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Abstract

This paperdescribegurrentwork on a photo-idsystenfor humpbackvhales.Individualsof this
speciecanbeuniquelyidenti ed by thelight anddark pigmentatiorpatcheon their tails. We pro-
posesemi-automati@algorithmbasedn marker-controlledwatershedransformatiorfor sggmenting
the animal’s tail from the surroundingsea.We proposetting anafne invariantcoordinategrid to
theresultingsegmentation.The grid canbe adjustedaccordingto the level of occlusionby the sea.
A numericalfeaturevectorcapturingthe patch-distrilution with respecto the grid is thenautomati-
cally extractedandusedto matchtheindividual againstthe databasef similarly processedmages.
Keywords: photo-identi cation,biodivesity, wateishedsegmentation af ne-invariant coordinate
grid, similarity matding

1 Intr oduction

Individual identi cation of cetaceangmarinemammalsj.e. whales,dolphinsandporpoises)s of great
interestto marinebiologists. Identi cation plays an importantrole in their long-term studiesof the

populationandbehaioral patternsof themammald1, 4, 6]. The methodof photo-identi cationhinges
on the uniquenes®f the naturalmarkingswhich canbe capturedby photographinghe dorsal ns or

uk es(i.e. tail). Marine biologistsdiscoveredmore than 30 yearsago that humpbackwhalesexhibit

sufcient variationin their naturalmarkingsto allow theidenti cation of individualsbasednimagesof

their uk es. As the photographicollectionsgrew, so did the needfor moreef cient retrieval methods
thatwould allow aresearcheto quickly matchnew photographsgainsttheimagedatabase.

Thereareseveral approache$o 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/scarsSimilarly, WhaleNet[8] is a graphicaluserinter-
face(GUI) which allows the userto narrov down the searchfor matchesby visually selectingone of
18 uk etypes.Araabiextendsa curve-matchingechniquepriginally developedfor theidenti cation of
bottlenosedolphins[2], for theencodingof the uk e'strailing edgeof humpbackvhales[1].

The approachproposedn this papercompriseswo main steps,namelythe extractionof the uk e
region and patches andthe actualmatching. While Kehtarnaaz et al. [4] introducedan interactive
live-wirealgorithmfor the uk e extraction,we favourthe useof morphologicakegmentatiortools. And
while [4] introducesaf ne momentinvariantsasfeatureswe avoid the useof high orderintegrals by
constructingan af ne invariantgrid thatis automatically tted to the tail. To decreasehe effect of
differentlevels of occlusion(submersionpy the seathe grid canbe dynamicallyadjustedaccordingto
thelevel of occlusionof anothertail- candidatgor matching.Next, eachregion is characterizedyy the
relative contrikbution of darkandlight patchesThis mapsthevisualinformationinto anumericafeature
vectorwhich canthenbe comparedo thefeaturevectorsobtainedfrom otherimages.
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2 Fluke PatchesExtraction

Becausehe photographianaterialis typically quite challenging(small colour differencesetweenan-
imal and backgroundconfoundingfactorssuchaswater splash,highlights on wet surfaces,etc.) au-
tomaticsegmentationof the tail is unableto deliver the accurag requiredfor photo-identi cation. For
thatreasonwe have optedfor semi-automaticegmentatiorbasedon a marker - contmlled watershed
algorithm[3].

Thewatershedransformatioris a powverful andwell - establisheanathematicainorphologytool for
imagesegmentatiorwhich hasbeenusedin mary applicationg3]. Any gray-level imagecanbe con-
sideredasa topographicakurface.Floodingthis surfacefrom its minimawhile preventingthe meging
of watercomingfrom differencesourceswill resultin a partitioningof theimageinto catcthmentbasins
associatedavith eachminimum. If we applythis transformatiorto the gradientof animage,we should
obtain catchmentbasinscorrespondingo homogeneougray-level regions. The transform,however,
tendsto producean over-sggmentationdueto the local variationsin the gradient. A marker-controlled
transformationis a solutionto this problem.Thelocationandsupportof the minimais givena priori in
theform of marlkers,afterwhichthegradientimageis modi ed via morphologicareconstructiori3]. In
this way only the mostsigni cant gradientedgesn the areasof interestbetweenthe markersappeatin
the nal segmentation.

The tail extraction processs initialized by the user who speci esa roughinitial contour(marker)
within thetail. Thisis illustratedin Fig. 1.

Phiuke Phinder: mn_gn_00006.png
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Figurel: Originalimageandinitial roughmarker for thetail.

