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Abstract

In this paperwe male useof the idea that a robot can
autonomouslyliscover objectsandlearntheir appeaences
by pokingand proddingat interestingparts of a scene In
order to male the resulant objectrecaynition ability more
robust, and discriminative we redace earlier usedcolour
histogram featureswith an invariant texture-patt method.
The texture patches are extractedin a similarity invari-
ant frame which is constructedrom short colour contour
sggments.We demonstate the robustnessof our invariant
frameswith a repeatabilitytestundergeneral homaraphy
transformation®f a planar scene Throughtherepeatabil-
ity test,we nd that de ning the frameusingusingellipse
segmentsnsteadof lineswhelethisis appropriateimproves
repeatability Ve also apply the developedfeaturesto au-
tonomousdearning of objectappeaances,and showhow
the learned objectscan be recaynisedunder out-of-plane
rotationandscalechanges.

1. Intr oduction

During recentyearstherehasbeengreatprogressn the
eld of 3D objectrecaynition. Appearane basedtech-
niguessuchasSIFT[13]andlocalaf ne frames[1720] now
allow automaticmodelling andrecognitionof awide range
of 3D objectsatrealtime speed.Thesemethodsssentially
rely on nding correspadencesetweentextured patches
de ned aroundintensiy extrema,andthushave problems
with texture-freeobjectswherefew extremaper objectare
found, andthe resultantframeswill tendto cover both ob-
jectandnearbybackgroundandthusbe sensitve to inter
ference.

In our work we recently encountereca needfor au-
tomatic modelling and recogniton of objectsof uniform
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colourandsimplegeometricashapgsee gure 1). Recog-
nition of this classof objectshastraditionally beenaccom-
plishedusingmodelbasedapproacheseee.g.[12, 11]. In
the model basedapproacha geometical object model is
postulatedand tted to theimagedata. We would like to
have the“model free” propertyof the appearace basedap-
proachesput needto dealwith texture-freeobjecs. This
lead us the useof invariant framesconstructedrom short
colour contour segments. Our approachgives us several
invariant frames per object, and the obtainedframeswiill
tendto have a smallerscalethanthe objects. A relatedap-
proachis presentedn [19], wherecontoursarealsousedto
de ne invariantframes. They look for the longestcontour
chainsin animage, andde ne ther framesusingthe two
end-pointsof eachcontourchan.

Figure 1. Scene exampl es.

We intendto useour systemin a developmentatobotics
setting[14], wherethe robotshall adaptto its ervironment
throughexperimentation.This seting allows usto have our
robotproddingor poking at the ernvironment andmake use
of rigidity of objectsto decidewhat belongstogether A
collectionof imagefeatureshatresidein the rigid motion
region canthenbe asso@tedwith currentobjecttype and
position. This way to autonomouslydiscover objectsand
learntheir appearancewasintroducedby MettaandFitz-
patrick in [15]. We extend their work here, by replacing



their colour histogramfeatureswith a collection of simi-
larity invarianttexture patchesde ned aroundcontourseg-
ments.

1.1. Organisation

This paperis organisedasfollows. We startby giving an
overview of the proposedeaturedetectioralgorithm. Then
we describeeachof the computationaktepsin detail. We
thendemonstratéhe stability of the detectionprocesswith
respectto scaleandview anglechangesusing a repeata-
bility test. Finally we emplgy the developedfeaturesfor
learningof objectappearanceanddemonstratéhatobjects

which have beenmanipulatedby the systemcan success-

fully be recognisedn single framesthroughoutan image
sequence.

2. Algorithm overview

Thealgorithmfor generaing contourfeaturexconsistof
thefollowing steps:
1. Detectcolouredgesandtheir orientations
2. Extractcurve sggments
3. Split curve sggmentsinto lines
4. Combinecompatibleline segmentsinto ellipse seg-
mentswhereappropriate
5. De ne a similarity invariantframe from eachline or
ellipsesggment
6. Extractagradientpatchusng theinvariantframe.

