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ABSTRACT

In this article we presenta new methodfor
automaticlandmarkextraction from the contours
of biological specimens. Our ultimate goal is
to enable automatic identification of biological
specimensn photographsanddrawingsheldin a
database.We proposeto useActive Appearance
Models for visual indexing of both photographs
anddrawings. Automaticlandmarkextractionwill
assistus in building the models. Below we de-
scribe the resultsof using our methodon draw-
ingsandphotograph®f examplesof diatoms,and
presentan Active ShapeModel built using auto-
matically extracteddata.

1. INTRODUCTION

The ultimate aim of our researchis to develop
methodsfor automaticidentificationof biological
specimeng$rom photographainddravingsheldin
adatabaseAutomaticidentificationof objectsde-
scribedn visualform andheldin adatabasés also
referredto as visual indexing. Biological speci-
mensare frequently describedin visual form for
taxonomicand other purposes. Vast catalogues
of specimemmaterialhave beenaccumulatedver
mary yearsin theform of microscopeslides,draw-
ings andphotographsRecently efforts have been
madeto digitize suchdatafor electronicstorage,
transmissiorandprocessing.

There has beensomerecentwork in index-
ing betweenimagesin biological databaseEl, 9].
However, thereis a clear needto extend such
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Fig. 1. A photographanda drawing of Tabellaria
flocculosadiatomspecimens

indexing capabilities; the inclusion of biological
drawings is a naturalextension. The aims of re-
searchare novel in that they seekto incorporate
taxonomicdrawings as a prime sourceof taxo-
nomic dataandto develop methodsto enablein-
dexing betweendigital photographicimagesand
drawingsstoredn abiologicaldatabaséFigurel).

We proposeo transformthe high-dimensional
image spacesof both photographsand drawings
into lower-dimensionakpacesvhereonly relevant
featuresare representedand usethesespacedor
visualindexing. Active ShapeModels(ASMs)and
Active AppearanceModels(AAMs) [2] have be-
comevery popularin the lastten yearsfor repre-
sentingshapesandappearancmsidethe shapesn
a compactway, significantly reducingthe dimen-
sionality of the original imagespace.Thesemod-
elscanalsobeusedfor resynthesisingxamplesof
valid shapesand identifying instancesof models
in images. They thereforeappearo be a logical
choicefor our task.

We proposeto build Active AppearancéMod-
els of imagesanddrawings of the biological spec-
imensand find the mappingbetweenthe models



Fig. 2. Variationof the shapeof Tabellariafloccu-
losaoverits life cycle.

of photographsand the modelsof drawings. We
aim to producea genericsystemthat can oper
ateacrossa wide rangeof biological species.We
have selectedhreetaxonomicgroupsastestcases
for our system:diatoms,desmidsandwatermites
(Acari); sofar we have beenworking with the di-
atomtaxonomicgroup.

In this paperwe presenta novel methodfor
automaticextraction of landmarkfeatureson the
contoursof two-dimensionalbiological samples.
Landmarking is a necessarystep for building
ASMs of the samplesWe thenpresentheresults
of applicationof the methodto photographsand
drawings of a diatom speciesandbuild an ASM
for thespecieglescribinghevariationin theshape
of thespecieverits life cycle (Figure2).

2. PREVIOUSWORK

ASMs are built from a set of labelled examples.
Eachexampleis labelledwith the samenumberof
points, usually positionedin placesof visual sig-
nificance, called landmarks. Thereis a require-
ment for precise correspondencdetweenposi-
tions of landmarksin differentexamples. Detec-
tion of landmarksis a non-trivial problemandis
frequently performedby hand. Several methods
for automatidandmarkdetectionhave beenintro-
ducedrecently Hill etal. [5] proposedan algo-
rithm wherethey iteratively placethe pairsof sam-
plesin correspondencand replaceeachpair by
their averageuntil thereis only one sampleleft.
Then landmarksdetectedon the averagesample
areusedto generatéhe landmarkson all samples.

However, this methodis not suitablefor our pur-

posebecauseanot all landmarksare presentin all

samples.Someof themarevery subtleandcould

disappeamhenaveragingwhile we would like to

retain them in the model (Figure 2). Davies et

al. [3] presentedan optimisationapproachbased
on informationtheoryto extractan optimal setof

landmarkdor a setof examples.Thedravbackof

this approachis its compleity and computational
intensity

We now presenta methodfor automaticland-
mark selectionon the contourof diatomsfor use
in ASMs, build an ASM of a diatom speciesand
shav thatthe methodis applicablefor usein both
photographsinddrawings.

3. MODELLING BIOLOGICAL SPECIMEN
CONTOURS

The shapeof a specimenis one of the mostim-

portant featuresusedin classificationof biolog-

ical samples. In this project we considertax-

onomic groupsin which one standardspecimen
view is usedfor classificationpurposes. In this

casethe contour of the specimenoften contains
most of the information aboutits shape. Previ-

ous researchshaved that automaticclassification
of diatomspecimensasedntheirshaperoduces
goodresults[4].

Thereare differentwaysto describea closed
contour In the past,methodsbasedon Fourierde-
scriptorsandmorphologicakurvaturescalespaces
as well as other methodshave beenusedto de-
scribebiological specimeng7, 8]. We areinter
estedin a methodthat would allow us to recon-
struct the contourfrom its description. Previous
researct8] hasshown thatthe contourcurvature
changedittle for a diatomspeciesduring the life
cycle andthat this can be usedfor distinguishing
betweendifferentspecies(Figure 3). Fourier de-
scriptors,on the other hand, changesignificantly
asthe shapeof diatomschanges ASMs allow re-
constructiorof the samplessowe decidedo build
anASM of the contoursandautomaticallychoose
thelandmarksfor our ASM atthe positionsof cur-
vatureextremaon the contourof biological speci-
mens.



