applicationsn robotics. Part
of this problemis the ef cient recognitionand classi ca-
tion of previously known three-dimensiongl3D) shapesn
arbitraryscenesSofar, hearily constrained¢onditionshave
beenutilized, or otherwisesolutionshave notbeenachieved
in realtime.

With the availability of ever faster computersand
3D-sensingtechnology(real-time stereoprocessingjaser
range-scanneetc.), moregeneralapproachebecomefea-

sible. They allow for wealer scenerestrictionsandhence
facilitate new scenarios. Fundamentalto visual object
recognitionare descriptionsof generalfree-form shapes.
A goodoverview of the currently prevalentapproachess

givenin [2].

In computergraphics,surfacemeshesarea popularde-
scriptionof freeforms. They arealsousefulfor recognition
purposesandthe Internetmakesthemaccessibldo every-
bodyfor testingandcomparingalgorithms.A majordraw-
back,however, is their large memoryrequirementFurther
more, surfacemeshesare de ned with respecto a global
coordinatesystem. Thus time consumingregistrationis
necessaryo align the objectof interestto the frameof the
referencedbject model beforematchingis possible. The
sameproblemsapplyto voxel-basedlescription®f shape.

Representationdasedon superquadrics,generalized
cylinders,andsplinesall suffer from a greatsensibilityto
noiseandoutliersin the senseddata. A signi cant effort
iS requiredto obtainarobust t procedureandto selectthe
modelordersoasto avoid over- tting.

It is, therefore,most desirableto develop a shaperep-
resentatiorthat (i) is compact,(ii) is robust, (iii) doesnot
dependon a global coordinateframe, and (iv) hasthe de-
scriptive capacityto distinguisharbitraryshapes.

A promisingapproachs to analyzethe statisticaloccur
renceof featureson a surfacein 3D space. This hasbeen
pursuedby extractinglocal featuressuchassurfacecurva-
turesor geometricrelationssuchasdistancesTheir distri-
butionsarerepresentedsdiscretehistogram®r piecevise-
linear approximationghereof. The classi cationstepmay
berealizedby matchinga measurediistribution againstdis-
tributionsin a referencedatabaseof prototypesor by the
searchfor characteristigpatternsn a distribution.

For instance,Osadaet al. [8] samplethe statisticsof



point-pairdistancescrosghewhole surfaceof 3D objects.
They demonstratesimilarity searchbasedon the distance
distribution. However, a lot of informationon shapés dis-
cardedby reductionto thisone-dimensiondkature.Vande-
borreetal. [11] usethreedistributionsof one-dimensional
geometricfeatures basedon curvature,distance,andvol-
ume. In both works, recognitionperformancds moderate
andonly suitablefor a preliminaryselectionasperformed,
e.g.,by aninternetsearchengine.

Hameiri and Shimshoni[3] look for symmetricform
primitives,suchascylinders, cones.etc.,in depthimages.
As thebasiclocalfeature they usethetwo principlesurface
curvatures,accumulatedn a two-dimensionalhistogram.
The surface-curature histogramis characteristioof each
ideal form primitive and known a-priori from geometri-
cal considerations.For real measurediata, however, re-
liance upon curvaturesis very sensitve to noiseand arti-
facts. Moreover, for generalshapeghe distribution of cur
vatureswill notbeascrispasfor highly symmetricshapes,
may hencebe lessinformative, and mary histogramamay
berequiredto coverall objectviews.

Multiple view-basedhistogramsave beenusedby Het-
zeletal. [4, 7] who adapteda probabilisticapproachfrom
Schieleand Crowley [9] to depthimages. According to
Bayes'rule, the bestmatchis calculatedas the one with
the highesta-posteriorprobability, given a setof random
featuresamples.As featurethey have employed a collec-
tion of local surfacemeasurespamely pixel depth,surface
normal,andcurvature. Generally however, a high number
of histogramgerobjectmodelincreaseprocessindime.

