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Abstract

We presentresults of the largest experimentalinves-
tigation of ear biometricsto date Appmades consid-
ered include a PCA (“eigen-ear”) approach with 2D in-
tensityimages, achieving 63.8% rank-onerecanition; a
PCAappmoadc with range images,achieving 55.3%;Haus-
dorff matcing of edge imagesfrom range images, achiev-
ing 67.5%; and ICP matding of the 3D data, achieving
98.7%. ICP basedmatding not only achievesthe best
performance but also showsgood scalability with size of
dataset. The data set usedrepresentsover 300 persons,
ead with imagesacquired on at leasttwo different dates.
In addition, the ICP-basedappmad is further appliedon
an expandeddata setof 404 subjectsand achieves97.5%
rank onerecanition rate In order to testthe robustness
and variability of ear biometrics,ear symmetryis alsoin-
vestigatedIn our experiment@round90%of peoplesright
earandleft ear are symmetric.

Keyword: biometrics,earbiometrics,3-D shape prin-
cipal componenanalysis/terative closesipoint, Hausdorf
distancegarsymmetry

1 Intr oduction

Researcherhave suggestedhat the shapeand appear
anceof the humanearis uniqueto eachindividual and
relatively unchangingduring the lifetime of an adult[11].
Therefore the earhasbeenproposedor usein biometrics
[4, 11, 5, 10]. In fact, the earmay alreadybe usedinfor-
mally asa biometric. For example the United Statedmmi-
grationandNaturalizationService(INS) hasa form giving
speci cationsfor thephotograptihatindicateghattheright
earshouldbevisible [INS Form M-378 (6-92)].

Morenoetal. [12] experimentwith threeneuralnetap-
proachesgo recognitionfrom 2D intensity imagesof the
ear Their testingusesa gallery of 28 personsplus an-
other 20 personsnot in the gallery They nd a recogni-
tion rateof 93%for the bestof the threeapproachesThey
considerthreemethodsof combiningresultsof the differ-
entapproaches Borda, BayesianandweightedBayesian

combination-but do not nd improved performanceover
thebestindividual method.

PCA (Principal ComponentAnalysis) on 2D intensity
imagesfor earbiometricshasbeenexploredby Victor [18]
and Chang[5]. The two studiesobtaineddifferentresults
whencomparedwith the performanceof facial biometrics.
Both ear and face showv similar performancein Changs
study while earperformanceés worsethanfacein Victor's
study Changexplainedthatthe differencemight be dueto
differing earimagequality in the two studies.

Yuizono[22] implementeda recognitionsystemfor 2D
intensityimagesof the earusinggeneticsearch.In the ex-
perimenthey had660imagesfrom 110personswith 6 im-
agesperperson.They reportedthatthe recognitionratefor
theregisterecbersonsvasapproximatelyl00%,andthere-
jectionratefor unknonvn personsvas100%.

BhanuandChenpresented 3D earrecognitionmethod
using a local surfaceshapedescriptor[3]. The local sur
facepatchesarede ned by the featurepoint andits neigh-
bors, andthe patchdescriptorconsistsof its centroid,2D
histogramand surfacetype. Thereare four majors steps
in the method: featurepoint extraction, local surfacede-
scription, off-line modelbuilding andrecognition. Twenty
rangeimagesfrom 10 individuals(2 imageseach)areused
in the experimentsaanda 100%recognitionrateis achieved
for theirdatasetWe implementedheirmethodfrom thede-
scriptionin [3]. Slight differencesveredeterminecdexperi-
mentally: (1) Dueto the noisy natureof rangedata,thefea-
ture pointsare determinecby the shapeindex type instead
of the shapeindex value. (2) Consideringthe computation
time required,comparisonof the two local surfaceswas
doneonly whentheir Euclideandistancewaslessthan 40
pixels. This assumptioris valid in our dataset.Using two
imageseachfrom the rst 10 individualsin our datasetye
alsofounda 100%recognitionrate. But whenwe increased
the dataseto 202 individuals,the performancealroppedto
33% (68 out of 202). The computationtime requiredfor
this techniquewasalsolargerthanthatfor PCA-basedand
edge-basetkechniqueshatwe investigated.

In [7], ChenandBhanuusedtwo-steplCP on a dataset
of 30 subjectswith 3D earimages.First,theearhelix is au-



tomaticallydetectedisingthe 3D depthvalue. Theninitial
rigid transformations computedfrom a coarsealignment
betweertestearhelix andmodelearhelix. And nally the
rootmeansquareegistrationerroris obtainedrom thesec-
ondstepby usingall the pointsfrom the ear They claimed
thattheexperimentakesultswith 2 incorrectmatcheut of
30 pairsof eararereached.

