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Abstract—This paperpresentsastudy about the robustness
of the classicalIterative ClosestPoint (ICP) algorithm in the
initial condition selectionusing two different point extraction
methodsfrom thepoint clouds.The ICP methodallowsto reg-
ister two point clouds,here extracted from two range images
acquired from different view points on a samescene;regis-
tering two imagesconsistsin estimating the 3D transform �
(rotation and translation) betweenthe two sensorpositions.
This algorithm requires (1) the selectionof some discrimi-
nant points, at first extracted from every range imagesand
then matched by the ICP method; (2) an initial estimate of
the transform � . It is well known that this method is very
sensitiveto the selectionof this initial estimate. This paper
presentsan analysisabout the ICP robustnesswith respectto
this selection: on several images,all possibleinitial solutions
havebeenapplied in order to measurethe convergencebassin
around the true solution.

I . INTRODUCTION

The application of 3D modelling are very numer-
ous: medicine -body modelling-, architecture-building
inspection-,industry -reverse engineering,inspectionof
metalpartsafter a blendingprocess-,art -sculpturemod-
elling for Internetdisplay-,... It exists now very accurate
sensors[6], [12] dedicatedto the acquisitionof rangeim-
ageson environmentsor on objects.Theconstructionof a
3D modelrequiresseveralsteps:dataacquisition,datareg-
istration,generationof a dedicatedrepresentationdepend-
ing on the application,andif needed,perceptionplanning
to determinewhenthebuilt modelis completeandhow to
control the sensor(Bestnext view point, bestsensorcon-
figuration,...) in orderto acquiremoreimages.

In thispaperonly theregistrationfunctionis considered.
Theregistrationcouldbemadeondifferentrepresentations
extractedfrom the rangeimagesto be registered. The
moreclassicalmethodproposedinitially in [5], is the It-
erativeClosestPoint (ICP) method,which takesasinputs,
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two cloudsof pointsexpressedin two differentreference
frames,andprovidesasresult,the3D transform� between
thesereferenceframes. Many other registrationmethods
have beenproposed,working on morecompactrepresen-
tationsthana cloudof points[7] or selectingdiscriminant
control points that arematchedat first in order to have a
goodinitial estimateof the � transform[3]. We have pro-
posedin [10] an edgebasedrepresentationthat could be
extractedfrom the original rangeimagesin orderto limit
the sizeof the cloud of pointsgiven as inputs to the ICP
function. In [9], we have comparedthis edgebasedrepre-
sentationwith the classicaltriangularmeshrepresentation
thatis usedgenerallyto dealwith theregistrationstep;ICP
looksfor matchingsbetweentheedgepointsin theformer,
betweenmeshverticesin the latter. This paperis focused
onaspecificproblem:usingeitherthemeshregistrationor
the edgeregistration,how to selectthe initial estimateof
thetransform� ? TheICPmethodrequiresthisestimatein
orderto find the first matchings,andthento refinethis �
estimatealonganiterativeprocess.It is well knownthatthe
ICPconvergencedependsmightily onthisfirst estimate.In
the sectionII, thepre-processingmethods(edgepoint ex-
tractionor adaptive meshgeneration)aresummarizedand
themaincharacteristicsof our ICP implementationarede-
scribed.Thenin the sectionIII, anexhaustive analysisof
all possibleinitial solutionsis presented:the registration
methodscanbecharacterizedby theproximity of thecon-
vergencebassinto the exactsolutionfor the � transform,
or by the numberof initial solutionsthat leadto ICP con-
vergence.

I I . THE REGISTRATION ALGORITHM

This sectiondescribesthe techniquesusedto extract a
compactsetof pointsfrom every rangeimagesto be reg-
istered.ThentheICP algorithmis summarized.Examples
arepresentedusingrangeimagesobtainedeitherfrom the
Stanford3D scanningRepository[11], or from the OSU
(MSU/WSU)database[8].
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Fig. 1. A singleview of a sculpturedobjectrepresentedby triangular
meshes(left) andby anedgebasedrepresentation(right).

A. Meshregistration

A public surfacerefinementalgorithm has beenused
(GTS OpenSource[1]). This fine-to-coarsealgorithmis
appliedover a densetriangularmeshobtainedfrom all the
pointscontainedin the givenrangeimage. The initial tri-
angulationis trivially computedby joining all rangeimage
points horizontally and vertically and then dividing each
quadrilateralcells into two triangles. The figure 1(left)
shows an exampleof a sculpturedobject representedby
triangularmeshesatdifferentresolutions.