An alternatveline of researchthassoughto describesin-
gle, possiblycharacteristigpointson an objectby their lo-
cal surfaceshape This includesthe spinimagesof Johnson
and Hebert[6] andthe surfacesignatuesof Yamaty and
Farag[12]. For creatingtheir histogramssurfacepointsare
picked anda planeis rotatedabouttheir local surfacenor-
mal. Thesurroundingpointsareaccumulatedh thatplane.
BothapproacherequiredensesurfacemeshesHillenbrand
andHirzinger[5] have characterizedingularsurfaceshape
by four-point-relationdensitieghataredirectly constructed
from a3D-pointset.

In this paper we proposestatisticalanalysisof a new
four-dimensionagjeometrideature.Thedistribution of this
featurecapturesdothlocal andglobalaspect®f shapeThe
relevantmeasuremaybecalculatedrom asurfacemeshor
beestimatedrom multiple 3D-datapoints.Herewerely on
triangularmeshesstheinputdata.We needjustonestored
histogramper objectthatis learnedfrom training data. In
thepresencef signi cant noiseor occlusionwe still obtain
reasonableecognitionratesabove 80%. The processing
time with a databaseontaining20 objectmodelsis around

ve milliseconds.The presentstudydescribegpreliminary
resultsthatjustify furtherresearctalongthisline.
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Figure 1. (a) Two surface points p;,p2 and
their orientations nj,n,. (b) lllustration of the
four parameter s of our feature. The vector
n, is the projection of ny in the uw-plane. «,
arccos 3, and arccos+y are angles; ¢ is the length
of the vector p; — p1.

The paperis organizedasfollows. Section2 introduces
the four-dimensionalgeometricfeature. In Section3, the
samplingof histogramsn the training phaseis discussed.
Section4 de nes six different criteria for comparisonof
sensediatawith the trainedhistogramsWe evaluatethese
criteria for classi ersin Section5. Recognitionratesand
processingtimes are demonstratedor arti cal data, and
performanceunder conditionsof noise and partial object
visibility is investigated. Furthermorewe verify general-
ization of the classi ersacrossa wide rangeof meshreso-
lutions. Thepaperconcludesn Section6 with a nal rating
of thedifferentclassi ersanda prospecof futurework.

2 Four-dimensionalgeometricfeature

We now introducea four-dimensionalfeaturewhich is
invariantto translationandrotation. The intrinsic geomet-
rical relation betweena pair of orientedsurfacepointsis
parameterizedyherean orientedpoint consistof its posi-
tion andits local surfacenormal. In thefollowing, oriented
pointsarereferredto assur ets.

Sur et-pairrelationscanbeviewedasageneralizatiomf
cunatures. While curvaturesmeasuregeometricrelations



betweenneighboringsur ets, sur et-pair relationsencode
thesamefor ary two sur ets.

Eachsur et is describedy a pair (p,n), consistingof
the positionvectorp andthe surfacenormaln. Positions
and surface normalsare here extractedfrom a triangular
mesh,but may aswell be estimatedrom multiple 3D-data

points.
Let o denotethe scalarproductof two vectors, x the
crossproductof two vectors||| - || theEuclideamormof a

vector and| - | themodulusof arealnumber For eachpair
of sur ets (p1,n1) and (pz,n2), we de ne a coordinate
systemasfollows. Theorigin is choserto bepy, if

[n1 0 (p2 —p1)| < [n2 0 (p2 — p1)|, 1)

andit is po else. Let usnow assumehatp; is the origin.
The basevectorsof the coordinatesystemarethende ned
as

u = na, (2)
(P2 —p1) Xu

V' = flpe—py) xul’ ®)

W = uxv. 4)

Therelationbetweenthe sur ets (p1,n;) and (p2, ng) is
describedy theparameters

a = arctan(wong,uony), (5)

B = vong, (6)

7 = uo P22l (7)
lp2 — pall

6 = llpz—pall, 8

which de ne our featureS = (o, 8,7,0). Herewe have

usedthe shorthandhotation

arctan(y/z) fore >0Ay >0,
arctan(y/z) + 7 forz <0,
arctan(y/z) + 27 forz > 0Ay <0.

arctan(z,y) =

Theattributesa and 8 represenh, asanazimuthalangle
andthe cosineof a polar angle,respectiely; v andd rep-
resentthe directionand length of the translationfrom p;

to p2, respectrely. This parameterizatioris illustratedin

Figure1l. Of course,if Condition(1) determineg to be
theorigin, the parameterareobtainedy interchanginghe
indices1 and? in theequationsabove.