Pun and Moon [15] have surweyed the still-relatively-
small literature on ear biometrics. They summarizedel-
ementsof ve approachegor which experimentalresults
have beenpublishedb, 10, 3, 4, 22].

Hurley et al. [10] developeda novel featureextraction
techniqueby using force eld transformation. Eachim-
ageis representetly acompactharacteristiwector, which
is remarkablyinvariantto initialization, scale rotationand
noise. The experimentdisplaysthe robustnessf thetech-
nigueto extractthe2D ear No earrecognitionexperimental
resultswerereportedn the paper

The work presentedn this paperis uniquein several
pointswith respectto prior work. We reportresultsfrom
thelargestexperimentaldataseto date,in termsof number
of personsor numberof imagesor numberof algorithms
considered. Only one other work hasconsidered3D ear
recognition[3], andwe comparethreeotherapproache$o
3D earrecognitionand nd thatall exceedtheperformance
of thepreviousproposedpproachQursis the rst work to
considePCA-basedecognitionusing3D earimages.Also
becauseve usealargeexperimentaldatasetye areableto
explorehow thedifferentalgorithmsscalewith datasesize.

2 Data Acquisition

All the imagesusedin this paperwere acquiredat the
University of Notre Dame betweenOctober7, 2003 and
Decembef 0,2004.In eachacquisitionsessionthesubject
satapproximatelyl.5 metersaway from the sensor with
theleft sideof the facefacingthe Minolta Vivid 910range
scanner One 640x4803D scanandone 640 x 480 color
imageareobtainednearlysimultaneously

Theearliestgoodimagefor eachof 302personsvasen-
rolled in the gallery. The galleryis the setof imagesthat
a“probe” imageis matchedagainstfor identi cation. The
latestgoodimageof eachpersorwasusedasthe probefor
that person. A subsetof 202 personsof datawas usedto
explore algorithmoptionsin someinitial experimentsand
thelarger setof 302 personss usedfor nal experiments.
In addition, the ICP-basedapproachis further appliedon
anexpandedatasetof 404 subjectsimagesn thegallery
areenrolledinto thesystentor identi cation. Imagesn the
probesetareappliedto be matchedagainsthoseimagesn
thegallery.

3 Preprocessingand Ear Extraction

Datanormalizationis appliedseparatelyon the 2D and
3D data. And the normalizedimagesareusedfor the PCA
andedge-basedpproachesThe ICP-basedipproactdoes
not require such extensive normalization. Details of the
stepsfor normalizationcanbefoundin [20].

3.1 Landmark Selection

We have investigatedhreedifferentlandmarkselection
methods. The rst methodis the two-point landmarkde-
scribedin [5]. The upper point is called the Triangular

Fossaandthe lower pointis calledthe Antitragus[11], see
Figurel(a).

(a) Landmark1:Using TriangularFossaandAntitragus

(b) Landmark2:Using TriangularFossaandIncisurelntertragica
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(c) Landmark3:Using Two Lines

Figure 1. Example of Ear Landmarks

Therationalefor usinglandmarkss thatthe positionof
thelandmarkis stableover time for a particularear How-
ever, thesetwo pointsarenot easilydetectedn all images.
For instancemary earsin our studyhave a smallor subtle
Antitragus. The ambiguityin markingthis landmarkposi-
tion might affect the ear extraction. Two differentpoints
from the Antitragus might be marked on the sameearon
two differentdates. In orderto solve this problem, two
otherlandmarkmethodsvereexamined.Thesecondneis



similarto the rst two-pointlandmark,but we usedthe In-
cisurelntertragicansteadf Antitragusasthesecondoint,
shawn in Figure 1(b). The orientationof the line connect-
ing thesetwo pointsis usedto determinethe orientationof
the ear anddistancebetweernthemis usedto measurghe
sizeof theear But thesizeof theeardoesnothave alinear
relationshipwith the distancebetweerthesetwo points. In
orderto maximizethe croppedear portion, we developed
the third methodasthe two-line landmark,showvn in Fig-
ure 1(b). Oneline is alongthe borderbetweerthe earand
theface,andthe otheris from thetop of the earto the bot-
tom. Unlike thetwo-pointlandmarkthetwo-line landmark
promisedo nd mostof theear

In our experiments,the secondmethodis adoptedfor
furtherearextractionin the PCA-basedndedge-basedl-
gorithms,sinceit is goodat blocking out backgroundand
avoiding ambiguity The two-line landmarkis usedin the
ICP-basedalgorithm.ICP useghereal 3D rangedatain the
matchingprocedureandthe two matchingsurfacesshould
overlap. The two-line landmarkgives the opportunityto
extract the whole ear for matching,but at the sametime,
it always includessomebackgroundwhich increaseshe
backgroundrariation,andaffectsthe PCA-basedndedge-
basedperformance.

