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Abstract

We presentresults of the largest experimental inves-
tigation of ear biometrics to date. Approaches consid-
ered include a PCA (“eigen-ear”) approach with 2D in-
tensity images, achieving 63.8% rank-onerecognition; a
PCAapproach with range images,achieving55.3%;Haus-
dorff matching of edge imagesfrom range images,achiev-
ing 67.5%; and ICP matching of the 3D data, achieving
98.7%. ICP basedmatching not only achieves the best
performance, but also showsgoodscalability with sizeof
dataset. The data set usedrepresentsover 300 persons,
each with imagesacquired on at least two different dates.
In addition, the ICP-basedapproach is further appliedon
an expandeddatasetof 404subjects,andachieves97.5%
rank onerecognition rate. In order to test the robustness
andvariability of ear biometrics,ear symmetryis also in-
vestigated.In ourexperimentsaround90%ofpeople'sright
earandleft ear aresymmetric.

Keyword: biometrics,earbiometrics,3-D shape,prin-
cipal componentanalysis,Iterativeclosestpoint,Hausdorff
distance,earsymmetry.

1 Intr oduction

Researchershave suggestedthat the shapeandappear-
anceof the humanear is unique to eachindividual and
relatively unchangingduring the lifetime of an adult [11].
Therefore,theearhasbeenproposedfor usein biometrics
[4, 11, 5, 10]. In fact, the earmay alreadybe usedinfor-
mally asabiometric.For example,theUnitedStatesImmi-
grationandNaturalizationService(INS) hasa form giving
speci�cationsfor thephotographthatindicatesthattheright
earshouldbevisible [INS Form M-378 (6-92)].

Morenoet al. [12] experimentwith threeneuralnetap-
proachesto 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 thebestof thethreeapproaches.They
considerthreemethodsof combiningresultsof the differ-
ent approaches- Borda,Bayesian,andweightedBayesian

combination-but do not �nd improved performanceover
thebestindividualmethod.

PCA (Principal ComponentAnalysis) on 2D intensity
imagesfor earbiometricshasbeenexploredby Victor [18]
andChang[5]. The two studiesobtaineddifferentresults
whencomparedwith theperformanceof facialbiometrics.
Both ear and face show similar performancein Chang's
study, while earperformanceis worsethanfacein Victor's
study. Changexplainedthatthedifferencemight bedueto
differingearimagequality in thetwo studies.

Yuizono[22] implementeda recognitionsystemfor 2D
intensityimagesof theearusinggeneticsearch.In theex-
perimentthey had660imagesfrom 110persons,with 6 im-
agesperperson.They reportedthattherecognitionratefor
theregisteredpersonswasapproximately100%,andthere-
jectionratefor unknown personswas100%.

BhanuandChenpresenteda 3D earrecognitionmethod
usinga local surfaceshapedescriptor[3]. The local sur-
facepatchesarede�ned by the featurepoint andits neigh-
bors,and the patchdescriptorconsistsof its centroid,2D
histogramand surfacetype. Thereare four majorssteps
in the method: featurepoint extraction, local surfacede-
scription,off-line modelbuilding andrecognition.Twenty
rangeimagesfrom 10 individuals(2 imageseach)areused
in theexperimentsanda 100%recognitionrateis achieved
for theirdataset.Weimplementedtheirmethodfrom thede-
scriptionin [3]. Slight differencesweredeterminedexperi-
mentally:(1) Dueto thenoisynatureof rangedata,thefea-
turepointsaredeterminedby theshapeindex type instead
of theshapeindex value. (2) Consideringthecomputation
time required,comparisonof the two local surfaceswas
doneonly whentheir Euclideandistancewaslessthan40
pixels. This assumptionis valid in our dataset.Using two
imageseachfrom the�rst 10 individualsin our dataset,we
alsofounda100%recognitionrate.But whenweincreased
thedatasetto 202 individuals,theperformancedroppedto
33% (68 out of 202). The computationtime requiredfor
this techniquewasalsolargerthanthat for PCA-basedand
edge-basedtechniquesthatwe investigated.

