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Abstract

In this paperwe make useof the idea that a robot can
autonomouslydiscoverobjectsandlearntheir appearances
by pokingand proddingat interestingparts of a scene. In
order to make theresultant objectrecognition ability more
robust, and discriminative, we replace earlier usedcolour
histogramfeatureswith an invariant texture-patch method.
The texture patches are extracted in a similarity invari-
ant framewhich is constructedfrom short colour contour
segments.We demonstrate the robustnessof our invariant
frameswith a repeatabilitytestundergeneral homography
transformationsof a planar scene. Throughtherepeatabil-
ity test,we �nd that de�ning the frameusingusingellipse
segmentsinsteadof lineswherethis is appropriateimproves
repeatability. We also apply the developedfeaturesto au-
tonomouslearning of object appearances,and showhow
the learnedobjectscan be recognisedunder out-of-plane
rotationandscalechanges.

1. Intr oduction

During recentyearstherehasbeengreatprogressin the
�eld of 3D object recognition. Appearance basedtech-
niquessuchasSIFT[13]andlocalaf�ne frames[17,20]now
allow automaticmodelling andrecognitionof a wide range
of 3D objectsat realtimespeed.Thesemethodsessentially
rely on �nding correspondencesbetweentexturedpatches
de�ned aroundintensity extrema,andthushave problems
with texture-freeobjectswherefew extremaperobjectare
found,andtheresultantframeswill tendto cover bothob-
ject andnearbybackground,andthusbesensitive to inter-
ference.

In our work we recently encountereda need for au-
tomatic modelling and recognition of objectsof uniform

colourandsimplegeometricalshape(see�gure 1). Recog-
nition of this classof objectshastraditionallybeenaccom-
plishedusingmodelbasedapproaches,seee.g.[12, 11]. In
the model basedapproacha geometrical object model is
postulatedand�tted to the imagedata. We would like to
have the“model free” propertyof theappearancebasedap-
proaches,but needto dealwith texture-freeobjects. This
leadus the useof invariant framesconstructedfrom short
colour contour segments. Our approachgives us several
invariant frames per object, and the obtainedframeswill
tendto have a smallerscalethantheobjects.A relatedap-
proachis presentedin [19], wherecontoursarealsousedto
de�ne invariantframes.They look for the longestcontour
chainsin an image, andde�ne their framesusingthe two
end-pointsof eachcontourchain.

Figure 1. Scene exampl es.

We intendto useoursystemin adevelopmentalrobotics
setting[14], wheretherobotshalladaptto its environment
throughexperimentation.Thissetting allowsusto haveour
robotproddingor pokingat theenvironment andmake use
of rigidity of objectsto decidewhat belongstogether. A
collectionof imagefeaturesthat residein the rigid motion
region canthenbe associatedwith currentobjecttype and
position. This way to autonomouslydiscover objectsand
learntheir appearanceswasintroducedby Metta andFitz-
patrick in [15]. We extend their work here,by replacing



their colour histogramfeatureswith a collection of simi-
larity invarianttexturepatchesde�ned aroundcontourseg-
ments.

1.1. Organisation

Thispaperis organisedasfollows. Westartby giving an
overview of theproposedfeaturedetectionalgorithm.Then
we describeeachof the computationalstepsin detail. We
thendemonstratethestability of thedetectionprocesswith
respectto scaleandview anglechanges,usinga repeata-
bility test. Finally we employ the developedfeaturesfor
learningof objectappearances,anddemonstratethatobjects
which have beenmanipulatedby the systemcansuccess-
fully be recognisedin single framesthroughoutan image
sequence.

2. Algorithm overview

Thealgorithmfor generating contourfeaturesconsistsof
thefollowing steps:

1. Detectcolouredgesandtheir orientations
2. Extractcurvesegments
3. Split curvesegmentsinto lines
4. Combinecompatibleline segmentsinto ellipse seg-

mentswhereappropriate
5. De�ne a similarity invariant framefrom eachline or

ellipsesegment
6. Extractagradientpatchusing theinvariantframe.

