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Abstract. Shapeanalysishasplayeda centralrole in mary prob-

lemsin vision and perceptionbeingan active multidisciplinaryre-

searcHield. In this contet, this paperintroducesanew shapeanaly-
sisapproachusingthe well knovn wavelettransformandexploring

shaperepresentatioty landmarks This work shavs how to obtain
a time signal from the landmarksrepresentationywhich undegoes
thewavelettransform,aswell asa usefulgeometricainterpretation
usingtwo speciaimothemwavelets,i.e. thefirstandthesecondieriva-

tivesof the gaussianSuccessfuexperimentalresultsobtainedfrom

realdataarealsodiscussed.

1 INTRODUCTION

Many problemsin computervision can be reducedto analyzing
shapesn images,finding important applicationsin various disci-
plines suchas biology and medicinee.g. for evolution studies[4,
6, 5, 10, 18]; andvisual arts, securityand Internet,whenmultime-
dia documentsare used[9, 3]. In fact, shapeanalysishasplayeda
centralrole in perceptiorandsignalunderstanding13]. This paper
introducesa methodfor shapeanalysisbasedon landmarksandthe
wavelet transform.Although the presentpaperonly dealswith 2D
data,it is arguedthatthetechniquecanbe straightforvardly general-
izedto include3D shapes.

Thereare different methodsfor suitably representingshapegor
their subsequentnalysis. The computer vision community has
mainly followedtwo approachesamelycontourbasedandregion-
based?9, 14, 16]. Among the multitude of techniquedor analyzing
shapeshasedon suchrepresentationst is worth emphasizinghe
key role playedby signal processingnethods suchas Fourier and
wavelets,which have proven to be amongthe mostsuccessfubnd
widely exploredones[17, 12]. In particular the wavelet transform
hasbeensuccessfullyappliedin mary problemsn signalandimage
processingsuchasanalysisof singularitieqd2], imagefusion[7] and
shapeanalysis[1]. In fact, the wavelet transformhasbeenusedas
atool for contourbasedshapeanalysisthat hasprovento be useful
dueto its nice mathematicapropertiessuchas unicity, invariance
and covarianceto geometricaltransformationsand time-frequeng
localization.

On the otherhand,the analysisof formsin naturalscienceshas
evolvedasanimportantdisciplinefrom theclassicalvork of D’Arcy
Thompsor{20] knovn asmorphometnthatintensively exploresge-
ometricalandstatisticalinformationfrom shapes[619, 10]. Thelat-
ter malkes extensve useof landmarksrepresentatiomf shapesal-
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Figure 1.
Shapepolygonalrepresentatior(The Piatucufishin (a) hasbeenreprinted
from “Historia Naturaldo Brasil”, [15])

(a) Originalimage;(b) Shapecontoursjc) Landmarks{d)

lowing thecomparisorbetweershapedasedn correspondindand-
marksthat arecalledhomol@ous[5]. Landmarksare specialpoints
locatedin key regionsof the shapeof interest.t is importantto note
thatlandmarksdataconsistsn oneof the mainapproache$or ana-
lyzing andcomparingformsin mary areasuchasbiology, geology
anthropologyand dentistry to namebut a few [12]. Nevertheless,
few workshave exploredthe analysisof landmarks-baseshapess-
ing differentialand multiscalemeasureswhich have alreadyshavn
to surpassnonoscaldgechniquesn mary situations.

Table1l. LandmarkgInhaledin [8])

anteriortip of the snouton the upperjaw
origin of pelvicfin

origin of spinousdorsalfin

origin of analfin

origin of softdorsalfin

insertionof analfin

insertionof 2nd dorsalfin

insertionof 1stventralcaudalfin ray
insertionof 1stdorsalcaudalfin ray
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Thiswork presents new techniqueo analyzdandmarkdataex-
ploring the usefulwavelettransformcapabilitiesandgeometricaln-
terpretation(in the caseof derivatives-of-gaussiamotherwavelets).
This work is organizedas follows. Section2 shavs how complex-
valuedsignals,requiredas input for the wavelet transform,can be
obtainedfrom the landmarksThe wavelettransformof the thusob-



tainedlandmarkssignalis discussedn Section3. Section4 presents
somesuccessfutesultsusing real data.Finally, our concludingre-
marksarepresentedn Section5.