In [7], ChenandBhanuusedtwo-stepICP on a dataset
of 30subjectswith 3D earimages.First, theearhelix is au-
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tomaticallydetectedusingthe3D depthvalue.Theninitial
rigid transformationis computedfrom a coarsealignment
betweentestearhelix andmodelearhelix. And �nally the
rootmeansquareregistrationerroris obtainedfrom thesec-
ondstepby usingall thepointsfrom theear. They claimed
thattheexperimentalresultswith 2 incorrectmatchesoutof
30pairsof eararereached.

Pun and Moon [15] have surveyed the still-relatively-
small literatureon ear biometrics. They summarizedel-
ementsof � ve approachesfor which experimentalresults
havebeenpublished[5, 10, 3, 4, 22].

Hurley et al. [10] developeda novel featureextraction
techniqueby using force �eld transformation. Each im-
ageis representedby acompactcharacteristicvector, which
is remarkablyinvariantto initialization, scale,rotationand
noise. Theexperimentdisplaystherobustnessof the tech-
niqueto extractthe2D ear. No earrecognitionexperimental
resultswerereportedin thepaper.

The work presentedin this paperis unique in several
pointswith respectto prior work. We report resultsfrom
thelargestexperimentaldatasetto date,in termsof number
of personsor numberof imagesor numberof algorithms
considered.Only one other work hasconsidered3D ear
recognition[3], andwe comparethreeotherapproachesto
3D earrecognition,and�nd thatall exceedtheperformance
of thepreviousproposedapproach.Oursis the�rst work to
considerPCA-basedrecognitionusing3D earimages.Also
becausewe usea largeexperimentaldataset,we areableto
explorehow thedifferentalgorithmsscalewith datasetsize.

2 Data Acquisition

All the imagesusedin this paperwereacquiredat the
University of Notre DamebetweenOctober7, 2003 and
December10,2004.In eachacquisitionsession,thesubject
sat approximately1.5 metersaway from the sensor, with
theleft sideof thefacefacingtheMinolta Vivid 910range
scanner. One640x4803D scanandone640 x 480 color
imageareobtainednearlysimultaneously.

Theearliestgoodimagefor eachof 302personswasen-
rolled in the gallery. The gallery is the setof imagesthat
a “probe” imageis matchedagainstfor identi�cation. The
latestgoodimageof eachpersonwasusedastheprobefor
that person. A subsetof 202 personsof datawasusedto
explorealgorithmoptionsin someinitial experiments,and
the largersetof 302personsis usedfor �nal experiments.
In addition, the ICP-basedapproachis further appliedon
anexpandeddatasetof 404subjects.Imagesin thegallery
areenrolledinto thesystemfor identi�cation. Imagesin the
probesetareappliedto bematchedagainstthoseimagesin
thegallery.

3 Preprocessingand Ear Extraction

Datanormalizationis appliedseparatelyon the2D and
3D data.And thenormalizedimagesareusedfor thePCA
andedge-basedapproaches.TheICP-basedapproachdoes
not requiresuchextensive normalization. Details of the
stepsfor normalizationcanbefoundin [20].

3.1 Landmark Selection

We have investigatedthreedifferentlandmarkselection
methods. The �rst methodis the two-point landmarkde-
scribedin [5]. The upper point is called the Triangular
Fossa,andthelowerpoint is calledtheAntitragus[11], see
Figure1(a).

(a) Landmark1:UsingTriangularFossaandAntitragus

(b) Landmark2:UsingTriangularFossaandIncisureIntertragica

(c) Landmark3:UsingTwo Lines

Figure 1. Example of Ear Landmarks

Therationalefor usinglandmarksis that thepositionof
the landmarkis stableover time for a particularear. How-
ever, thesetwo pointsarenot easilydetectedin all images.
For instance,many earsin our studyhave a smallor subtle
Antitragus. The ambiguityin markingthis landmarkposi-
tion might affect the ear extraction. Two differentpoints
from the Antitragusmight be marked on the sameearon
two different dates. In order to solve this problem, two
otherlandmarkmethodswereexamined.Thesecondoneis



similar to the �rst two-point landmark,but we usedtheIn-
cisureIntertragicainsteadof Antitragusasthesecondpoint,
shown in Figure1(b). The orientationof the line connect-
ing thesetwo pointsis usedto determinetheorientationof
theear, anddistancebetweenthemis usedto measurethe
sizeof theear. But thesizeof theeardoesnothavea linear
relationshipwith thedistancebetweenthesetwo points. In
order to maximizethe croppedearportion, we developed
the third methodas the two-line landmark,shown in Fig-
ure1(b). Oneline is alongtheborderbetweentheearand
theface,andtheotheris from thetop of theearto thebot-
tom. Unlike thetwo-pointlandmark,thetwo-line landmark
promisesto �nd mostof theear.