2.1. Colour edge dete ction

For edgedetectionwe make use of a slightly modi-
�ed Canny edgedetector[1]. Insteadof applying Gaus-
sianderivative �lters to a grey-scaleimage,we make use
of the colour informationavailableassuggestedby Jähne
[9]. First we computegradientvectorsin eachof the three
colour-bandsseparately

zk (x) =
�

gx � I k

gy � I k

�
(x) ; for k 2 f 1; 2; 3g: (1)

thenwecombinetheminto astructure tensor

T (x) =
3X

k=1

zk (x)zk (x)T : (2)

Finally, the orientationinformation, now in doubleangle
representationis obtainedas[6]:

z(x) =
�

t11(x) � t22(x)
2t12(x)

�
: (3)

To demonstratethatwereallybene�t from theuseof colour
edges,we show a comparisonbetween colour and grey-
scaleCanny outputin �gure 2.

Figure 2. Top row: grey-sc ale and colour im-
ages. Bottom row: detected edges in grey-
scale , and colour images. Doub le angle ori-
entation is sho wn in smooth transitions be-
tween red for horizontal, green for ver tical,
and light blue and yello w for the diagonals.

2.2. Cur ve segment extracti on

Curvesegmentsareextractedfrom theCanny output,by
connectingnearby pixels in the edgeimage, if they have
compatiblepositionsandgradient directions. The extrac-
tion processworks sequentially, startingin positionswith
largegradientmagnitude,makinguseof thegradientdirec-
tion informationto decidein whichdirectionsto proceed.

2.3. Spli t curv e segment s in to l ines

Thenext stepis to split thecurvesegmentsinto anumber
of short line segments. This is doneby trying to �t line
equationsto runsof consecutivecontourpoints.Theinliers
arethenremovedfrom thelist andtheprocessis repeated.

Theoutputof this stepis shown in �gure 3c. Eachline
segmentis de�ned by its centrepoint m k , length lk , and
normalangle' k

L k = hm k ; lk ; ' k i : (4)

For eachline segment,we alsostorethe list of edgepixel
coordinatesthat de�nes it. This datawil l be usedlater in
theellipsesegmentestimation step.



An earlier accountof a similar methodfor line segment
extraction, as well as an overview of relatedmethodsis
given by Nelsonin [16]. Our line extraction codecould
mostlikely be replacedby the oneby Nelsonwith similar
results.

(a) (b)

(c) (d)
Figure 3. Steps in feature extraction. (a)
colour image, (b) detected colour edges, (c)
detected line segments supe rimposed on in-
put image, (d) detected line and ellipse seg-
ments superimposed on input image.

2.4. Com bine li ne segmen ts in t o ell ipse
segments

In order to �nd ellipses,we �rst generatea list of line
segmentpairs.Thelist only containsadjacentline segments
(smallestend-pointdistancebelow 4 pixels) with orienta-
tionsthatdiffer by between8� and80� .

Wethentry to combineeachline segmentpairwith each
of the remainingline segmentswith a distancebelow 100
pixels1 from theaverageline centre.The two lines form a
corner, andwe canrestrict the searchfor a matchingseg-
ment to the semi-circlewhich the corneris pointing away
from. Using the threeline segmentswe then try to �t an
ellipseto thesetof edgepointsthatde�ne them. Theleast
squares�t is madeusing the Halir andFlussermethod[7]
which is amodi�cation of theFitzgibbonmethod[3].

1Thisspeedsupthealgorithmconsiderably, andessentiallyputsa limit
onhow largeellipseswewill �nd.

For eachellipseestimate,theresidualsof theconstituent
pointsareestimated. We thencomputetheresidualsfor the
remainingline segments,and add those with small resid-
ual. Finally were-estimatetheellipseusingall pointsin the
inlying line segments.

From the Halir and Flussermethodwe obtain a conic
matrix C, which we convert into a centroidm andinertia
matrix I :

�
x
1

� T

C
�

x
1

�
= 0 , (x � m)T I � 1 (x � m) = 4:

(5)
Eachellipsesegmentis now de�ned by:

Ek = hm k ; I k i : (6)

2.5. In varian t frame constructi on

For eachellipse and line segment,we constructa fea-
turevectora, by samplingthedoubleanglegradient(3) in
an invariant frame. The frame is de�nedusinga similar-
ity transformS [8], which mapsa point p 2 R2 to a point
~p 2 R2 as

~p = S
�

p
1

�
: (7)

For a line L 0 = hm; l ; ' i , wede�ne

S =
1
l

�
R � Rm

�
whereR =

�
cos' � sin '
sin ' cos'

�
:

(8)
For anellipseE0 = hm; I i , we constructa line betweenthe
two pointsontheperimeterthatlie alongthemajoraxis,see
�gure 4, left.