2.1. Colour edge dete ction

For edge detectionwe make use of a slightly modi-
ed Canry edgedetector[1]. Insteadof applying Gaus-
sianderivative Iters to a grey-scaleimage,we make use
of the colou information available as suggestedy Jahne
[9]. Firstwe computegradientvectorsin eachof the three
colourbandsseparately
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thenwe combinetheminto a structure tensor

Zk(x) = (x); fork 2 f1;2;3g: Q)

T(x) = zk(¥)z(x)": @
k=1
Finally, the orientationinformation, now in doubleangle
representations obtainedas[6]:

tia(X)  t22(x)

2(x) = 2t12(X) : 3

To demonstrat¢éhatwe really bene t from theuseof colour
edges,we shov a comparisonbetwesn colour and grey-
scaleCanry outputin gure 2.
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Figure 2. Top row: grey-scale and colour im-
ages. Bottom row: detected edges in grey-
scale, and colour images. Double angle ori-
entation is shown in smooth transitions be-
tween red for horizontal, green for vertical,
and light blue and yellow for the diagonals.

2.2. Cur ve segment extracti on

Curve sgmentsareextractedfrom the Canry output,by
connectingnearby pixels in the edgeimage, if they have
compatiblepositionsand gradient directions. The extrac-
tion processworks sequentially startingin positionswith
large gradientmagnitudemakinguseof thegradientdirec-
tion informationto decidein which directionsto proceed.

2.3. Split curv e segments into lines

Thenext stepis to splitthecurve sgmentsnto anumber
of shat line sggments. This is doneby trying to t line
equationgo runsof consecutie contourpoints. Theinliers
arethenremovedfrom thelist andthe processs repeated.

The outputof this stepis shavn in gure 3c. Eachline
segmentis de ned by its centrepoint my, lengh Iy, and
normalangle' g

Lic = tmy; " ki e 4)

For eachline sggment,we alsostorethe list of edgepixel
coordinateghat de nes it. This datawill be usedlater in
theellipsesggmentestimaion step.



An earlig accountof a similar methodfor line segment
extraction, as well as an overvien of related methodsis
given by Nelsonin [16]. Our line extraction code could
mostlikely be replacedby the oneby Nelsonwith similar
results.

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

2.4. Combine line segments into ellipse
segments

In orderto nd ellipses,we rst generatea list of line
segmentpairs. Thelist only containsadjacentine sggments
(smallestend-pointdistancebelov 4 pixels) with orienta-
tionsthatdiffer by betweer8 and80 .

We thentry to combineeachline segmentpair with each
of the remainingline segmentswith a distancebelov 100
pixels' from the averageline centre. The two linesform a
corner andwe canrestrictthe searchfor a matchingseg-
mentto the semi-circlewhich the corneris pointing away
from. Usingthe threeline sggmentswe thentry to t an
ellipseto the setof edgepointsthatde ne them Theleast
squarest is madeusing the Halir and Flussermethod[7]
whichis amodi cation of the Fitzgibbonmethod[3].

1This speedsip thealgorithmconsiderablyandessentiallyputsa limit
onhow largeellipseswe will nd.

For eachellipseedimate,theresdualsof theconstituent
pointsareestimated We thenconmputetheresidualsor the
remainingline sggments,and add thos with small resid-
ual. Finally we re-estimateheellipseusingall pointsin the
inlying line segments.

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

- T 1 -4
1 C 1—0 , (x m) | *(x m)=4:
®)

Eachellipsesegmentis now de ned by:
B = my;lgi : (6)

2.5. Invariant frame constructi on

For eachellipse andline sggment,we constructa fea-
turevectora, by samplingthe doubleanglegradient(3) in
aninvariantframe. The frameis de nedusinga similar-
ity transformS [8], which mapsa pointp 2 R? to a point
p 2 R?as

_ p .
p=S 1 )
ForalineLgo = hm;I;' i, wede ne

S= I} cos' sin

R Rm whereR = - .
sin cos

(8)
For anellipseE, = hm; Ii, we constructaline betweerthe
two pointsontheperimeteithatlie alongthemajoraxis, see
gure 4, left.
D p_ E
E ! Lo m;4  1;arg(e;)

wherel = jeje] + ,eel, » is the eigervalue
factorisationof I. Suchaline will of coursebe quite arbi-
trary whenthe ellipseis closeto beinga circle. Exceptfor
thisdegenerateasetheframede ned from suchaline will
be quite usefulfor constructing a featurevector

Sincethe directionof a line is ambiguouspothline di-
rections' and' + areusedduringthe prototypegenera-
tion, giving two prototypedor eachreferencdine.