3.2 Ear Extraction

Earextractionis basedn thelandmarkiocationson the
original earimages. The original earimages(640 x 480)
are croppedto (87x124)for 2D and (68x87)for 3D ears.
The2D earimagehasbeenscaledup for betterexperimen-
tal result,while no scalingis appliedon 3D earrangeim-
agessincethe pixel sizeis constantover differentimages.
Thenormalizedmagesaremasledto “gray out” the back-
groundandonly theearis kept.

4 PCA for 2D and 3D Recognition

The PCA (Principal ComponentAnalysis) basedap-
proachhasbeenwidely usedin facerecognition16, 17, 14,
6]. It wasalsousedby Chang[5] in evaluationof 2D ear
andfacebiometrics. In our experiments,a standardPCA
implementatiorf2] is used.Figure 2 shovs an exampleof
theimageswe usedfor PCA.

For eachof the 302 subjects,the earliestgood quality
2D and 3D imagesare usedfor the 2D and 3D ear space
galleries,respectiely. The latestgood quality imagesare
usedasprobes.For PCA-basedlgorithms gigervaluesand
eigervectorsare computedrom the imagesin the training
set. In our experiment,the training setis the setof gallery
images. The “ear space”is picked out from the eigervec-
torscorrespondingo all theeigervalues.Thebestrank-one
recognitionrate for 2D ear datais 63.6% when dropping

(a) 2D intensityear (b) 3D depthvalueear

Figure 2. Ear Images As Used For PCA

rst 2 andlast 23 eigervectors. The bestperformanceor

the 3D eardatais 55.3%whendropping rst two eigervec-
tors. The YamborAngle [8] distancemetricis used. Eu-
clideandistancewastestedbut gave lower performance.

4.1 2D Ear Data

Two differentscalingsof the earsizesare examinedon
2D data. Oneis setasthe actualsize of the ear andthe
otheris setat1.25timesthesizeof ear Effectively, thisjust
change$how muchof theearandbackgroundappeain the
images.

The PCA recognitionrateis 66.9%whenusing2D reg-
ular earsizefor 202 subjects. Looking closely at the im-
agescreatedrom theeigervectorsassociateavith 3 largest
eigervalues,it was apparentthat eachof them had some
spacebehindthe contourof ear Scalingthe earto 1.25
times the original size, the performanceincreasedfrom
66.9%to 71.4%when using 202 subjects. Using the en-
larged ear, the performances at 63.6% when using 302
subjectsasshovnin Figureb.

Changobtained73% rank-onerecognitionwith 88 per
sonsin the galleryanda singletime-lapseprobeimageper
person[5]. Our rank onerecognitionrate for PCA-based
earrecognitionusing 2D intensityimageswith the rst 88
personss 76.1%,which is similar to the resultsobtained
by Chang,eventhoughwe useda differentimagedataset
anddifferentlandmarkpoints. Thusour 2D earrecognition
performanceshouldberepresentatie of the stateof theart.

4.2 3D Ear Data

Two differentexperimentsvereconductednthe3D ear
data. Oneis usingthe original earrangedata,the otheris
applyingmeanandmedian Iters ontheoriginal datato Il
the holesof the croppedear The performancas improved
from 58.4%to 64.8%with hole lling whenusing202sub-
jects. This s still notvery goodin anabsolutesense.One
possiblereasonis that the ear structureis quite comple,
and so using meanand median Iter alone might not be



goodenoughto Il holesin the 3D rangedata. Applying
hole lling on the 302 subjects,the performancestaysat
55.3%rankonerecognitionrate,andseefFigure5.

5 Hausdorff RangeEdge Matching

Holesin therangedatadegradethe performancelramat-
ically in the PCA-basedipproach Evenafterwe Il holes,
the performancas still notasgoodaswe hopedfor. After
looking carefullyatthe 2D and3D data,we noticedthatthe
edgestructurein the 3D depthdatalooksmuchmorestable
thanin the 2D intensitydata.