E0 ! L 0 �
D

m; 4
p

� 1; arg(e1)
E

whereI = � 1e1eT
1 + � 2e2eT

2 , � 1 � � 2 is the eigenvalue
factorisationof I . Sucha line will of coursebequitearbi-
trary whentheellipseis closeto beinga circle. Exceptfor
thisdegeneratecase,theframede�ned from suchaline will
bequiteusefulfor constructinga featurevector.

Sincethedirectionof a line is ambiguous,both line di-
rections' and' + � areusedduringtheprototypegenera-
tion, giving two prototypesfor eachreferenceline.

2.6. Feature vect or constructi on

Oncewehavethesimilarity mapping,thefeaturevectors
canbeobtainedby samplingthe imageorientationsaccord-
ing to thesimilarity transforms,see�gure 4, right. To avoid
aliasingthesamplingis madeusinga scalepyramid. Each
orientationsamplez (see(3)) is rotatedto the coordinate
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Figure 4. Left: Two points on an ellipse de�ne
a reference line . Right: Sampling grid around
reference line .

systemof thereferenceline andthenchannelencoded(see
next section)with 8 channelsto form avectoro:

o = jzjenc(arg(z)) : (9)

By stacking suchvectorsfor theentirepatchwe geta 8 �
16� 8 = 1024elementfeaturevector

a =

0

B
B
B
@

o1

o2
...

o16� 8

1

C
C
C
A

: (10)

2.7. Chann el encodi ng

Thechannelrepresentationis a way to representsingle
andmultiple valueswith associated con�dences,in a uni-
�ed manner[4, 5]. Thechannelencodingmentionedat (9)
convertsa singlescalarvaluex into a vectorx, by passing
x througha setof regularly placedkernelfunctionsBk (�),
optionallyweightingthemwith acon�dencer ,

x = r � enc(x) = r �
�
B1(x) B2(x) : : : BK (x)

� T
:

(11)
See�gure 5 for an example of a periodic12-channelset.
Note that thekernelscontinueon theothersideof thedis-
continuity, andthusavoid wrap-aroundproblemsin therep-
resentation.A moreextensive discussionon channel repre-
sentationsis out of thescopeof this paper;thereaderis in-
steaddirectedto [4] or [5]. We channelencodeour feature
vectorsto changethe featurespacemetric. After channel
encoding,featuresmore than one kernel width apartwill
havezerocorrelation.

3. Repeatability test

We will now demonstratehow the repeatabilityof the
featuresis affectedby view changes. To do this in a con-
trolled fashion, we make useof a high resolutionphoto-
graph(2592� 1944pixels) of a shape-sorterpuzzle. We
placea syntheticcamerawith focal lengthf = 200above

0 60 120 180 240 300 360
Figure 5. Example of a periodic arrang ement
of channel kernel function s. Kernel at 90� is
sho wn in solid, other kernels are dashed.

the image, at varying anglesand distances(scale). We
then computefeaturerepresentationsof both the synthe-
sisedview (300� 300 pixels), andof the photograph,see
�gure 6.

(a) (b) (c)
Figure 6. Experiment setup. (a) Photograph
with homograph y quadrangle overlaid. (b)
Synthesised view. (c) Synthesised view with
detected features painted in. White features
are valid correspondences, grey features are
discar ded.

We thentransformthe featuresin the syntheticview to
the coordinatesystemof the photograph,and vice versa,
andcomputethepositionandshapedistancesbetweenfea-
tures. Correspondencesfalling below a thresholdin posi-
tion andshapearecounted,andareusedto determinethe
repeatabilityrateof thedetector.

The repeatabilityrate [18] conceptwasoriginally used
to compareinterestpoint detectors,by computingthe fre-
quency with whichaninterestpointdetectorgives repeated
detectionof thesame3D pointin different2D projectionsof
the scene.We now extendthe repeatabilityratede�nition
to our features,by alsoconsideringthe parametersof the
detectedfeatures.For theellipseandline segmentfeatures
wecomputetherepeatability ratesas:

r ellipse(� p; � s) =
Nc(� p; � s)

min(Np; Ns)
and

r line(� p; � s) =
M c(� p; � s)

min(M p; M s)
: (12)

HereNp andNs arethenumberof detectedellipsesin the
overlappingpartsof thephotoandthesynthesisedview re-
spectively, andNc is thenumber of correspondencesfound.