B. Edgeregistration

Edgebasedrepresentationis a compactway to describe
the geometryof the objectspresentin a given rangeim-
age.Theserepresentationsareeasyto obtainandthey con-
sist in extractingcharacteristicpointswhereappeareither
a depthdiscontinuity(jump edge)or a surfaceorientation
discontinuity(creaseedge).Ouredgeextractiontechnique
(see[10] for acompletedescription)[4] implementsascan
line method: it consistsin computinga binary edgemap
R, representedasa two dimensionalarray, whereeachele-
mentR(r,c) is a binaryvalueindicatingwhetherthatpoint
is anedgepointor not.

Every row andcolumn(hereinaftercalledscanlines) is
approximatedby a setof orientedquadraticfunctions.The
algorithmrequirestwo steps. First, the jump edgepoints
are detectedusing a thresholdadaptedaccordingto the
local imageresolution; thesepoints are usedto cut the
original scanline into a set of sections(set of consecu-
tive points) and to define the startingand endingpoints
of eachoneof them. Second,a classicalrecursive split-
ting algorithm[2] approximateseachsectionseparately, by
quadraticfunctionsorientedalongedgey, representedby
thefollowing equation:���
	���
���������������� . Theresult
of this recursive algorithmis a setof quadraticcurvesap-
proximatingthe consideredscanline’s section. Oncethis
sectionis approximated,therecursive algorithmis carried
out over thenext sectionof thegivenscanline. Fromeach
quadraticcurve, the positionsof the first and last points
usedto computetheparametersof function(1), aremarked
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Fig. 2. ICPalgorithmstructure.

in thebinary mapR. Oncea givenscanline hasbeenap-
proximated,the algorithmstartsagainover the next new
scanline, thus all the scanlines -rows and columns-are
processed.Fig. 1(right)shows theedgerepresentationsfor
the Dragon object; the two representationspresentedon
figure1 aredefinedby a similaramountof points.

C. Our ICP implementation

In this section,the well known Iterative ClosestPoint,
ICP, algorithmis summarized.Let usnote ��� and �� , two
compactcloudsof points,expressedin two differentrefer-
enceframes.Theregistrationobjective is to obtainthepa-
rametersof a matrix � which allows to expressthepoints
containedinto �  in the referenceframe of � � . ICP is
an iterative processappliedwhile the registrationerror is
higherthana given threshold!"	��$# . As seenin figure2,
at iteration % , let us note ��&('*) the currentestimateof the
� transform.With ��&('*) , thepointsfrom viewpoint + are
transformedandeachpoint ,-  is matchedwith the clos-
estpoint ,- � from viewpoint . . Dependingof theICP error
level, the matchedpoints arefiltered by usingan unicity
criterion(two points ,-  cannotbematchedwith thesame
,- � ) (path B) or not (path A). Then, a statisticalfiltering

technique[13] is usedto discriminatethe pairsby a limit
distance. Afterwards,the remainingcouplesof matched
points( ,- � , ,-  ) areusedto computethe registrationerror:/ & � )02143 0657,- � 1 ,-  5 , wheren is the numberof matched
points. If / & is below or equalto !8	9� # , the ICP process
hasconverged: the matrix ��&(':) is the final solution. On
thecontrary, if / & is higherthan !8	9�$# , couples( ,- � , ,-  ) are
usedto computea new setof parametersby minimizing:

;
0 57,- �=<>�@? ,-  A��B*� 5

With the parameters( ? , B ), a new transformationmatrix
�C& is computed,andtheprocessstartsagain.This iterative
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Fig. 3. Example1: All initial positions(representedasa crosses)that
havebeentested.

processis executeduntil the convergenceor until a maxi-
mumnumberof iterations!"	��$& is reached.

Our implementationof the ICP algorithmdoesnot use
an explicit threshold !8	9�$# , but a test on the gradientof
the error; the convergenceis reachedat the iteration % ifD #FE# E � # E '�# EHG�I# E J>K 1 KML .

I I I . ROBUSTNESS TO THE INITIAL CONDITIONS

The ICP algorithm is basedon the assumptionthat an
estimatedtransformation�ON betweentwo views is known
beforehand.Thequestionis how precisehasto bethatini-
tial approximatetransformin order that the methodcon-
verges.In mostof thecases,thereis no informationabout
thatvalueandthesolutionbecomesexperimental.