Equations(5)—(8) map every con guration of a sur et
pair onto a unique set of parametersand every possible
setof parameterslescribesxactly onesuchcon guration.
Moreover, Condition(1) ensureshatthe basevectorsu, v,
w arede ned in the mostrobustmanner:by choosingthe
moreorthogonaknglebetweerp, —p;1 andthetwo surface
normalsny, ny for de ning v [cf. Equations(2) and(3)],
thedirectionof v is determinedvith higheraccurag. From
asurfacewith m sur ets we obtainatotal of m(m — 1)/2
features.

3 Training phase

The four-dimensionalfeature distribution as sampled
from a surfacein 3D spaceis describedby a histogram.
EachfeatureS is mappedontoexactly onebin ¢ of the his-
togramH (7),

h:Sw—ie{l,2,...,d}; 9)

d is the numberof bins in the histogram. The mapping
h(S) is de ned by quantizingeachof the four featuredi-
mensiondn ve equalintervals. The resultingnumberof
d = 5* = 625 binsfor the completehistogramis botheasy
to handleand sufcient for classi cation. The length di-
mensiond [cf. Equation(8)] is normalizedto the maximal
occurringlengthA. An entry H (i) of the histogramis the
normalizedfrequeng of featuresS that are mappedonto
bin 4,

_ card{S € S|(S) =i}
N cardS ’
whereS is the setof all sampledeaturesandcarddenotes
thecardinalityof a set.

Whenworking with meshedsurfaces,it is a goodidea
to collectfor trainingall sampledrom multiple mesheof
the samesurface. In this way, we incorporatevariations
introducedby the meshprocedure.

ThehistogramH (i) togethewith the maximallengthA
constitutean objectmodel. The additionalinformation of
A is necessaryor scalingat recognitiontime. We storea
collectionof suchmodelsin adatabasepnefor eachobject
we wantto recognize.

H(i)

(10)

4 Recognitionphase

Thegoalof therecognitionphases to obtainfeaturedis-
tributions from sensedbjects,to comparethemwith the
modeldatabaseandto nd the closestmatch. In orderto
avoid excessve computationtime during recognition,we
draw only atiny subse(0.005%)of all availablefeaturesS.

Not the whole range of feature parametersS =
(a, 8,7, 9) is necessarilycoveredby every subsamplepr
evenfull sampleof featuresfrom an object. Hence,some
bins of a histogrammayremainzero. This leadsto numer
ical problemswhencomputingdivisionsor logarithms. In
suchcasesall zerobinsof ahistogramaresetto acommon
value,lowerthanthelowestnon-zerovalueoccurringin all
histogramsThis valuehasthe effect of a penaltyterm.

In this section,Hp denoteghe histogramof an object
modelO from thedatabaseWe de ne six differentcriteria
that we will evaluatefor their classi cation performance.
Five of themarebasedncomparisorof H to ahistogram
Ho: thatis built at recognitiontime from a testobjectO’.
Oneimplementghe maximum-likelihoodclassi er.