Similarly the numberof detectedlines in the imagesare
givenby M p andM s, andM c is thenumberof correspon-
dencesfound.

Theexplicit formulafor Nc is

Nc(� p; � s) =

j
�


Ei ; E0
j

�
jd(m i ; m 0

j )2=� 2
p + d(I i ; I 0

j )2=� 2
s < 1

	
j : (13)

The parameters� p and� s arepositionandshapedistance
thresholds.We have used� p = 7 and � s = 0:3, which
givesvisuallyquitesimilar ellipsesaftertransformation.

Theexplicit formulafor M c is

M c(� p; � s) =

j
�


L i ; L 0
j

�
jd(m i ; m 0

j )2=� 2
p + d(' i ; ' 0

j )2=� 2
s < 1

	
j :
(14)

The parameters� p and � s arecentrepositionandnormal
directiondistancethresholds.We have used� p = 4 and
� s = 5� , whichgivesvisuallyquitesimilar linesaftertrans-
formation.

3.1. Di stance measur es

For completeness,we will herede�ne thedistancemea-
suresusedin (13) and(14). For positionsm i andm 0

j , we
de�ne thedistanceas

d(m i ; m 0
j )2 =

(m i � ~m 0
j )T (m i � ~m 0

j ) + ( ~m i � m 0
j )T ( ~m i � m 0

j ) :
(15)

Here � denotesthat an elementhasbeentransformedto
theotherview (thephotograph,or thesynthesisedview) by
the appropriate homography mapping,see[8]. Note that
we apply the transformationbothwaysin orderto remove
possiblebiasfavouringonedirectionof thetransform.

For two inertiamatricesI i andI 0
j , wede�ne thedistance

as:

d(I i ; I 0
j ) =

jj I i � ~I 0
j jj

jj I i jj + jj~I 0
j jj

+
jj~I i � I 0

j jj

jj~I i jj + jj I 0
j jj

: (16)

Mappingof an inertiamatrix througha homography is ac-
complishedby mappingtheentireconicform, see[8].

For two normalangles' i and' 0
j , wede�ne thedistance

as

d(' i ; ' 0
j )2 = arg

n
ei 2' i e� i 2 ~' 0

j

o2
+ arg

n
ei 2 ~' i e� i 2' 0

j

o2
:

(17)
Notethedoublingof theanglein orderto avoid themodulo
� ambiguity.

3.2. R epeatabil it y r esults

Figure7b and7d show how therepeatabilityis affected
by the inclination angle. The angleis varied in the range
0: : : 50� which resultsin homography quadranglesaccord-
ing to �gure 7a. In �gures 7d and7ewe also seea compar-
isonbetweenkeepingandremoving line segmentsthatare
usedto de�ne ellipses. As canbe seen,andasshouldbe
intuitively evident,detectedline segmentsthatactuallyare
partsof an ellipsearenot asstableasthosethat represent
actuallines.

(a)Quadrangles
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Figure 7. (a) Homogr aphy quadrang les for in-
clination angles 0 : : : 50� . (b,d) Repeatability
as function of inc lination angle . (c,e) Num-
ber of correspondences as function of inc li-
nation angle . Solid cur ves are averages over
all in-plane rotations. Dashed cur ves in (d)
and (e) show results when line segments that
make up the ellipses are also inc luded.

Figure8b and8d show how therepeatabilityis affected
by scalechange.The scaleis variedin the range0:5: : : 2
which resultsin homography quadranglesaccordingto �g-
ure 8a. In �gures 8d and8e we again show a comparison
betweenkeepingandremoving line segmentsthatareused



to de�neellipses.As canbeseen,the resultsarethesame
as in the inclination angleexperiment: detected line seg-
mentsthat representpartsof anellipsearenot asstableas
thosethat representactuallines. The repeatabilityacross
scalecouldprobablybeimprovedby replacingCanny with
amulti-scaleedgedetectionalgorithm.

(a)Quadrangles
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Figure 8. (a) Homograph y quadrangles for
scales 0:5 to 2. (b,d) Repeatability as function
of scale . (c,e) Number of correspondences
as function of scale . Solid cur ves are av-
erages over all in-plane rotations. Dashed
cur ves in (d) and (e) sho w results when line
segments that make up the ellipses are also
inc luded.