2 FROM LANDMARKS TO SIGNALS

In generalcomputationabhapeanalysisstartswith anobjectof in-
terestrepresenteth acolor or gray-level imageasinitial data.Such
animageis oftentransformedo a suitabledatastructurefor shape
analysis,such as a contour representatiorof the object. In these
casesit is possibleto apply procedureghat transformthe origi-
nal imagein a binary one, andthen, contourextraction algorithms
canbe applied(figure 1 (a) and(b)). Furthermoreasit hasalready
beenmentioned)andmarksconsistin a usefulwidely adoptedshape
representationMorphometricdandmarkscanbe biological process
pointslocatedbecaus®f somebiologicalbackgroundeason(seein
figurel (c) landmarkgeferringto thetablel). In othercaseswe can
definesingularitypoints,suchascunaturemaxima,aslandmarks.
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Figure2. Landmarkrepresentationf asquare.

Figure3. Interpolatedandmarksof figure2.

We follow the approachproposedn [1], in which theinputto the
wavelettransformis acomples signalrepresentingheshapeFirstly,
the landmarksare orderedso that, whentwo shapesare compared,
thehomologieshetweerthemarepresered(i.e. thelandmarksrom
all shapesareorderedin a consistenimanney so thatthe ¢-th land-
mark of eachshapeis a homologyw.r.t. the i-th landmarkof all
other consideredshapes)The sequencef orderedlandmarkscan

be viewed as the verticesof a polygonalline, being subsequently
interpolated(linear interpolation,asshavn in figure 1 (d)). This in-
terpolationguaranteeshat the points along the polygonalline are
uniformly spacedwhich is fundamentaln applyingsignalprocess-
ing methodssuchaswavelets.A byproductof this procedurds the
factthatthe total numberof interpolatedpointscanbe chosento be
power of 2, thusallowing the applicationof efficient (i.e., nlog(n))
FFT algorithmsto calculatethewavelettransform It is worth noting
that, in orderto have a periodic signalthat minimizesthe wavelets
bordereffects,it is importantthatthefirst landmarkto be nearto the
last(notthe same)whatcanbedoneby theinterpolationprocedure.

Thus,a landmarkset! is interpolatedgeneratinga setof points
(i.e. the polygonalline) denotedasu(t) = (z(t),y(t)). Therefore,
thesignalu(t) canbe definedasin equationl andappliedasinput
for wavelettransform,asshavn in the next section.

u(t) = z(t) + jy(t) @)

3 POLYGONAL WAVELET TRANSFORM

Wavelettransformsaremathematicatoolsfor signalprocessinghat

canbe appliedin shapeanalysis[9]. They emphasizéhow the fre-

quential contentof the signal changeswith time, consideringthat

higher frequenciesoccur in short intervals while low frequencies
spreadn largerintenals. Let u(t) be the comple signalrepresen-
tationobtainedirom thelandmarksasexplainedin previous section.
The continuouswvavelettransformof u(t) is definedas

t—>b
a

U, u)(b,a) = Uy (b,a) = % / T e @

Uy(b,a) = va / T W @h)U(P) 3

whereUy (a, b) is thewavelettransformof u(t), a > 0 isthescale
parameteandb is the shift parametepf the motherwavelet).

x— and y- signals along the contour
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Figure4. Wavelettransformwith first gaussiamerivative motherwavelet
appliedin the signalof figure3.

In casethe signalu(t) is constructedo represent shapecon-
tour, this transformis called W -representatiofil]. This shapeanal-
ysistool hasbeensuccessfullyappliedto differentobjects,ncluding



for morphologicalclassificatiorof neuralcells[9]. In this work, we
shav how it canbe exploredfor analyzingthe landmarksdata,and,
oncethessignalu(t) represents polygonalline, the obtainedrepre-
sentationis calledpolygonalwavelettransform The following sec-
tion presentdetailedanalysisof the gaussiarwavelet geometrical
properties.