In our experiments,the secondmethodis adoptedfor
furtherearextractionin thePCA-basedandedge-basedal-
gorithms,sinceit is goodat blocking out backgroundand
avoiding ambiguity. The two-line landmarkis usedin the
ICP-basedalgorithm.ICPusesthereal3D rangedatain the
matchingprocedureandthe two matchingsurfacesshould
overlap. The two-line landmarkgives the opportunity to
extract the whole ear for matching,but at the sametime,
it always includessomebackground,which increasesthe
backgroundvariation,andaffectsthePCA-basedandedge-
basedperformance.

3.2 Ear Extraction

Earextractionis basedon thelandmarklocationson the
original ear images. The original ear images(640 x 480)
arecroppedto (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.
Thenormalizedimagesaremaskedto “gray out” theback-
groundandonly theearis kept.

4 PCA for 2D and 3D Recognition

The PCA (Principal ComponentAnalysis) basedap-
proachhasbeenwidely usedin facerecognition[16, 17, 14,
6]. It wasalsousedby Chang[5] in evaluationof 2D ear
andfacebiometrics. In our experiments,a standardPCA
implementation[2] is used.Figure2 shows anexampleof
theimagesweusedfor PCA.

For eachof the 302 subjects,the earliestgood quality
2D and3D imagesareusedfor the 2D and3D earspace
galleries,respectively. The latestgoodquality imagesare
usedasprobes.For PCA-basedalgorithms,eigenvaluesand
eigenvectorsarecomputedfrom the imagesin the training
set. In our experiment,the trainingsetis thesetof gallery
images.The “ear space”is picked out from the eigenvec-
torscorrespondingto all theeigenvalues.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 eigenvectors. The bestperformancefor
the3D eardatais 55.3%whendropping�rst two eigenvec-
tors. The YamborAngle [8] distancemetric is used. Eu-
clideandistancewastestedbut gave lowerperformance.

4.1 2D Ear Data

Two differentscalingsof theearsizesareexaminedon
2D data. One is setas the actualsizeof the ear, and the
otheris setat1.25timesthesizeof ear. Effectively, this just
changeshow muchof theearandbackgroundappearin the
images.

ThePCA recognitionrateis 66.9%whenusing2D reg-
ular earsize for 202 subjects.Looking closelyat the im-
agescreatedfrom theeigenvectorsassociatedwith 3 largest
eigenvalues,it was apparentthat eachof them had some
spacebehindthe contourof ear. Scalingthe ear to 1.25
times the original size, the performanceincreasedfrom
66.9%to 71.4%whenusing 202 subjects. Using the en-
larged ear, the performanceis at 63.6% when using 302
subjects,asshown in Figure5.

Changobtained73% rank-onerecognitionwith 88 per-
sonsin thegalleryanda singletime-lapseprobeimageper
person[5]. Our rank onerecognitionrate for PCA-based
earrecognitionusing2D intensityimageswith the �rst 88
personsis 76.1%,which is similar to the resultsobtained
by Chang,even thoughwe useda differentimagedataset
anddifferentlandmarkpoints.Thusour2D earrecognition
performanceshouldberepresentativeof thestateof theart.

4.2 3D Ear Data

Two differentexperimentswereconductedonthe3D ear
data. Oneis usingtheoriginal earrangedata,the otheris
applyingmeanandmedian�lters on theoriginaldatato �ll
theholesof thecroppedear. Theperformanceis improved
from 58.4%to 64.8%with hole�lling whenusing202sub-
jects. This is still not very goodin anabsolutesense.One
possiblereasonis that the ear structureis quite complex,
and so using meanand median�lter alonemight not be



goodenoughto �ll holesin the 3D rangedata. Applying
hole �lling on the 302 subjects,the performancestaysat
55.3%rankonerecognitionrate,andseeFigure5.