4. Learning object recognition

Learning to recognise three dimensional objects is
greatly enhancedby the ability to manipulatethe objects
yourself,especiallyby meansof proddingandlater grasp-
ing. Metta and Fitzpatrick demonstratethis for the robot
COG [15]. By allowing the robot to prod at objectsit can
directly � nd out whatpartsof thescenemove together, and
thusobtainanobject/backgroundsegmentation.In orderto
do this in a controlledfashionwe settlefor a non-robotic
equivalenthere: We take a sequenceof still imagesof the

shape-sorterpuzzlein �gure 1, andmove oneof thepieces
betweeneachpair of frames, see�gure 9.

4.1. Figure/gr ound segment ation

For eachtraining imagepair (see�gure 9a,b)we then
perform a colour image segmentationand measure the
amountof changeswithin eachregion. All regions with
morethanagivenpercentageof changingpixelsaresaidto
belongto a change mask. Note thatmostsegmentation al-
gorithmswill work here,providedthatthey canbetunedto
over-segmentratherthanunder-segmenttheimage.

We now want to remembertheappearanceof theobject
within thechangemask.Thiswill allow usto recognisethe
movedobjectalsowithoutproddingit.

4.2. Learn ing phase

Learningin this systemconsistsof generationandstor-
ageof a setof prototypevectorsfor each object.To gener-
atetheprototypevectorswemoveandrotateeachobjectwe
want to recognise, see�gure 9. Linesandellipsesareesti-
matedfrom the imagesanda changemaskis constructed
betweeneachconsecutive image pair in the sequence(see
�gure 9c,d). For eachline andellipsesegmentinside the
changemaska featurevector a2p, anda 180� rotatedcopy
a2p+1 areconstructed andstoredin a matrix A . The two
copiesareneededto resolve the 180� ambiguityin the in-
variant frameconstruction,seesection2.5. Thena vector
pointing from the line centreto the objectcentretogether
with theobjecttypeis storedin amatrixU . Theobjectcen-
tre is de�ned by thecentreof gravity of thechangemaskin
theline'scoordinatesystem,andtheobjecttypeis thenum-
ber(1: : : 5) of thepuzzlepiecethat is moved. Theseunder
the learningphaseconstructedvectorsarecalled prototype
vectorsandthe vectorsconstructedduring recognitionare
calledqueryvectors.

4.3. R ecogniti on phase

Now, we want to detectand recognisethe trainedob-
jects in new imageswithout a changemask. This is done
by calculating a featurevectoraq for eachline segmentin
theimageandmatchthesewith theprototypefeatures.The
match scoreM is computedasanormalisedcorrelation:

M (ap; aq) =
aT

q ap

kaqkkapk
: (18)

For eachqueryvectoraq theN bestmatchesarepicked(we
typically useN 2 f 3: : : 10g), andthe storedobjectposi-
tions in U correspondingto thesematchesaretransformed
to thenew line's coordinatesystem.This givesN voteson



(a) (b)

(c) (d)

Figure 9. Training data example . Arch piece
has moved between frames (a) and (b). (c)
sho ws the resultant chang e mask, and (d)
sho ws the chang e mask with features from
(b) superimposed.

objectpositionandtypefor eachline segmentin theimage,
thevotesareweightedwith thematchscoresM . Thevotes
arethenclusteredusingmean-shiftclustering [2]. Signi�-
cantclustersindicaterecognisedobjectsandtheclusterpo-
sitionsgive thepositionandtypeof therecognisedobjects.

Sincethe piecesare moved by handin the usedtrain-
ing sequencewehaveno informationabouttheobject's3D
rotationandscale. Had the robot moved the piecesitself,
this would beavailableas internal(or proprioceptive) sen-
soryinformation,andcouldbeincludedin theclusteringto
obtainthepose(3D positionandorientation)of theobjects
[10].

4.4. R ecogniti on evaluat ion

During training,eachpuzzlepieceis movedandrotated
ten times. Thus,we have about36� rotationbetweentwo
adjacentviews. This gave a featurematrix A with 420fea-
turevectors,whichmeansabout420=(10� 5) � 8 features
on averagefor an object in an image. Note that in a real
roboticsettingtherobotshoulddecidefor itself whenit has
enoughprototypesto reliably recogniseanobject.