4.1 Histogram-similarity criteria

We calculatethe histogramHo: from the sensedsub-
sampleof featuresanalogousiyto Section3. The rst cri-
terionfor comparisorwith a databaséistogramH, is the
intersection

((Ho, Hor)

Zmln Ho (i

oftenusedwith fuzzy-settechniquesndpreviously applied
to color-histogranclassi cation[10]. It is veryfastto com-
pute, becauseapartfrom summation,no arithmeticoper
ationsare needed.Anotherstraightforward criterionis the
squaredtuclidiandistance

),Ho (@), (11)

d
£(Ho,Ho') =Y (Ho(i) — Ho(i))”,  (12)

=1

.

whichis known to be sensitve to noiseanddoesnot gener
alize very well. Next, the statisticaly?-testis examinedin
its two forms

d

Xi(Ho,Ho') = Z (HO(")H; g’)o' (1)) 13)
and
. (Ho(i) — Hor (i))?

X%(HO;HO') = Z

i=1

Ho (i) + Ho (i) a4

Finally, we testthe symmetricform of the Kullback-Leibler
divergence

d .
K(Ho, Ho') = 3 (Hor (i) — Ho(i)) In 22 (4)

=1

(15)

Becausef thelogarithmicoperationjt is the computation-
ally mostexpensve of all six criteria.

4.2 Lik elihood criterion

Drawing a tiny, randomsubsetof all features,we can
safely assumeindividual samplesto be statisticallyinde-
pendenbf eachother Thelogarithmiclik elihoodof object
0, describedhy databasénistogramH, giventhe sensed
subsampleSo: of featuresthusis

In Ho (h (16)
>

5eSq

L(0]Sor) =

The mappingh(S) is asde ned in Equation(9). In con-
trastto theKullback-Leiblerdivergencg(15), all logarithms
canherebecalculatedn thetrainingphaseandlogarithmic
histogramdn Hp canbestored.

Table 1. In this test, the six classier s de-
ned in Section 4 are evaluated using ran-
domly drawn feature samples from complete
and noise-free surface meshes of the 20 ob-
jects shown in Figure 2. Achieved recogni-
tion rates are given in percent. The process-
ing times are measured on a standar d PC with
an Intel Pentium IV 2.66 GHz processor and
Linux as operating system.

| criterion | recognitionin % | timein ms |

N 427 5.12
£ 40.6 5.01
X2 75.4 6.16
X2 455 6.25
K 99.6 7.42
c 99.7 4.79

5 Experiments

All experimentsarebaseduponthe 20 objectsshavn in
Figure2. The objectsareinitially givenassurfacemeshes,
which are,however, unrelatedo the meshesve useasin-
putsto our algorithm. To ensurethat classi cation cannot
bedominatedby objectsize,all objectsarescaledo acom-
monmaximaldiameter

Modelsaretrainedby thefollowing procedureFor each
object, ve setsof points, from 25,000to 389,000points
per set, are dravn randomlyfrom the surfaceand passed
to a meshgeneratar A training meshconsistsof between
3,500and5,500vertices. Featuresare built from pairs of
sur ets, which arein turn pickedfrom eachvertex. All fea-
tures obtainedfrom the ve training meshesthatis, be-
tween 30,616,250and 75,611,250features,are collected
into a histogram|cf. Section3].

In therecognitionphasenew meshesregeneratedrom
eachobject. Featuresare randomly subsampledrom the
verticesof thesemeshes.The numberof featuresdravn is
0.005%of all availablefeatures. This arbitrary low sam-
pling rateturnsoutto be high enoughfor goodrecognition.
Resultspresentean classi cationrateandtiming areaver-
agedover betweenl00and1000meshepertestobject.

5.1 Ideal conditions

Under ideal conditions, the test objects' surfacesare
completelyexposedto the sensorandsensedlataare free
of noise. Table 1 shavs the achievzedrecognitionratesand
timesfor thesix criteria[cf. Sectiond]. Themeasuredimes
includeall stepsfrom drawing featuresampledo the out-
put of the bestmatchingobjectmodel. Generatinghe sur
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Figure 2. The 20 objects of the database .

facemeshis notincluded.Almost perfectclassi cationhas
beenachievedby the K and . criteria. Interestingly the x2

criterion performsdramaticallywealer thanthe x? crite-
rion. Apparently theweightingof histograndifferencedy
thereciprocalof the trainedhistogramvaluealoneis much
morereliablethantaking alsothe estimatefrom the small
testsampleinto accounfcf. Equationg13), (14)].

