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Abstract

Thispaperdescribescurrentwork onaphoto-idsystemfor humpbackwhales.Individualsof this
speciescanbeuniquelyidenti�ed by thelight anddarkpigmentationpatcheson their tails. We pro-
posesemi-automaticalgorithmbasedonmarker-controlledwatershedtransformationfor segmenting
theanimal's tail from thesurroundingsea.We propose�tting anaf�ne invariantcoordinategrid to
theresultingsegmentation.Thegrid canbeadjustedaccordingto the level of occlusionby thesea.
A numericalfeaturevectorcapturingthepatch-distribution with respectto thegrid is thenautomati-
cally extractedandusedto matchtheindividualagainstthedatabaseof similarly processedimages.
Keywords: photo-identi�cation,biodiversity, watershedsegmentation,af�ne-invariant coordinate
grid, similarity matching

1 Intr oduction

Individual identi�cation of cetaceans(marinemammals,i.e. whales,dolphinsandporpoises)is of great
interestto marinebiologists. Identi�cation plays an importantrole in their long-termstudiesof the
populationandbehavioral patternsof themammals[1, 4, 6]. Themethodof photo-identi�cationhinges
on the uniquenessof the naturalmarkingswhich canbe capturedby photographingthe dorsal�ns or
�uk es(i.e. tail). Marine biologistsdiscoveredmorethan30 yearsagothat humpbackwhalesexhibit
suf�cient variationin theirnaturalmarkingsto allow theidenti�cation of individualsbasedon imagesof
their �uk es. As thephotographiccollectionsgrew, sodid theneedfor moreef�cient retrieval methods
thatwouldallow a researcherto quickly matchnew photographsagainsttheimagedatabase.

Thereareseveralapproachesto photo-identi�cationavailablein the literature. In [6] manuallygen-
eratedcodeis used,basedon a setof 38 generic�uk e patternswhich takesinto accountthe shapeof
the centralnotchandthe locationof blotches/scars.Similarly, WhaleNet[8] is a graphicaluserinter-
face(GUI) which allows the userto narrow down the searchfor matchesby visually selectingoneof
18 �uk e types.Araabiextendsacurve-matchingtechnique,originally developedfor theidenti�cation of
bottlenosedolphins[2], for theencodingof the�uk e's trailing edgeof humpbackwhales[1].

The approachproposedin this papercomprisestwo main steps,namelythe extractionof the �uk e
region andpatches,and the actualmatching. While Kehtarnavaz et al. [4] introducedan interactive
live-wirealgorithmfor the�uk eextraction,wefavour theuseof morphologicalsegmentationtools.And
while [4] introducesaf�ne momentinvariantsasfeatures,we avoid the useof high order integralsby
constructingan af�ne invariant grid that is automatically�tted to the tail. To decreasethe effect of
differentlevelsof occlusion(submersion)by theseathegrid canbedynamicallyadjustedaccordingto
the level of occlusionof anothertail- candidatefor matching.Next, eachregion is characterizedby the
relativecontributionof darkandlight patches.Thismapsthevisualinformationinto anumericalfeature
vectorwhichcanthenbecomparedto thefeaturevectorsobtainedfrom otherimages.
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2 FlukePatchesExtraction

Becausethephotographicmaterialis typically quitechallenging(small colourdifferencesbetweenan-
imal andbackground,confoundingfactorssuchaswatersplash,highlightson wet surfaces,etc.) au-
tomaticsegmentationof the tail is unableto deliver theaccuracy requiredfor photo-identi�cation. For
that reason,we have optedfor semi-automaticsegmentationbasedon a marker - controlled watershed
algorithm[3].

Thewatershedtransformationis a powerful andwell - establishedmathematicalmorphologytool for
imagesegmentationwhich hasbeenusedin many applications[3]. Any gray-level imagecanbe con-
sideredasa topographicalsurface.Floodingthis surfacefrom its minimawhile preventingthemerging
of watercomingfrom differencesources,will resultin apartitioningof theimageinto catchmentbasins
associatedwith eachminimum. If we apply this transformationto thegradientof an image,we should
obtaincatchmentbasinscorrespondingto homogeneousgray-level regions. The transform,however,
tendsto produceanover-segmentationdueto the local variationsin thegradient.A marker-controlled
transformationis a solutionto this problem.Thelocationandsupportof theminimais givena priori in
theform of markers,afterwhich thegradientimageis modi�ed via morphologicalreconstruction[3]. In
this way only themostsigni�cant gradientedgesin theareasof interestbetweenthemarkersappearin
the�nal segmentation.

The tail extractionprocessis initialized by the user, who speci�esa roughinitial contour(marker)
within thetail. This is illustratedin Fig. 1.

Figure1: Original imageandinitial roughmarker for thetail.