2.6. Feature vector constructi on

Oncewe have thesimilarity mapping thefeaturevectors
canbeobtainedoy samplingthe imageorientationsaccord-
ing to thesimilarity transformssee gure 4, right. To avoid
aliasingthe samplingis madeusinga scalepyramid. Each
orientationsamplez (see(3)) is rotatedto the coordinate



Figure 4. Left: Two points on an ellipse de ne
areference line. Right: Sampling grid around
reference line.

systemof thereferencdine andthenchannelencodedsee
next section)with 8 channelgo form avectoro:

0 = jzjendary(z)) : 9)

By stackng suchvectorsfor the entirepatchwe geta 8
16 8= 1024elementfeaturevector

0 1
01
02
a= . 1 (10)
O16 8

2.7. Chann el encoding

The channelrepresentatioris a way to represensingle
and multiple valueswith associted con dences,in a uni-
ed manner4, 5]. Thechannelencodingmentionedat (9)
convertsa singlescalarvaluex into avectorx, by passing
x througha setof regularly placedkernelfunctionsBy( ),

optionallyweightingthemwith acon dencer,

Bk (X) T

(11)
See gure 5 for an exanple of a periodic 12-channelset.
Note thatthe kernelscontinueon the otherside of the dis-
continuity andthusavoid wrap-aroungroblensin therep-
resentationA moreextensie discussioron channérepre-
sentationss out of the scopeof this paper;thereaderis in-
steaddirectedto [4] or [5]. We channelencodeour feature
vectorsto changethe featurespacemetric. After channel
encoding,featuresmore than one kernel width apartwill
have zerocorrelation.

x=r1 endx)=r Bi(X) Ba(x)

3. Repeatability test

We will now demonstratéhow the repeatabilityof the
featuresis affectedby view changes To do this in a con-
trolled fashion, we make use of a high resolutionphoto-
graph(2592 1944 pixels) of a shape-sortepuzzle. 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
shown in solid, other kernels are dashed.

the image, at varying anglesand distances(scale). We
then computefeaturerepresentationsf both the synthe-
sisedview (300 300 pixels), and of the photographsee
gure 6.

(b) (©

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,
andcomputethe positionandshapedistancebetveenfea-
tures. Correspondencefalling below a thresholdin posi-
tion and shapeare counted,and are usedto determinethe
repeatabilityrate of thedetector

The repeatabilityrate [18] conceptwasoriginally used
to conpareinterestpoint detectorspy computingthe fre-
gueng with which aninterestpoint detectomives repeated
detectiorof thesame3D pointin different2D prgectionsof
the scene.We now extendthe repeatabilityrate de nition
to our features,by also consideringthe paranetersof the
detectedeatures.For the ellipseandline sggmentfeatures
we computetherepeatabiliy ratesas:

) . _ N¢( ps s)
relllpse( p: s) - m and
_ . _ M( ps s) .
Mine( p; s) = Wpywls) (12)

HereNp andNs arethe numberof detectecellipsesin the
overlappingpartsof the photoandthe synthesisediew re-
spectvely, andN. is thenumbe of correspondencdsund.



Similarly the numberof detectedines in the imagesare
givenby M, andMs, andM¢ is the numberof correspon-
dencedound.

Theexplicit formulafor N is

Ne( p; o s) =
j EiE jdmimp)?= 2+ d(1i;17)%= E< 1 j: (13)

The parameters , and s arepositionandshapedistance

thresholds. We have used , = 7and s = 0:3, which

givesvisually quite similar ellipsesaftertransformation.
Theexplicit formulafor M is

M ( ps s) =
i Ll jd(mizmP)?= 2+d( it )%= 2< 1 j:
(14)

The parameters , and s arecentrepositionandnormal
direction distancethresholds. We have used , = 4 and

s = 5, whichgivesvisually quitesimilarlinesaftertrans-
formation.