The watershedransformationis then appliedto the modi ed gradientand automaticallyproduces
an estimatedooundarycontourfor the uk e. Whenerer neededthe programinterfaceallows the user
to ne-tune theresultby interactizely introducingsetof additionalpositiveandnegativemarkers. The
noise-anderrorproneregion atthebasisof thetail (dueto wave occlusionwatersplashgtc.)is removed
by clipping the contour(Fig. 2).

Figure2: Watershed-basesbigmentationof uk e (greencontour). The uk e is clippedat its baseat a
usersuppliedpoint (blue)by tting aline parallelto theblueline connectinghe uk etips.
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Theuseris promptedo specifythreetail landmarksviz. theleft andright uk estips andthecentral
uk e notch. Thesdlandmarkshave alsobeenusedfor photo-identi cationof uk esin [5]. Next, we use
Otsu's gray-level thresholding 7] on the extracted uk e to obtainaninitial sgmentationinto darkand
light patches.

Finally, theinterfacesupportdocal thresholdingn orderto allow theuserto ne-tune this patchsey-
mentatiorin regionsof speciaintereswwheretheglobalthresholdindailedto catchsubtle but signi cant
details(Fig.3).

Figure 3: Final sgmentatiorresultdividedin black andwhite patcheauisedfor theidenti cation. The
threelandmarkpointsareindicatedasgreendots.

3 Matching

3.1 Fitting a Coordinate Grid

Imagestypically exhibit a large variationin viewing anglesdistancesand uk e inclination. In [4] it is

arguedthatsince uk e surfacesarenearlyplanarwith dimensionsigni cantly smallerthanthe distance
to thecamerathesevariationscanbe modelledusingaf ne transformationsuchasrotation,translation
andscaling.To berobustwith respecto theabore-mentionedariability, we thereforeproposea coordi-
nategrid thatis superimposedn thetail andwill divide it into Nr regions. Theideais very simpleand
straightforvard. A triangleLO R (Fig. 4) de ned via thethreepreselectethndmarkss constructed.

Figure4: Af ne grid construction.

Thebaseof thetriangle(theline connectinghe uk e'stipsL andR) is dividedin two equalpartsby
thepoint M . The symmetricalpointof M in respecto O, i.e. N is found. Each uk e is thendivided
into n partswith lines parallelto the medianN M . Thus,the grid delineatedNg = 4n 2 (thetips
areconsideredingleregions)grid regions. Theseregionsarelabelled1 throughN g by scanningeft to
right, top to bottom.For thegridonFig. 4n = 4;Ngr = 14.

Notice that sincethe constructionis solely basedon af ne invariant concepts(i.e. middle point,
symmetry equaldistancesparallellines),theresultinggrid is invariantunderaf ne transformations.
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3.2 Feature Extraction and Comparison

is computed Eachelement; equalgheratio of the numberof white pixelsto thetotal numberof pixels
in thei-th grid region. Thefeaturevectorfor each uk e imageis computedandstoredin a databasef

The matchingprocessnvolvesa comparisorof the featurevectorq calculatedrom a queryimage
agpinsteachentryf in F. Thisis doneby computingthe averageEuclideandistanceper uk e segment

P N
i:R Ii(q fi)2
d(qg;f) = F-%_NR ; 1)

i=1 i

wherethe indicatorvariablel; determinesf the correspondingegion of ary of the pair of uk esto
compareshouldbe consideredi.e.: | = | iql ,f Theindicatorequalsl for all regionsabove theclipping
line andO for theoneswhich areoccluded Becausalifferentregionswill beoccludedwith the different
uk eswe needto normalizethe distanceover the numberof regionsusedfor computationof the simi-
larity of ary pair of uk es. Theimagesin the databasarethenranked basedon their similarity to the
gueryimage.

3.3 Adaptive Adjustment of the Grid

The uk esaresubmegedinto the seaup 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 setl; = 0) or to adapttheirrelative size.If the rst approachis
adoptednecanloseimportantinformationfrom characteristipatchesmarkingslocatedin thepartially
occludedregions. We proposean adaptie grid adjustmenscheme.If the locationof the point N is
below the clipping line ¢ k LR, thelevel of occlusioncanbe de ned asthe ratio of the heightsof the
similartrianglesasdepictedn Fig.5:1 = h¢=h.
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Figure5: Adjustmentof the coordinategrid to accommodatéhe differentlevel of occlusion.