Our objective is to evaluatethestability areafor the � N
transform,it means,to estimatethe maximalalloweddif-
ferencebetweentheinitial andexacttransforms� denoting
a rotation ? , anda translationB . From thedescriptionof
the ICP method,the erroron the initial translationB N has
no effect on the convergencetime; this error will be con-
vertedin anoffsetfor every distancebetweenthematched
points,andconsequently, on the / N error. This translation
error cannotcauseby itself matchingerrors,andwill be
reducedduringthefirst iterations.On thecontrary, an im-
portanterror on the initial rotation ?6N can allow a lot of
wrongmatchings,andfinally, producenoconvergenceor a
wrongsolutionfor theICPmethod.

Then,our objectivehasbeenat first to evaluatethecon-
vergencebasedonly in the initial rotationparameters.A
two stagealgorithm,hasbeenimplemented.A list of P

Fig. 4. Example1: thepositionsthat leadto a goodconvergenceusing
edge-basedimages

Fig. 5. Example1: All ICP errorsfor edge-based(left) andmesh-based
(right) tests. The flat line on the left of the graphicsrepresentcorrect
convergencein thecorrespondingtests.

values(uniformly sampledaroundthe 360 degreerange)
for everyEulerangleis computed.Then,in asecondstage,
all thepossiblecombinationsfromthepreviousvalues(Eu-
ler angles)areobtained,combinedwith a � KRQ4KRQ4K � transla-
tion andusedasstartingpointfor ourICPmethods(in total,
PTS initial transforms:typically, P equalto 10)edge-based
registrationandadaptive triangularmeshregistration. All
the initial positionsarepresentedon a spherearoundthe
Dragonobjectonfigure3.

After testing all the possiblecombinationsthe edge-
basedregistrationtechniquehassucceededin 15% of the
caseswhile the adaptive triangularmeshregistrationhas
succeededin 14%of thecaseswhenthesculpturedobject
was considered;on figures4 and 8, “good” initial posi-
tions are presented.On the contrary, when a polygonal
objectwasconsidered,the successin the edgebasedreg-
istrationtechniquerise up to 20% andin the adaptive tri-
angularmeshit was19%(seethe “good” initial positions
on figure 6. Thosecasesin which neitherthe edgebased
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Fig. 6. Example2: the positionsthat leadto a goodconvergenceusing
mesh-basedimages

Fig. 7. Example2: All ICPerrorsfor edge-based(left) andmesh-based
(right) tests. The flat line on the left of the graphicsrepresentcorrect
convergencein thecorrespondingtests.

representationnortheadaptivetriangularmeshdid notsuc-
ceedin findingthecorrectregistrationparameterwerecon-
sideredasnon-valid. An interestingpropertyappearson
theerrordiagramson figures5 and7: Theinitial positions
aresortedby increasingICP errors; the gapbetweenthe
“good” initial positionsandthe“bad” onesis alwaysvery
clear... for theseobjects,ambiguitiesarenotpossible.But,
asit appearson the figures4, 8 and 6, the “good” initial
solutionsarenot connectedas a bassinaroundthe exact
transformbetweenthetwo images.

Consideringthecomputationtimerequiredfor thiseval-
uation,oneICP run requirestypically someseconds,de-
pendingon thenumberof pointson theimageto beregis-
tered.To reduceprocessingtime for theseevaluations(al-
most1000ICP runsby testedobjects),the testshadbeen
executedin 2, 4 and8 CPUsin parallel.

IV. CONCLUSION

This paperpresentsanotherapproachusingthe ICP al-
gorithm in the senseof the searchof the bestinitial posi-
tion,andcomparestwotypesof imagerepresentationin the

Fig. 8. Example3: thepositionsthat leadto a goodconvergenceusing
mesh-basedimages

Fig.9. Example3: All ICPerrors(left) anderror-to-known-final-position
(right) for mesh-basedtests.Theflat line ontheleft of thegraphicsrepre-
sentcorrectconvergencein thecorrespondingtests.

study;theedge-basedandthemesh-basedrepresentations.
As expectedafter [9], theresultsof this comparisongives
very similar valuesfor the two representations.Therefore
theconclusionsfor thispartarethesameas[9]. Regarding
theinitial positionsearch,in thatanexhaustive scanof the
Euleranglesis made,theresultsgave aproximatelya rate
of 16%of success.To achieve moreefficiency, thismethod
canbemodifiedto detectconvergencein thefirst iterations,
or in otherwordsconvergencetendencedetection.
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