3.1. Distance measur es

For completenessye will herede ne thedistancemea-
suresusedin (13) and(14). For positionsm; andmjo, we
de ne thedistanceas

d(m;;mf)? =

(mi m)T(mi m)+(m m))T(m; m)):

(15)

Here denotesthat an elementhasbeentransformedto
the otherview (the photographer the synthesisediew) by
the appropride homograply mapping,see[8]. Note that
we apply the transformatiorboth waysin orderto remove
possiblebiasfavouringonedirectionof the transform.

For two inertiamatiicesl; andl J-O, we de ne thedistance
as:

it i L im 17
v+ T i
Mappingof aninertia matrix througha homograph is ac-
complishedby mappingthe entire conicform, see[8].

For two normalangles ; and' ]-O,wede ne thedistance
as

d(li; 1)) = (16)

02 n. 602
+ arg d2-e i2 ? :
17)
Notethedoublingof theanglein orderto avoid themodulo
ambiguity

n
for o0
d(ui;le2=arg el2|elzi

3.2. Repeatabil ity results

Figure7b and7d shav how therepeatabilityis affected
by the inclination angle. The angleis variedin the range
0:::50 whichresultsin homograpk quadranglesccord-
ingto gure 7a.In gures 7d and7ewe also seeacompar
ison betweerkeepingandremoving line sggmentsthatare
usedto de ne ellipses. As canbe seen,andasshouldbe
intuitively evident, detectedine segmentsthatactuallyare
partsof an ellipseare nat asstableasthosethat represent
actuallines.

(a) Quadrangles

1 15
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0.6[ TN

0.4

0.2

0 0
0 10 20 30 40 50 0 10 20 30 40 50

(b) Ellipserepeatability (c) #Correspondences

0.2 20

0 10 20 30 40 50 0 10 20 30 40 50

(d) Line repeatability (e) #Correspondences

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

Figure8b and8d shav how the repeatabilityis affected
by scalechange.The scaleis variedin therange0:5:::2
which resultsin homograpl quadranglesiccordingto g-
ure8a. In gures 8d and8e we again shav a comparison
betweerkeepingandremaoving line sggmentsthatareused



to de neellipses.As canbe seentheresultsarethe same
asin the inclination angle experiment: deteded line sey-
mentsthatrepresenpartsof an ellipsearenot asstableas
thosethat representactuallines. The repeatabilityacross
scalecould probablybe improved by replacingCanry with
amulti-scaleedgedetecton algorithm.

E||:||:||:|

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

4. Learning object recognition

Learning to recognisethree dimensional objects is
greatly enhanceddy the ability to manipulatethe objects
yourself, especiallyby meansof proddingandlater grasp-
ing. Metta and Fitzpatick demonstratehis for the robot
COG[15]. By allowing the robotto prod at objectsit can
directly ndoutwhatpartsof the scenemove togetherand
thusobtainan object/backgroundegmentation.n orderto
do this in a controlledfashionwe settlefor a non-robotic
equivalenthere: We take a sequencef still imagesof the

shape-sortepuzzlein gure 1, andmove oneof the pieces
betweereachpair of frames see gure 9.

4.1. Figure/gr ound segmentation

For eachtraining image pair (see gure 9a,b)we then
perform a colour image segmentationand measuwe the
amountof changeswithin eachregion. All regions with
morethana given percentagef changingpixelsaresaidto
belongto a change mask Note thatmostsegmentatbn al-
gorithmswill work here,providedthatthey canbetunedto
oversgmentratherthanundersggmenttheimage.

We now wantto remembethe appearancef the object
within thechangemask.Thiswill allow usto recognisehe
moved objectalsowithout proddingit.