The watershedtransformationis thenappliedto the modi�ed gradientandautomaticallyproduces
an estimatedboundarycontourfor the �uk e. Whenever needed,the programinterfaceallows the user
to �ne-tune the resultby interactively introducingsetof additionalpositiveandnegativemarkers. The
noise-anderror-proneregionatthebasisof thetail (dueto waveocclusion,watersplash,etc.) is removed
by clipping thecontour(Fig. 2).

Figure2: Watershed-basedsegmentationof �uk e (greencontour). The �uk e is clippedat its baseat a
user-suppliedpoint (blue)by �tting a line parallelto theblueline connectingthe�uk e tips.
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Theuseris promptedto specifythreetail landmarks, viz. theleft andright �uk estips andthecentral
�uk e notch.Theselandmarkshave alsobeenusedfor photo-identi�cationof �uk esin [5]. Next, we use
Otsu's gray-level thresholding[7] on theextracted�uk e to obtainan initial segmentationinto darkand
light patches.

Finally, theinterfacesupportslocal thresholdingin orderto allow theuserto �ne-tune this patchseg-
mentationin regionsof specialinterestwheretheglobalthresholdingfailedtocatchsubtle,but signi�cant
details(Fig.3).

Figure3: Final segmentationresultdivided in blackandwhite patchesusedfor the identi�cation. The
threelandmarkpointsareindicatedasgreendots.

3 Matching

3.1 Fitting a Coordinate Grid

Imagestypically exhibit a largevariationin viewing angles,distancesand�uk e inclination. In [4] it is
arguedthatsince�uk esurfacesarenearlyplanarwith dimensionssigni�cantly smallerthanthedistance
to thecamera,thesevariationscanbemodelledusingaf�ne transformationssuchasrotation,translation
andscaling.To berobustwith respectto theabove-mentionedvariability, wethereforeproposeacoordi-
nategrid thatis superimposedon thetail andwill divide it into NR regions.Theideais very simpleand
straightforward.A triangleLO R (Fig. 4) de�ned via thethreepreselectedlandmarksis constructed.
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Figure4: Af�ne grid construction.

Thebaseof thetriangle(theline connectingthe�uk e's tipsL andR) is dividedin two equalpartsby
thepoint M . Thesymmetricalpoint of M in respectto O, i.e. N is found. Each�uk e is thendivided
into n partswith lines parallel to the medianN M . Thus,the grid delineatesNR = 4n � 2 (the tips
areconsideredsingleregions)grid regions.Theseregionsarelabelled1 throughNR by scanningleft to
right, top to bottom.For thegrid on Fig. 4 n = 4; NR = 14.

Notice that sincethe constructionis solely basedon af�ne invariant concepts(i.e. middle point,
symmetry, equaldistances,parallellines),theresultinggrid is invariantunderaf�ne transformations.



3.2 FeatureExtractionandComparison ElenaRanguelovaetal

3.2 Feature Extraction and Comparison

After thegrid hasbeen�tted to thesegmented�uk eanNR -dimensionalfeaturevectorf = (f 1; : : : ; f NR )
is computed.Eachelementf i equalstheratioof thenumberof whitepixelsto thetotalnumberof pixels
in the i -th grid region. Thefeaturevectorfor each�uk e imageis computedandstoredin a databaseof
featuresF = f f1; : : : ; fN g for all N imagesof theimagedatabase.

The matchingprocessinvolvesa comparisonof the featurevectorq calculatedfrom a queryimage
againsteachentryf in F. This is doneby computingtheaverageEuclideandistanceper�uk esegment

d(q; f ) =

q P NR
i =1 I i (qi � f i )2

P NR
i =1 I i

; (1)

wherethe indicatorvariableI i determinesif the correspondingregion of any of the pair of �uk es to
compareshouldbeconsidered,i.e.: I i = I q

i I f
i . Theindicatorequals1 for all regionsabove theclipping

line and0 for theoneswhichareoccluded.Becausedifferentregionswill beoccludedwith thedifferent
�uk eswe needto normalizethedistanceover thenumberof regionsusedfor computationof thesimi-
larity of any pair of �uk es. The imagesin thedatabasearethenrankedbasedon their similarity to the
queryimage.

3.3 AdaptiveAdjustment of the Grid

The �uk esaresubmergedinto theseaup to a differentlevel, thereforethe totally or partially occluded
grid regions are not directly comparable.Thereare two ways of dealingwith this problem,namely
ignoringall affectedgrid regions(i.e. to setI i = 0) or to adapttheir relativesize.If the�rst approachis
adoptedonecanloseimportantinformationfrom characteristicpatches/markingslocatedin thepartially
occludedregions. We proposean adaptive grid adjustmentscheme.If the locationof the point N is
below theclipping line c k LR , the level of occlusioncanbe de�ned asthe ratio of theheightsof the
similar trianglesasdepictedin Fig.5: l = hc=h.
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Figure5: Adjustmentof thecoordinategrid to accommodatethedifferentlevel of occlusion.