Correctclassi cation and confusionrates betweenall
pairsof objectsareshown in Figure3. All classi erswork
well for simpleshapedik e cubeor spherelnterestinglythe
objectsthataredif cult to classifydiffer drasticallyacross
thecriteria. Ontheotherhand,then andy? criteriaexhibit

a strikingly similar patternof classi cation performance.

This similarity will alsobe retainedin all the othertestsof
the classi erswe reportbelon. The samesimilarity holds
for thebestthe L and L criteria.

5.2 Noisydata

If thepointcloudis obtainedfrom realsensordike laser
range-scannersaserpro lers, or stereocamerasthe data
will becorruptedn variousways. Thereforejn asecondset
of experimentssensitvity of thefeaturehistogramgo noise
is evaluated. Uniformly distributed noiseis simulatedby
randomlytranslatingverticesrom asurfacemeshinwardor
outwardalongthelocal surfacenormal. Thelevel of noiseis
de ned astherangeof translationsmeasuredn percentof
the maximalobjectdiametet. As anexample,Figure4(b)
shavs a surface meshcorruptedby the maximal level of
noisewe have tested(20%).

In Figure5(a), we presentplots of recognitionratesfor
the six classi ers asa function of noiselevel. Forthe &,
x?, K, and £ criteria, classi cation performancedegrades
rapidly with increasingnoise. This is explainedby thefact

1Remembethatthe diametewasscaledto the samevaluefor all ob-
jects.
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Figure 3. The six arrays represent classication results for the 20 objects shown in Figure 2 using
the six diff erent criteria de ned in Section 4. Surfaces are completel y visib le and data are noise free.
In each array, columns represent test objects, rows trained objects. Grey values indicate the rate of
classi cation of a test object as a trained object; a brighter shade means a higher rate. The more
distinct the diagonal, the higher the allover performance of the classier . Evidently, the X and £
criteria achieve almost perfect classi cation within our database of objects.
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Figure 4. (a) X-wing; (b) X-wing with noise (4%); (c) partiall y visib le X-wing (33%).
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Figure 5. Plots of recognition rates for the 20
objects shown in Figure 2 using the six diff er-
ent criteria dened in Section 4. The condi-
tions for the test data are varied; (a) varying
level of noise (in percent of maximal object
diameter); (b) varying visibility (in percent of
complete surface area); (c) varying mesh res-
olution (in percent of training resolution). The
curves for the K and L criteria nearly coincide
in all three graphs.

thattheangularattributesa, 3, v arevery sensitve to noise
suchthat surfaceinformationis largely lost. Interestingly
thesecriteriareacha ratherstablerateof betweenl0%and

15%correctclassi cation. Someresidualperformancenay
be expectedasthedistanceattribute § remainsinformative
up to muchhighernoiselevels. The x2 andn criteria, on
the otherhand,are a lot lesssensitve to noise,exhibiting
signi cantly lowerperformancetlow noiseandhigherper
formanceat high noiselevels. Underrealisticconditionsof
measuremer(inoise< 1%), however, the X and £ criteria
yield areasonableecognitionrateabove 80%.

5.3 Partial visibility

In real applications,objectsto be recognizedare often
just partially visible. Reasonsre self-occlusionin single-
view dataor occlusionsby other objects. Partial objects
yield incompletesurfacemeshes.Therefore,in this setof
experimentsgeachtestobjectis meshedandclassi ed with
varying fraction of visible surface. Visible partsare deter
minedby intersectingooint cloudsby arandomplane.Sub-
sequently dataon one side of the planeare processedy
the meshgeneratar Visibility is de ned asthe sumof re-
maining triangle areasin percentof the completesurface
area. Figure 4(c) gives an exampleof a partially visible
mesh(33%).