(a) 2D intensitydata (b) 3D Depthdata

(c) Edgeimageof (a) (d) Edgeimageof (b)
Figure 3. Same ear's 2D and 3D Ear Data and
Associated Edge Images. Canny Edge De-
tector Parameters are sigma = 1.0; Ty =
0:5; Thigh = 05

Figures3(a)and3(b) shav the 2D and3D imagestaken
on two differentdaysof the samepersons ear The Canry
edgedetectomwith thesameparameterss appliedto the2D
and 3D eardata,andthe edgeimagesareshowvn in Figure
3(c) and 3(d). Here,singleisolatededgepixels are elimi-
natedfrom the edgeimages.It is obviousthatedgeimages
of the rangeimageare muchcleanerthanfor the 2D edge
images. This is the motivation to develop an edge-based
Hausdorf distancemethodfor 3D earrecognitionusingthe
rangeimage.

Different parameterhiave beenexaminedand the best
rankonerecognitionrateachieres67.5%,which is signi -
cantlybetterthanthe 3D PCA performancg20].

6 ICP BasedEar Recognition

Besl and McKay's classiclCP algorithm hasbeenim-
plemented1]. Givena setof sourcepointsP anda setof

model points X, the goal of ICP isto nd therigid trans-
formation T that bestaligns P with X. Beginning with a
startingestimateof the registrationTy, the algorithmitera-
tively calculatesa sequencef transformationd; until the
registrationcorverges. In a 3D faceimage,the eyesand
moutharecommonplacesto have holesandspikes.3D ear
imagesdo exhibit somespikesandholesdueto oily skinor

sensokerror, butmuchlessoftenthanin the3D faceimages.
Therefordn ourexperimentanexplicit outlierremoval step
is notused.Theiterationnumberis setas50, andthe cutoff

for thedistanceas 0.0001mm.

At eachiteration, the algorithm computescorrespon-
dencesby nding closestpoints, and then minimizesthe
meansquareerror betweenthe correspondencesA good
initial estimateof the transformationis required,and all
scenepoints are assumedo have correspondenceis the
model. The centroidof the extractedearis usedasa start-
ing pointin our experiments.

6.1 Ear Extraction

Earextractionis basedn thelandmarklineslocatedon
the original earimages. In the truthwriting process,two
linesareusedto nd the orientationandscalingof the ear
[21]. Accordingto that,the maskis rotatedandscaledand
appliedon the original image. The maskis usedto select
a subsetof the 3D datato be usedin matching. Different
earsizesresultin variancein the amountof eardataafter
extraction.Figure4 shavs anexampleof theoriginalimage
and mask, along with the appropriatemaskand extracted
ear Theoriginalpro le facescan(640x 480)is croppedo
(116x136)in sizefor theearregion.

(a) Original Imagel (b) Originallmage2

(c) Maskof (a) (d) Extractedear (e) Maskof (b) (f) Extractedear

Figure 4. Ear Mask and Cropped 3D Data
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Figure 5. Performance of Different Approaches

6.2 ImprovedICP

Ourinitial resultsusingbasiclCP reach84.1%rankone
recognitionrate.Variousre nementswereconsideredser-
eral of which were incorporatedinto an improved algo-
rithm. The amountof the ear shapeusedin the gallery
and proberepresentations/as adjustedto reduceinterfer
encefrom the background.A stepto remove outlier point
matcheswas addedto reducethe effects of incorrectcor
respondencesOur improved algorithm producessubstan-
tially betterresults. Using the 302-persordatasetwith a
single 3D ear scanasthe gallery enrollmentfor a person,
anda single3D earscanasthe probefor a personthe new
algorithmachieves98.7%rank-onerecognition[21].

6.3 ExtendedData Size

By including 102 more subjectswe acquiredfrom Fall,
2004, we obtain a datasetwith 404 subjects,which is so
farthelargestdatasefor the earbiometricsin term of sub-
ject size. The imageacquisition,landmarkselectionand
earextractionareasdescribedn the previous section.The
ICP-basedpproaclyields97.5%rankonerecognitionrate
onthe404-persorlataset.

7 Scalingwith DatasetSize

It hasbeensuggestedhat scalingof performancewith
datasesizeis a critical issuein biometrics[13, 14]. Some

techniguesscalebetterto larger datasetghan others. A
goodalgorithmshouldkeepthe performanceawithin a rea-
sonablerangewhenthe datasize expands. Table 1 shavs
the scalability of the 3D ICP and 2D PCA with different
gallerysizes.