Whencomparingaqueryimageto apotentialmatchfrom thedatabasethelevelsof occlusionmaybe
different,i.e. lq 6= l f . If thedatabaseimagehasbeenoccludedmorethanthequery, i.e. if l f > lq , to
preserve thearearatio theclipping tail line of thequeryhasto beadjustedto anew height:

~hq
c =

hf
chq

hf = l f hq : (2)

Analogouslyif lq > l f , theclipping line of thepotentialmatchhasto beadjusted.In this manner, it is
possibleto usethecorrectpartof thepartiallyoccludedregionswithin 4 LN R.

Thereforethe�nal retrieval schemeis modi�ed asfollows. Initial matchingis performedasdescribed
in Section3.2. For thepartially occludedregionswithin 4 LN R the indicatorvariableis setto 1. The
queryis comparedagainstthewholedatabase.Thenthegrid adjustmentif performedbetweeneachpair
of images:thequeryandthecandidatewithin thetop20from theinitial ranking.Duringthisprocessthe
featuresarerecomputedfor thenew grid regionsanda new �nal rankingis performed.
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4 Results

A databaseof 69gray-scaleimagesof humpbackwhale�uk esof differentresolutionanddifferentquality
was available for testingthe proposedmethodology. The databasehasbeenmanuallyprocessedby
an expert and32 individualswereidenti�ed. For 5 of theseindividualstherewere3 different images
available(triple) andfor therest(27) therewere2 imageseach(pairs)in thedatabase.

4.1 Flukeand PatchesExtraction

Thewatershedsegmentationprovidedanexcellentcontourof thetail for mostof thedataatoneiteration
(immediatelyaftertheuserspeci�esthetail marker). For theremainingimages(mainlyof poorquality),
theusercouldachieve very goodextractionafter few iterationsof �ne-tuning additionalmarkersusing
theGUI. Thesubsequentthresholdingproduceda very goodbinaryrepresentationof the�uk esandthe
naturalmarkings.Figure6 illustratestheperformanceof the�uk esandpatchesextractionfor 2 pairsof
imagesof thedatabase.It canbeseenthatthesegmentationcapturedtheimportantmarkingswell.
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Figure6: Segmentationandgrid �tting to two pairsof imagessubjectto af�ne transformation.

4.2 Grid Fitting and Matching

Figure6 illustratesalsothegrids(n = 8; NR = 30) �tted to thesegmentedpairsof images.It shouldbe
notedthatsalientmarkingsappearin thecorrectgrid region independentlyof theviewing angleandtail
slant,especiallyvisible for thesecondpair.

Two matchingstrategiesweretested.The�rst oneignoresall completelyor partially (i.e. I i = 0; 8i :
Ri \ c 6= � ) occludedregions,andno grid adjustmentwasperformed.The secondstrategy performs
grid adjustmentwithin the top 20 matchesobtainedafteran initial rankingasdescribedin section3.3.
Althoughthe�rst strategy is fasterasit usesthepre-computedfeaturedatabaseF andnore-computation
is needed,thesecondoneachievesbetterretrieval resultsassummarizedin Table1.

Table1: Percentageof individualswhosetruematchis rankedamongthetopk.

Grid adjustment k = 10 k = 3 k = 1
No 94.2 81.1 60.8
Yes 100 84 66.7

Both strategiesreducedthenumberof imageswhich hadto bereviewedby theexpertby a factorof
7. All imageshadtheir true matchranked amongstthe top 10 usingthe grid adjustmentstrategy. For
morethantwo-thirdsof thedatabaseimagesthetruematch(es)werecorrectlyidenti�ed asthe �rst (or
�rst andsecondin caseof triples). A moredif�cult caseis illustratedin Fig. 7 wherethetruematchof
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a queryimagebelongingto a pair wasranked third. It canbe notedthat the “f alsepositives” arestill
visuallysimilar to thequeryimage.

Figure7: Queryimage(left framedin blue)and�rst threematches.Thetruematchis framedin red.

5 Discussion

Thework reportedin this paperaddressestwo aspectsof thephoto-identi�cationproblem:thesegmen-
tation of relevant imageinformation(�uk e, patches)andthe feature extractionandmatching basedon
anaf�ne invariantcoordinategrid.

Thesegmentationprogramhasbeentestedby marinebiologistsduringaEurophlukesProjectsoftware
evaluationtestmeeting,whereit hadavery favourablereception.

The performanceof the matching needsto be con�rmed on a muchlarger database.However, the
methodologyis quite genericand can easily be extendedto other photo-identi�cationproblems(e.g.
dorsal �ns for dolphins). Also, our hypothesisis that on a larger databasethe grid adjustmentwill
achievemoresubstantialimprovementin theretrieval performance.

Thecurrentresearchefforts arefocusedon developinga salientpatternsdetector. Thedescriptorsof
the salientmarkingsin respectto the af�ne coordinatesystem,could dramaticallyimprove the recall
speci�city.
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