5 Hausdorff RangeEdgeMatching

Holesin therangedatadegradetheperformancedramat-
ically in thePCA-basedapproach.Evenafterwe �ll holes,
theperformanceis still not asgoodaswe hopedfor. After
lookingcarefullyat the2D and3D data,wenoticedthatthe
edgestructurein the3D depthdatalooksmuchmorestable
thanin the2D 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 Parameter s are sigma = 1:0; Tlow =
0:5; Thig h = 0:5

Figures3(a)and3(b) show the2D and3D imagestaken
on two differentdaysof thesameperson's ear. TheCanny
edgedetectorwith thesameparametersis appliedto the2D
and3D eardata,andtheedgeimagesareshown in Figure
3(c) and3(d). Here,single isolatededgepixels areelimi-
natedfrom theedgeimages.It is obviousthatedgeimages
of the rangeimagearemuchcleanerthanfor the2D edge
images. This is the motivation to develop an edge-based
Hausdorff distancemethodfor 3D earrecognitionusingthe
rangeimage.

Differentparametershave beenexaminedand the best
rankonerecognitionrateachieves67.5%,which is signi�-
cantlybetterthanthe3D PCAperformance[20].

6 ICP BasedEar Recognition

Besl andMcKay's classicICP algorithmhasbeenim-
plemented[1]. Given a setof sourcepointsP anda setof

modelpointsX, the goal of ICP is to �nd the rigid trans-
formation T that bestaligns P with X. Beginning with a
startingestimateof theregistrationT0, thealgorithmitera-
tively calculatesa sequenceof transformationsTi until the
registrationconverges. In a 3D faceimage,the eyes and
moutharecommonplacesto haveholesandspikes.3D ear
imagesdoexhibit somespikesandholesdueto oily skinor
sensorerror, but muchlessoftenthanin the3D faceimages.
Thereforein ourexperiment,anexplicit outlierremovalstep
is notused.Theiterationnumberis setas50,andthecutoff
for thedistanceis 0.0001mm.

At each iteration, the algorithm computescorrespon-
dencesby �nding closestpoints, and then minimizesthe
meansquareerror betweenthe correspondences.A good
initial estimateof the transformationis required,and all
scenepoints are assumedto have correspondencesin the
model. Thecentroidof theextractedearis usedasa start-
ing point in our experiments.

6.1 Ear Extraction

Earextractionis basedon thelandmarklineslocatedon
the original ear images. In the truthwriting process,two
linesareusedto �nd theorientationandscalingof theear
[21]. Accordingto that,themaskis rotatedandscaled,and
appliedon the original image. The maskis usedto select
a subsetof the 3D datato be usedin matching. Different
earsizesresult in variancein the amountof eardataafter
extraction.Figure4 showsanexampleof theoriginal image
andmask,along with the appropriatemaskandextracted
ear. Theoriginalpro�le facescan(640x 480)is croppedto
(116x136)in sizefor theearregion.

(a) Original Image1 (b) Original Image2

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

Figure 4. Ear Mask and Cropped 3D Data
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6.2 Impr oved ICP

Our initial resultsusingbasicICPreach84.1%rankone
recognitionrate.Variousre�nementswereconsidered,sev-
eral of which were incorporatedinto an improved algo-
rithm. The amountof the ear shapeusedin the gallery
andproberepresentationswasadjustedto reduceinterfer-
encefrom thebackground.A stepto remove outlier point
matcheswasaddedto reducethe effectsof incorrectcor-
respondences.Our improvedalgorithmproducessubstan-
tially betterresults. Using the 302-persondataset,with a
single3D earscanasthe gallery enrollmentfor a person,
anda single3D earscanastheprobefor a person,thenew
algorithmachieves98.7%rank-onerecognition[21].

6.3 ExtendedData Size

By including102moresubjectswe acquiredfrom Fall,
2004, we obtain a datasetwith 404 subjects,which is so
far thelargestdatasetfor theearbiometricsin termof sub-
ject size. The imageacquisition,landmarkselectionand
earextractionareasdescribedin theprevioussection.The
ICP-basedapproachyields97.5%rankonerecognitionrate
on the404-persondataset.