Resultson recognitionratesfor variousvisibilities are
plottedin Figure5(b). Performance&anbe seento drop off
moregraduallywith occlusionthanwith datacorruptionby
noise[cf. Figure5(a)]. Correctclassi cationby theXC and(
criteriaremainsabove 80%down to roughly 65%visibility .

We notethatrecognitionwith partial visibility depends
in factheavily on the particularsectionof the objectthat
remainsvisible.

5.4 Generalization acrossmeshresolution

Sincewe have relied uponsurfacemeshesasthe input
representation is interestingto askhow recognitionper
formanceis affected by changesto the mesh procedure.
Themostdemandingcenarias generlizationacrossmesh
proceduresthat is, being confrontedat recognitiontime
with a meshof atype essentiallydifferentfrom whattrain-
ing hasbeenbasedn.

In a nal setof experimentswe thushave investigated
theeffectof varyingthemeshresolutionfor thetestobjects.
Figure5(c) shavs plotsof correct-classi catiomratesunder
suchconditions,wheremeshresolutionis givenin percent
of the (constant)resolutionin the training phase. Appar
ently, recognitionperformancedoesnot critically depend
on test-mestresolution. Only belov 50% of the training
resolution recognitionperformancelropsoff. In part, this
canbeascribedo thelow absolutenumberof featuresam-
plesdrawn. In particular the X and £ criteriaexhibit ahigh
degreeof generalizatioracrosameshes.



6 Conclusion

In this paper we have introduced a novel four-
dimensionalfeaturethat describeghe intrinsic geometri-
cal relationbetweenra pair of sur ets, i.e., orientedsurface
pointsin 3D space. The statisticaldistribution of this fea-
tureassampledrom anobject's surfacecapturesothlocal
andglobalaspect®f shape Empiricallylearnechistograms
of thefeaturedistribution have herebeendemonstratedsa
compactandef cient representationf arbitrary3D shapes.
Thisrepresentatioallows for rapidclassi cationof shapes
basedon a single histogramper objectmodel,independent
of translationandrotation.

We have evaluatedsix different criteria for the shape
classi er. TheKullback-Leiblerandlik elihoodcriteriahave
beenfoundto performequallywell andsuperiorto the oth-
ers. They have shavn nearly perfectclassi cation under
idealsensingconditionsandrobustperformanceén theface
of noiseandocclusion. They are,moreover, largely inde-
pendenif the resolutionusedfor meshingsurfacesof test
objects. Consideringts lower computationatost,we rec-
ommendusingthe maximume-likelihoodclassi er.

More speci cally, the experimentsclearly indicatethat,
for bestperformancehigh noiseduringrecognitionshould
bereducedvy spatialaveraging atthe costof alower mesh
resolution.

Themoreinvariantaclassi er, thelesscanberecovered
from anactof classi cation. The presentlassi ersareby
designinvariantto objectpose. Especiallyfor robotic ap-
plications, however, it would be most desirableto obtain
an estimateof the poseof an object, alongwith its iden-
tity. Onedirectionof futureresearctwill hencebeto aug-
mentthealgorithmby a methodfor locatinganobjectsdata
within alargersetthatmaycomprisemultiple objects.This
wouldimply sggmentatiorof thedatainto theobjects'com-
ponents.

To more rmly establishthe potential of the proposed
representatiorof shape,the dependencef classi cation
performanceon various design parameterslike feature
guantizationand subsamplingate, hasto be investigated.
Moreover, the databasef objectswill be extendedin the
future.

Whenmoving to realdata,we planto usethe DLR laser
range-scanngtl] or somesort of stereoprocessingo ac-
quire 3D-point cloudsfrom a sceneasa rst processing
step.

Apart from sceneanalysis, potential applications of
the presentshapeclassi ersinclude similarity searchin a
databasef 3D object-modelsg.g.,on the Internet. In this
context, normalizationof the modeldimensionawill make
theclassi ersinvariantto objectscale.
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