3.1 GaussianWavelet Transform Inter pretation

It is remarkablethe importanceof differentiationoperatorsin the
contet of signalanalysis.For example,the tangentvector andthe
cunaturetwo of themainaspectsegarding2D shapesarebasedn
cune differentiation,allowing the identificationof othershapefea-
turesasinflectionpoints,corvex andconcae cornersdifferentmea-
sureof complity. Thedifferentiationpropertyof the Fourier trans-
form, togetherwith the corvolution theorem,allows applying the
wavelet transformwith n-th derivative-of-gaussiarmotherwavelet
as an approximationof n-th derivative of w(t). This fact was ex-

ploredby A. Grossmarin his classicalpaper[11]. Theseare some
of themary advantage®f calculatingthe derivative of signalsusing
wavelets,thus explaining the interestof performingshapeanalysis
usingthe derivatives-of-gaussiamotherwavelet (like the Mexican

hat,i.e.the secondleriative of thegaussian).

Landmarks - vector representation

Figure5. Vectorrepresentatiosorrespondingo figure?2.
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Figure6. Firstdervative of thesignalof figure 3 in P7,estimatedy finite
differences.

Furthermoreby takingthefinite differencesnethodasanapprox-
imation of the derivativesfor the discretecase this kind of wavelet
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Figure7. (a)[—1 0 1] differentiationmotherwavelet; (b)Firstderiative of

thegaussiamotherwavelet.

transformsmay be taken as a linear combinationof vectors.The
landmarkrepresentationf anobjectcanbe viewed asa setof vec-
tors locatedat the systemorigin (seefigure 5). Using this repre-
sentation,it is possibleto approximatetangentvector of the inter-
poledsignalin eachpoint using the wavelet transform.Therefore,
let u(t) = z(t) + jy(t) be a signal representingsomepolygonal
line. For eachto, (z(to), y(t0)) definesa vectorcenteredat the ori-
gin (i.e. (0,0)) andpointing to (z(to), y(t0)) (figure5). Thus,we
canestimatethetangentvectorof u(t) atto asthevectordifference
J’to = Uso+1 — Uo—1. FOr example,in figure 6 the tangentvector
of the signalat P7 is calculatedby differencebetweenthe vectors
definedby P8andP6 points,respectiely.

Figure 8. Firstdervative of thesignalof figure 3, estimatedy wavelet
transformwith first gaussiarderivative motherwavelet (figure 4.

Obsere thatv';, canbe equivalently definedasv’;, = 1 (to —
D)u(to —1)) + (#(to)u(to)) + (1 (to + L)ulto +1), for (to — 1) =
—1, ¢(to) = 0 ande(to + 1) = +1, denotedas[—1 0 1]. This
is locally equvalentto an inner productbetweem) and« around
(to). This ideacanbe generalizedby taking+) asa waveletand,in
the caseof the first derivative-of-gaussiana smoothedversion of
[—1 0 1] (seefigure 7 (a) and(b)). The wavelettransformusingthe
secondderivative-of-gaussiarcan alsobe geometricallyinterpreted
usingvectorsin ananalogousvay.

4 RESULTS

The polygonalwavelettransformhasbeenappliedin the classifica-
tion of realcasedraindatain orderto evaluateits effectivenessasa
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Figure9. Landmarks

landmarks-baseshapedescriptorWe have usedadatasetcomposed
by 13 anatomicalandmarksfor 28 parasagittabrainimages(table
2). Amongthe consideredraining samplesfourteencaseswveredi-
agnosedschizophreni@ndotherfourteenareconsideredealthy ®

Table2. Schizophrenialiagnosidandmarks

splenium posteriormospoint on corpuscallosum

genu,anteriormogtoint on corpuscallosum

top of corpuscallosumuppermospointon archof

callosum(all threeto an approximateregistration

onthediameterof thecallosum)

top of head,a point relaxed from a standardand-

markalongthe apparenmaigin of thedura

tentoriumof cerebellunat dura

top of cerebellum

tip of fourth ventricle

bottomof cerebellum

top of pons,anteriormamgin

bottomof pons,anteriormagin

11 opticchiasm

12 frontal pole, extensionof aline from 1 through?2
until it intersectshedura

13  superiorcolliculus
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Figure 10. Interpoledlandmarksof figure9.