7 Scalingwith DatasetSize

It hasbeensuggestedthat scalingof performancewith
datasetsizeis a critical issuein biometrics[13, 14]. Some

techniquesscalebetter to larger datasetsthan others. A
goodalgorithmshouldkeeptheperformancewithin a rea-
sonablerangewhenthe datasizeexpands.Table1 shows
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% drop in thePCA performance,
andwhenthegalleryhas302subjects,theperformancede-
creasesto 63.8%.However, ICP shows a muchbetterscal-
ability. Whenthegallerysizedoubles,thereis lessthan1%
drop in ICP performance,and it still reaches98.7%rank
onerecognitionratewhenthegallerysizeis 302subjects.

Checkingall the incorrectmatchesfor differentgallery
size, there is one image(shown as Figure 6(b)) that was
alwaysmismatched.And of thenew incorrectmatchesap-
pearingin datasize302,two of them(shown asFigure6(a)



and6(g)) arenew to all theotherexperimentsusingdiffer-
entdatasize,oneof them(shownasFigure6(c))dropsfrom
rankoneto ranktwo whenthedatasizeincreasesfrom 200
to 302.

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

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

(g) Gallery (h) Probe

Figure 6. Four Incorrect Matches

8 Statistical Signi�cance Testing

Four single-biometricexperimentswereexploredexten-
sively in theprevioussections,representedasaCumulative
Match Characteristic(CMC) Curve in Figure5. A CMC
curve indicatestheprobability that correctmatchesappear
within somespeci�ed candidatesize. The fastertheCMC
curve approaches1, the betterthe matchingalgorithm is.
The ICP-basedapproachhasthehighestperformance,fol-
lowed by the 3D edge-basedapproach,then followed by
PCAapproachon2D intensityimages,andPCA on the3D
rangeimages. Another3D earrecognitionmethoddueto
BhanuandChen[3] was initially consideredbut dropped
in favor of the othermethodsdescribed.In order to ana-
lyze theperformancedifferencesbetweenmethods,statisti-
cal signi�cancetestswereconducted.

Therankonerecognitionratecanbe addressedasa bi-
nomial distribution problem. The correctmatchingrate is
the probability of successp andincorrectmatchingrateis
the probability of failure q, wherep + q = 1. Whenthe

samplesize becomeslarger, the binomial distribution be-
gins to converge to a normal distribution. That is, for a
large enoughsamplesizeN, a binomial variableX is ap-
proximatelyto N (N p;N pq). Fairly goodresultsareusu-
ally obtainedwhenN pq � 3. Here,bp is theproportionof
observedcorrectmatches.bp valuefor eachmethodis shown
in Table2. In our circumstance,samplesizeN = 302,with
all N bpbq � 3.

ICP 2D PCA 3D PCA Edge-based
bp 0.987 0.636 0.553 0.675
bq 0.013 0.364 0.447 0.325
N bpbq 3.87 69.91 74.65 66.25

Table 2. Propor tion of Obser ved Correct
Matches

Giventwo methods,with samplesizeasN1 andN2, and
proportionof observed correctmatchesas bp1 and bp2, the
teststatisticfor H0 : p1 = p2 is

z =
bp1 � bp2q

( N 1 + N 2
N 1 N 2

)( X 1 + X 2
N 1 + N 2

)(1 � X 1 + X 2
N 1 + N 2

)

whereX1 = bp1 � N1 and X 2 = bp2 � N2:

Table3 is constructedusingthe0.05 level of signi�cance.
It is well known that signi�cance levels from the pairwise
comparisonsmight be misleading. Simply it meansthat
whentoomany comparisonsarecarriedout, theresultmay
suggeststatisticallysigni�cant differencesevenif nodiffer-
enceexists [9]. The Bonferronicorrectionhasbeenused
posthocto determinethesigni�canceof multiple tests[9].
It basicallymultiplies eachof the signi�cance levels from
thez testby thenumberof testsperformed.If this valueis
greaterthan1, 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
thantheotherthreemethods.Theedge-basedperformance
is statisticallysigni�cantly betterthan the 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-onear images,of the sameear, on differentdays.
We calledthis “controlledconditions”.It wouldbevery in-
terestingto look at theexperimentalresultsfrom lesscon-
trolledconditions.