PCA ICP
Gallery Size=25 | 23 | 92% | 25 | 100%
Gallery Size=50 | 42 | 84% | 49 | 98%
Gallery Size=100| 75 | 75% | 99 | 99%
Gallery Size=150 | 103 | 68.7% | 149 | 99.3%
Gallery Size=200 | 135 | 67.5% | 199 | 99.5%
Gallery Size=302 | 192 | 63.6% | 298 | 98.7%

Table 1. PCA and ICP Performance Varied by
Data Size

When the gallery size is 25, PCA has 92% rank-one
recognition,and ICP is at 100%. As gallery size dou-
bles,thereis arounda 10% dropin the PCA performance,
andwhenthegalleryhas302 subjectsthe performancele-
creaseso 63.8%.However, ICP shovs amuchbetterscal-
ability. Whenthegallerysizedoublesthereis lessthan1%
dropin ICP performanceandit still reache€98.7%rank
onerecognitionratewhenthegallerysizeis 302 subjects.

Checkingall the incorrectmatchedor differentgallery
size, thereis one image (shovn as Figure 6(b)) that was
alwaysmismatched And of the new incorrectmatchesap-
pearingin datasize302,two of them(shovn asFigure6(a)



and6(g)) arenew to all the otherexperimentsusingdiffer-
entdatasize,oneof them(shovn asFigure6(c))dropsfrom
rankoneto ranktwo whenthe datasizeincrease$rom 200
to 302.

(a) Hair Covered (b) Hair Covered (c) Hair Covered

(d) 2D of (a) (e) 2D of (b) (f) 2D of (c)

(9) Gallery (h) Probe

Figure 6. Four Incorrect Matches

8 Statistical Signi cance Testing

Four single-biometricexperimentsvereexploredexten-
sively in the previoussectionsrepresentedsa Cumulatve
Match CharacteristiqCMC) Curwve in Figure5. A CMC
curve indicatesthe probability that correctmatchesappear
within somespeci ed candidatesize. The fasterthe CMC
curve approached, the betterthe matchingalgorithmis.
The ICP-basedapproachhasthe highestperformancefol-
lowed by the 3D edge-basedpproach then followed by
PCA approacton 2D intensityimagesandPCA onthe3D
rangeimages. Another 3D earrecognitionmethoddueto
Bhanuand Chen[3] wasinitially consideredut dropped
in favor of the other methodsdescribed.In orderto ana-
lyze the performancalifferencebetweermethodsstatisti-
cal signi cancetestswereconducted.

The rank onerecognitionrate canbe addressedsa bi-
nomial distribution problem. The correctmatchingrateis
the probability of succesp andincorrectmatchingrateis
the probability of failure g, wherep + q = 1. Whenthe

samplesize becomedarger, the binomial distribution be-
gins to corverge to a normal distribution. Thatis, for a
large enoughsamplesize N, a binomial variable X is ap-
proximatelyto N (N p;N pg). Fairly goodresultsare usu-
ally obtainedwhenN pg 3. Here,p is the proportionof
obsenedcorrectmatchespvaluefor eachmethods shovn
in Table2. In our circumstancesamplesizeN = 302, with
alNpg 3.

ICP | 2D PCA | 3D PCA | Edge-based
b 0.987| 0.636 | 0.553 0.675
b 0.013] 0.364 | 0.447 0.325
Npho| 3.87| 69.91 | 74.65 66.25

Table 2. Proportion of Observed Correct
Matches

Giventwo methodswith samplesizeasN; andN,, and
proportionof obsened correctmatchesasp, and p,, the
teststatisticfor Hp : py = p2 is

e b P
|
N1+ N X1+ X X1+ X
(Nllsz)(Ni+N§)(1 N1+N§)

whereX; = pp N3 andX,=p, Nj:

Table 3 is constructedisingthe 0.05level of signi cance.
It is well known that signi cance levels from the pairwise
comparisongmight be misleading. Simply it meansthat
whentoo mary comparisongrecarriedout, theresultmay
suggesstatisticallysigni cant differencesvenif nodiffer-

enceexists [9]. The Bonferronicorrectionhasbeenused
posthocto determinethe signi cance of multiple tests[9].

It basicallymultiplies eachof the signi cance levels from
the z testby the numberof testsperformed.If thisvalueis
greaterthanl, asigni cancelevel of 1 is used.