Fig. 3. left: Scaledcontour curvaturesof sev-
eral Tabellaria flocculosaspecimensfrom pho-
tographsyight: contourcurvatureextractedfrom
adrawing of a Tabellaria flocculosaspecimen.

4. AUTOMATIC LANDMARK DETECTION

The diatom contour curvature profile does not
changemuchfor the samespeciever its life cy-

cle, but thereis somevariation. The heightsand
relative positionsof themajorextremaonly change
alittle; somelesssignificantextremamay appear
meirge or disappealFigure 3). We wish to model
both the featuresappearingonly in someof the
samplesand the featuresappearingin all of the
samplessowe build a templateT of typical cur-

vatureextremafor a speciesandincludein it both
typesof features. The templatecontainsdescrip-
tionsfor eachof the curvatureextremathatcanoc-

cur on the contour It includesfor eachextremum
its average(over the samples)position along the
contour(l;), averageheight (h;) andaveragecon-
tour tangentdirection (a;) at extremes position.
The templateassistsus in matchingthe extrema
of curvaturefoundin differentsampleswhich is

necessaryor landmarking.

We startprocessinghe digital photographof
diatomsby extractingthe contourof the specimen,
which is a difficult problemin its own right due
to the diffraction effect aroundthe diatom speci-
mens(Figure1). We dealwith it by subsequently
applyingautomaticthresholdingareaclosingand
aredfilling operations After thatwe extractall the
contourchainsfrom theimageandassumehatthe
chainwith the largestenclosedareais the contour
of thediatom. Extractingthe contourfrom a draw-
ing of adiatomis relatively straightforvard. After
this we smooththe extractedcontours,which are
representetby their chain-codeswith a Gaussian,
anddifferentiatethem,which givesusthe contour
cunvaturesasshavn in Figure3.

In the next stepwe build the templateasmen-
tioned above. First of all we find all significant
curvatureextremain all availablesamplegrom the
chosenrspecies We do this by building a morpho-
logical scalespaceusingthe methodof Leymarie
andLevine [6]. This methodhasbeenpreviously
successfullyappliedto describingdiatomcontours
in [8]. Thenwe matchthe curvatureextremafrom
differentsamplesn the basisof their height,rela-
tive positionsto eachotherandthe corresponding
contourtangentdirections. We countthe number
of occurrenceof eachextremumthroughall the
samplesanddisreggardthosewith low count. The
extremaappearingn mary samplesorrespondo
the consistentfeaturesin the curvatureplot. We
choosethe numberof suchlandmarks(V) asthe
numberof pointswe wantto extractfrom eachdi-
atom contour Thenwe storethe averagevalues
describingthe curvatureextremafor a speciesin
thetemplateT’ = {l;, h;, a; }Y ;.

The next stepis to put into correspondence
contour coordinatesand tangentdirectionsat the
placesof selectedandmarksn all diatomsamples.
We do soby matchingextremaof the samplecur-
vatureto the extremain the templatein the same
way asabove. If anextremumfrom the template
is not matchedto ary of the extremaon the sam-
ple thenwe useits averagerelative contourposi-
tion from thetemplateto extractthecorresponding
contourpoint coordinategndtangent.

After extracting the landmarksfrom the con-
tourswe have avectorof size3 N for eachdiatom:
2N elementsare the z and y landmarkcoordi-
natesand N arethe correspondingangentdirec-
tions. We align thelandmarkvectorsusingtransla-
tion androtationandnormalisehevectorelements
throughall the samplesby subtractingtheir mean
anddividing by their standardleviation.

Finally we performprincipal componenanal-
ysis (PCA) on the collecteddata. Previous re-
search[7] hasshaved that the distribution of di-
atomshapedatahasa strongnonlinearfunctional
relationship.Thereforewe adopta nonlinearPCA
approachwherewe represeniour dataas a mix-
ture of GaussiansFor illustrative purposesn the
examplein this paperwe have chosento usetwo
clustersand find the main modesof variationin
thesetwo clusters(Figure4).

We modelled the shape variation of two



Fig. 4. left column: main modesof variationin
thefirst clusterof thecontourASM; right column:
main modesof variationin the secondcluster

Fig. 5. Superimposedriginal and reconstructed
contoursof a drawing of a Tabellaria flocculosa
specimentogether with automatically extracted
landmarks

species. The data for the first species, Tabel-
laria flocculosa consistedof 16 digital pho-
tographs. The datafor the secondspecies,Sell-
aphora pupula consistedf 200photographs.

We found the curvatureof the diatomcontour
in a single drawing aswell. It wasvery similar
to thoseextractedfrom the photographsind con-
tainedthe samedistribution of curvatureextrema
(Figure 3). Thuswe wereableto matchthe land-
marksin the drawing to the extremain our speci-
mens,andextractthe correspondingontourpoint
coordinatesindtangentirections.

Weareableto reconstrucverycloselytheorig-
inal contoursof the dravn and photographedli-
atomsfrom the landmarkcoordinatesand corre-
spondingangentirectionsatthelandmarkausing
hermitecubicsplines(Figure5). We intendto use
thisideain future aspart of a procesgo automate
the productionof drawings.

5. CONCLUSIONS

In this articlewe have presenteé newv methodfor
automaticlandmarkdetectionon the contoursof
biological specimenswith applicationto building
ASMs of diatom contours. We have shoved both
photographicand drawvn specimendatamapwell

into ASMs. We canresynthesis¢he shapeof the
specimensvell fromrelatively few pointsautomat-
ically chosenat the placesof extremal curvature.
We arealsoableto modelthe shapevariationover
thelife cycle of adiatomspecies.
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