Whencomparinga queryimageto a potentialmatchfrom the databaséhelevelsof occlusionmaybe
different,i.e. 19 6 If. If the databasémagehasbeenoccludedmorethanthe queryi.e. if If > 19, to
preserethearearatio the clipping tail line of the queryhasto beadjustedo a new height:

wa  hth?

¢= 4= I'h%: 2

Analogouslyif 19 > T, the clipping line of the potentialmatchhasto be adjusted.In this mannerit is
possibleto usethe correctpartof the partially occludedregionswithin 4 LN R.

Thereforethe nal retrieval schemas modi ed asfollows. Initial matchingis performedasdescribed
in Section3.2. For the partially occludedregionswithin 4 LN R theindicatorvariableis setto 1. The
gueryis comparedagpinstthewholedatabaseThenthe grid adjustmentf performedoetweereachpair
of images:thequeryandthe candidatewvithin thetop 20 from theinitial ranking. Duringthis procesghe
featuresarerecomputedor thenew grid regionsandanewv nal rankingis performed.
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4 Results

A databasef 69 gray-scalémagesof humpbackvhale uk esof differentresolutionanddifferentquality
was available for testingthe proposedmethodology The databaséhasbeenmanually processedy
an expertand 32 individualswereidenti ed. For 5 of theseindividualstherewere 3 differentimages
available(triple) andfor therest(27) therewere2 imageseach(pairs)in the database.

4.1 Fluke and PatchesExtraction

Thewatershedeggmentatiorprovidedanexcellentcontourof thetail for mostof thedataat oneiteration
(immediatelyaftertheuserspeci esthetail marker). For theremainingimagegmainly of poorquality),
the usercould achiese very goodextractionafter few iterationsof ne-tuning additionalmarkersusing
the GUI. The subsequerthresholdingoroduceda very goodbinaryrepresentationf the uk esandthe
naturalmarkings.Figure6 illustratesthe performancef the uk esandpatchesxtractionfor 2 pairsof
imagesof thedatabaselt canbe seenthatthe segmentatiorcapturedheimportantmarkingswell.

e
B
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Figure6: Segmentatiorandgrid tting to two pairsof imagessubjectto af ne transformation.

4.2 Grid Fitting and Matching

Figure6 illustratesalsothegrids(n = 8;Nr = 30) tted to thesegmentedoairsof images.It shouldbe
notedthatsalientmarkingsappeain the correctgrid region independentlyf the viewing angleandtalil
slant,especiallyisible for the secondoair.

Two matchingstratgiesweretested.The rst oneignoresall completelyor partially (i.e. I = 0;8i :
Ri\ ¢ 6 ) occludedregions,andno grid adjustmentwasperformed. The secondstratey performs
grid adjustmentwithin the top 20 matchesobtainedafteraninitial rankingasdescribedn section3.3.
Althoughthe rst stratgy is fasterasit useshepre-computedeaturedatabas& andnore-computation
is neededthe seconneachiaresbetterretrieval resultsassummarizedn Tablel.

Tablel: Percentagef individualswhosetrue matchis rankedamongthetop k.

Gridadjustment k=10 | k=3 | k=1
No 942 | 81.1 | 60.8
Yes 100 84 66.7

Both stratgjiesreducedhe numberof imageswhich hadto be reviewed by the expertby a factorof
7. All imageshadtheir true matchranked amongsthe top 10 usingthe grid adjustmenttratey. For
morethantwo-thirdsof the databasémagesthe true match(eswere correctlyidenti ed asthe rst (or
rst andsecondn caseof triples). A moredif cult caseis illustratedin Fig. 7 wherethe true matchof
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a queryimagebelongingto a pair wasranked third. It canbe notedthat the “falsepositives” are still
visually similarto thequeryimage.

Ao 2
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Figure7: Queryimage(left framedin blue)and rst threematchesThetrue matchis framedin red.

5 Discussion

Thework reportedin this paperaddressesvo aspect®f the photo-identi cationproblem:the sggmen-
tation of relevantimageinformation( uk e, patchesndthe feature extraction and matding basedon
anaf ne invariantcoordinategrid.

Thesgmentatiorprogramhasbeentestedoy marinebiologistsduringa EurophlulesProjectsoftware
evaluationtestmeeting whereit hadavery favourablereception.

The performanceof the matding needsto be con rmed on a much larger 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 databasehe grid adjustmentwill
achieze moresubstantialmprovementin theretrieval performance.

The currentresearctefforts arefocusedon developinga salientpatternsdetector The descriptorsof
the salientmarkingsin respectto the afne coordinatesystem,could dramaticallyimprove the recall
speci city.
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