As a simple way to evaluate the recognition system
(without designingan explicit groundtruth) we now place
the pieceson a board,andmove androtateit in a contin-
uousmanner. For each framein the resultantsequencewe
performtherecognition step,56 framesin total. Theresult
of this is shown in �gure 10. As canbeseenin the �gure,

Figure 10. Recognition results for out-of-
plane rotation. Top row: First and last frame
in sequence . Bottom: Last frame with de-
tection results. Detections with con�dence
above a threshold are plotted with a symbol
corresponding to the obj ect type .

mostobjectsarerecognisedin mostof theframes.A simi-
lar sequencewith zoominsteadof rotationandtranslationis
shown in �gure 11. This sequence(7 frames)is takenwith
a differentcameraandwith different illumination andthe
totalzoomin thesequenceis about1.5octaves.Thescaling
betweenthelast frameand thetrainingimagesis about0.2
octaves.

4.5. Concluding r emar ks

We have introduceda novel way of computinginvari-
antframesfrom colourcontourdescriptionsandshown that
they can be usedin object recognition. We have demon-
stratedthe robustnessof the featureswith respectto scale
and inclination anglechangesin a repeatabilitytest. We
have alsodesigneda simpleobjectrecognitionsystemthat
makes use of the featuresto recognisesomesimple 3D
shapes.This systemwasa �rst testof the featuresbefore
usingthem for full 3D-poseobjectrecognitionon a robotic
platform. For the systemto be useful in moregeneralob-
ject recognition settingswe belive it is necessary to include
otherclassesof invariantframes,suchasSIFT andMSER
aswell. This is indeedthenext steponouragenda.



Figure 11. Recognition results for zoom. Top
row: First and last frame in sequence . Bot-
tom: Last frame with detection results. De-
tections with con�dence above a threshold
are plotted with a symbol corresponding to
the object type .
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[4] P.-E. Forsśen. Low andmediumlevel vision usingchannel
representations,March 2004. Dissertation No. 858, ISBN
91-7373-876-X.

[5] G. H. Granlund. An associative perception-actionstruc-
tureusinga localizedspacevariantinformationrepresenta-

tion. In Proceedingsof Algebraic Framesfor thePerception-
ActionCycle(AFPAC), Kiel, Germany, September2000.

[6] G. H. Granlundand H. Knutsson. Signal Processingfor
Computer Vision. Kluwer Academic Publishers,1995.
ISBN 0-7923-9530-1.

[7] R. Halir and J. Flusser. Numerically stabledirect least
squares�tting of ellipses. In Proc. of the6th International
Conferencein Central Europeon Computer Graphics,Vi-
sualizationand InteractiveDigital Media (WSCG'98), vol-
ume1, pages125–132,Plzen,ChechRepublic,1998.

[8] R. Hartley andA. Zisserman. Multiple View Geometryin
ComputerVision. CambridgeUniversityPress,2000.

[9] B. JähneandH. Haussecker, editors. ComputerVision and
Applications. AcademicPress,2000.ISBN 0-12-379777-2.

[10] B. JohanssonandA. Moe. Patch-dupletsfor objectrecog-
nition andposeestimation.In 2ndCanadianConferenceon
RobotVision, pages9–16,Victoria,BC, Canada,May 2005.
IEEEComputerSociety.

[11] H. Kollnig andH.-H. Nagel.3D poseestimationby directly
matchingpolyhedralmodelsto grayvaluegradients.Inter-
nationalJournalof ComputerVision, 23(3):283–302,1997.

[12] D. Lowe. Fitting parametrizedthree-dimensionalmodelsto
images.IEEETPAMI, 13(5):441–450,1991.

[13] D. Lowe. Distinctive imagefeaturesfrom scale-invariant
keypoints. International Journal of Computer Vision,
60(2):91–110,2004.

[14] M. Lungarella,G. Metta, R. Pfeifer, andG. Sandini. De-
velopmental robotics: A survey. ConnectionScience,
15(4):151–190,December2003.

[15] G. Metta and P. Fitzpatrick. Early integration of vision
andmanipulation.AdaptiveBehavior, 11(2):109–128,June
2003.

[16] R.C.Nelson.Findingline segmentsby stickgrowing. IEEE
TPAMI, 16(5):519–523,May 1994.
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