The “reject” in Table 3 refersto rejectingthe null hy-
pothesisof no signi cant difference. The performanceof
the ICP-basedalgorithmis statisticallysigni cantly better
thanthe otherthreemethods.The edge-base@erformance
is statisticallysigni cantly betterthanthe 3D PCA-based
method.

9 Ear Symmetry Experiment

So far the eardatausedin our experimentsis of good
quality, and the gallery and probe imagesare basically
straight-onearimages,of the sameear on differentdays.
We calledthis “controlled conditions”. It would beveryin-
terestingto look at the experimentalresultsfrom lesscon-
trolled conditions.

Onelesscontrolledapproachs matchinga mirroredleft
or right ear which meanghatfor onesubjectwe enroll his



Edge 2DPCA 3DPCA

ICP 11.03(Reject) 12.67(Reject) 10.23(Reject)
Edge 1.01(Accept)| 3.08(Reject)
2D PCA 2.08(Accept*)

Table 3. Statistical Test of the Difference be-
tween Performance , Using 0.05 level of sig-
nicance . Hq :: There is no diff erence in per-
formance between the two methods. (*: after
Bonf erroni adjustment)

(a) RightEar (b) Left Ear
Figure 7. Image acquired for Ear Symmetric
experiments

right earandtry to recognizeusing his left ear This ap-
proachassumesilateralsymmetryof theear Two different
anglesof view have beenexamined.They are30 degreeoff
the centerand45 degreeoff thecenter Theinitial datapro-
cessingncludeslandmarkgroundtruth andearextraction,
which arethe sameaswe describedn previoussections.

Theright earof thesubjectis usedasthe gallery, andthe
left earis usedasthe probe,seeFigure 7. For this initial
experimentbothearimagesaretakenonthesameday. The
resultsarepresentedn Table4.

numberof subjecty Performance
30 degreeoff 88 90.9%
45 deggreeoff 119 89.1%

Table 4. Ear symmetr y Experiments

By analyzingthe results,we found that most peoples
left andright earsare at leastcloseto bilaterally symmet-
ric. But somepeoples left and right earshave different
shapes Figure8 showvs an exampleof this. Thusit seems
thatsymmetry-basedarrecognitioncannotbe expectedto
beasaccurate.

10 Summary And Discussion

We have presentedxperimentalresultsfor threediffer-
entapproacheso 3D earrecognitionanda PCA-basedp-
proachto 2D earrecognition.A fourthalgorithmfor 3D ear

recognitionwas also considered3], but droppedin favor
of the other 3D approachesOur resultsare basedon the
largestexperimentaldataseto datefor earbiometricswith
2D and 3D imagesacquiredfor over 300 personson two
differentdates. This is the mostcomprehensie investiga-
tion of 3D earrecognitionto bereportedo date,thelargest
experimentakevaluationof 2D earrecognition,andthe rst
(only) comparisorof 2D and3D earrecognition.

Our 2D PCA earrecognitionresultsare comparablgo
thestateof theartreportedn theliterature[5]. In ourexper
iments thelCP-basedpproactio 3D earrecognitionstatis-
tically signi cantly outperformsthe otherapproacheson-
sideredfor 3D earrecognition,andalsostatisticallysignif-
icantly outperformsthe 2D earrecognitionresultobtained
with astate-of-the-aPCA-basecearrecognitionalgorithm
[5]. Thusit appearshatearrecognitionbasedon 3D shape
is more powerful than basedon 2D appearancealthough
otherapproache® 2D earrecognitionremainto beconsid-
ered. It alsoappearghatan |CP-basedpproacho 3D ear
recognitionoutperformstherapproachethatusedarange
imagerepresentationf the 3D data,althoughagainother
approache$o 3D recognitionusingrangeimagescould be
considered. Interestingly we nd thatthe ICP-basedap-
proachto 3D earrecognitionscalegjuitewell with increas-
ing size of dataset. Our currentimproved ICP algorithm
achieves 98.7%rank-onerecognitionrate on the 302 sub-
ject datasef21], and 97.5%rank-onerecognitionrate on
our expanded404 subjectdataset.

Several topicsfor additionalwork seemimportantand
promising. Oneis to considermethodsof improving the
computatiortime requiredby ICP matching.Anotheris to
furtherinvestigatehe scalabilityof 3D earrecognitionper
formancewith increasedlatasetsize. A third topic is to
investigatepossibleperformancemprovementby combin-
ing 2D and3D recognitionfor a multi-modalresult[19].
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