4.2. Learn ing phase

Learningin this systemconsistsof generatiorand stor
ageof a setof prototypevectorsfor ead object. To gener
atetheprototypevectorswe move androtateeachobjectwe
wantto recognisesee gure 9. Linesandellipsesareesti-
matedfrom the imagesand a changemaskis constructed
betweeneachconsecutie image pair in the sequencdsee
gure 9c,d). For eachline and ellipse sgmentinside the
changemaska featurevecbr ayp,, anda 180 rotatedcopy
axp+1 areconstruced andstoredin a matrix A. The two
copiesareneededo resole the 180 ambiguityin thein-
variantframe constructionseesection2.5. Thena vector
pointing from the line centreto the object centretogether
with the objecttypeis storedin amatrix U . Theobjectcen-
treis de ned by the centreof gravity of thechang maskin
theline's coadinatesystemandtheobjecttypeis thenum-
ber(1:::5) of thepuzzlepiecethatis moved. Theseunder
the learningphaseconstructedrectorsarecdled prototype
vectorsandthe vectorsconstricted during recognitionare
calledqueryvectors.

4.3. Recogniti on phase

Now, we want to detectand recognisethe trained ob-
jectsin new imageswithouta changemask. This is done
by calculatig a featurevectorag for eachline sggmentin
theimageandmatchthesewith the prototypefeatures.The
matd scoe M is computedasa normalisd correlation:

T
aq ap

Kagkkagk (18)

M (ap;aq) =
For eachqueryvectoraq theN bestmatchesarepicked (we
typically useN 2 f3:::10g), andthe storedobjectposi-
tionsin U correspondingo thesematchesaretransformed
to thenew line's coordinatesystem.This givesN voteson



(@) (b)

(c) (d)

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

objectpositionandtypefor eachline segmentin theimage,
thevotesareweightedwith the matchscoresM . Thevotes
arethenclusteredusingmean-shiftclustering [2]. Signi -
cantclustersindicaterecogniseabjectsandthe clusterpo-
sitionsgive the positionandtype of therecognisedbjects.

Sincethe piecesare moved by handin the usedtrain-
ing sequenceve have no informationaboutthe object's 3D
rotationand scale. Had the robot moved the piecesitself,
this would be available as internal (or proprioceptive sen-
soryinformation,andcould beincludedin the clusteringto
obtainthe pose(3D positionandorientation)of the objects
[10].

4.4. Recogniti on evaluation

During training, eachpuzzlepieceis moved androtated
tentimes. Thus,we have about36 rotation betweentwo
adjacenwiews. This gave afeaturematrix A with 420fea-
turevectorswhich meansabout420=(10 5) 8features
on averagefor an objectin animage. Note thatin a real
roboticsettingtherobotshoulddecidefor itself whenit has
enoughprototypedo reliably recogniseanobject.

As a simple way to evaluate the recogiition system
(without designingan explicit groundtruth) we now place
the pieceson a board,and move androtateit in a contin-
uousmanner For each framein theresultantsequencave
performtherecogiition step,56 framesin total. Theresult
of thisis shovn 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 object type.

mostobjectsarerecognigdin mostof theframes.A simi-
lar sequencavith zoominsteadof rotationandtranslations
shavnin gure 11. This sequencé? frames)is takenwith
a differentcameraandwith differentillumination andthe
totalzoomin thesequeneis aboutl.5octaves. Thescaling
betweernthelastframeand thetrainingimagesis about0.2
octaves.
4.5. Concluding remarks

We have introduceda novel way of computinginvari-
antframesfrom colourcontourdescriptionsandshowvn that
they canbe usedin objectrecognition. We have demon-
stratedthe robustnesof the featureswith respecto scale
and inclination anglechangesn a repeatabilitytest. We
have alsodesgneda simpleobjectrecognitionsystemthat
males use of the featuresto recognisesome simple 3D
shapes.This systemwasa rst testof the featuresbefore
usingthem for full 3D-poseobjectrecognitionon arobotic
platform. For the systemto be usefulin more generalob-
jectrecognition settingswe bdive it is necesaryto include
otherclassef invariantframes,suchasSIFT and MSER
aswell. Thisis indeedthe next stepon our agenda.



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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