Thepreviouslyintroducedsignalextractionmethodologyhasbeen
thenappliedto this setof landmarksasillustratedin figures9 and

3 This data set can be found in the public morphometricsdatabaseat
http://life.bio.sugshedu/morpfdaases.html.

10. Thesesignalshave beenusedasinput to the polygonalwavelet
transformusing the first derivative-of-gaussiamimmotherwavelet, as
shavn in figure 11). The training sethasbeenthenclassifiedby a
clusteringalgorithmknown aslinkage[9]. Theclusteringprocedure
requiresthe definition of a distancebetweerthe sampleswhich has
beendoneusingthe waveletspoint to point absolutedifference Let
two shapedrom the training setbe representethy the comple sig-
nalsk(t) andi(t). Let Ky(a,b) andLy (a,b) bethewavelettrans-
form of k() andi(t) respectiely. Then,the distancebetweenk(t)
andi(t), denotedasd(k, 1), is definedas:

d(k,1) = m(|Ky(a,b) — Ly (a,b)]) 4)
wherem(D) is themeanvalueof the matrix D.

x-and y- signals along the contour
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Figure1l. Wavelettransformwith first derivative motherwavelet
correspondingdo signalof figure 10.

Obsenre that the initial datawas divided betweendiagnosised
schizophrenicasedabeled{6, 7, 8, 9, 10, 12, 13, 14, 15, 16, 17,
18,19, 20} andnormalcasedabeled{1, 2, 3, 4, 5, 11, 21, 22, 23,
24,25,26,27,28}.

The outputof the linkage algorithmcanbe representedsa den-
drogram,asshawn in figure 12, thusemphasizinghe similarity be-
tweenthesamplesubsetsThedendrogranshavs theschizophrenic
andnormalcasedabelsindicatedabove. Theclassificatioralgorithm
hasgroupedasschizophrenicasesthefirst 13 samplegfrom left to
right) asshawvn in thedendrogranof figure 12. The correctrecogni-
tion ratefor the schizophreniclassis 84, 6%, while for the normal
classis 80%. Finally, additional experimentsusing both synthetic
andrealdatahave beenperfomadproducingequallyencouraginge-
sults.

5 CONCLUDING REMARKS

This papermaspresenteé new approacHor landmarks-baseshape
analysisusing the wavelet transform.The proposedtechniquehas
beensuccessfullyappliedto real dataandthe correspondingesults
have beenshawvn. It shouldbe mentionedhat,althoughtheapproach
discussechere concentratedn the 2D case,it can be straightfor
wardly generalizedo 3D data,just requiringthe formationof a 3D
polygonalline joining the landmarksn somea priori definedorder
In this case a comple signalwould not be used(in the senseof the
2D casewhereu(t) = z(t) + jy(t). Insteadthreedistinctrealsig-
nalsz(t), y(t) andz(t) shouldundegothewavelettransformandbe
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Figure12. Classificationwith distanceparameteaswaveletspointto
pointdifference.

usedto form a 3D arrayof coeficientsthatcouldbeusedasfeatures
for a classificatioralgorithm(e.g.the aforementionedinkage). It is
worth mentioningthat the proposedapproachgeneralizeghe capa-
bilities for wavelet-basedshapeanalysis,in the sensethatit could
beappliedto any objectrepresentethy landmarksnot just contour
basedshapeswhich arelimited to connectedtomponentsExploring
such3D andotherobjectsfor classificationareamongour ongoing
projectsin developingthe proposedechniques.
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