Onelesscontrolledapproachis matchingamirroredleft
or right ear, which meansthatfor onesubjectwe enroll his



Edge 2D PCA 3D PCA
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 Diff erence be­
tween Performance , Using 0.05 level of sig­
ni�cance . H0 :: 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 ear and try to recognizeusinghis left ear. This ap-
proachassumesbilateralsymmetryof theear. Two different
anglesof view havebeenexamined.They are30degreeoff
thecenterand45degreeoff thecenter. Theinitial datapro-
cessingincludeslandmarkgroundtruth andearextraction,
whicharethesameaswedescribedin previoussections.

Theright earof thesubjectis usedasthegallery, andthe
left ear is usedasthe probe,seeFigure7. For this initial
experiment,bothearimagesaretakenonthesameday. The
resultsarepresentedin Table4.

numberof subjects Performance
30degreeoff 88 90.9%
45degreeoff 119 89.1%

Table 4. Ear symmetr y Experiments

By analyzingthe results,we found that most people's
left andright earsareat leastcloseto bilaterally symmet-
ric. But somepeople's left and right earshave different
shapes.Figure8 shows an exampleof this. Thusit seems
thatsymmetry-basedearrecognitioncannotbeexpectedto
beasaccurate.

10 Summary And Discussion

We have presentedexperimentalresultsfor threediffer-
entapproachesto 3D earrecognitionanda PCA-basedap-
proachto 2D earrecognition.A fourthalgorithmfor 3D ear

recognitionwasalsoconsidered[3], but droppedin favor
of the other3D approaches.Our resultsarebasedon the
largestexperimentaldatasetto datefor earbiometrics,with
2D and3D imagesacquiredfor over 300 personson two
differentdates.This is the mostcomprehensive investiga-
tion of 3D earrecognitionto bereportedto date,thelargest
experimentalevaluationof 2D earrecognition,andthe�rst
(only) comparisonof 2D and3D earrecognition.

Our 2D PCA ear recognitionresultsarecomparableto
thestateof theartreportedin theliterature[5]. In ourexper-
iments,theICP-basedapproachto3D earrecognitionstatis-
tically signi�cantly outperformstheotherapproachescon-
sideredfor 3D earrecognition,andalsostatisticallysignif-
icantly outperformsthe 2D earrecognitionresultobtained
with astate-of-the-artPCA-basedearrecognitionalgorithm
[5]. Thusit appearsthatearrecognitionbasedon3D shape
is more powerful thanbasedon 2D appearance,although
otherapproachesto 2D earrecognitionremainto beconsid-
ered. It alsoappearsthatanICP-basedapproachto 3D ear
recognitionoutperformsotherapproachesthatusedarange
imagerepresentationof the 3D data,althoughagainother
approachesto 3D recognitionusingrangeimagescouldbe
considered.Interestingly, we �nd that the ICP-basedap-
proachto 3D earrecognitionscalesquitewell with increas-
ing size of dataset. Our current improved ICP algorithm
achieves98.7%rank-onerecognitionrateon the 302 sub-
ject dataset[21], and 97.5%rank-onerecognitionrate on
ourexpanded404subjectdataset.

Several topics for additionalwork seemimportantand
promising. One is to considermethodsof improving the
computationtime requiredby ICP matching.Anotheris to
furtherinvestigatethescalabilityof 3D earrecognitionper-
formancewith increaseddatasetsize. A third topic is to
investigatepossibleperformanceimprovementby combin-
ing 2D and3D recognitionfor a multi-modalresult[19].

Acknowledgements
This work wassupportedin partby NationalScienceFoundationEIA 01-

30839andDepartmentof Justicegrant2004-DD-BX-1224.The authors

would like to thankKyongChang,PatrickFlynn,andJonathonPhillipsfor

usefuldiscussionsaboutthis area.

References

[1] P. Besl and N. McKay. A methodfor registrationof 3-D
shapes.In IEEETrans.PatternAnal.MachineIntell., pages
239–256,1992.

[2] R. Beveridge,K. She,B. Draper, andG. Givens.Evaluation
of facerecognitionalgorithm(releaseversion4.0). In URL:
www.cs.colostate.edu/evalfacerec/index.html.

[3] B. BhanuandH. Chen. Humanearrecognitionin 3D. In
WorkshoponMultimodalUserAuthentication, pages91–98,
2003.



(a) Example1 (b) Example1

(c) Rightear) (d) Mirroed Left ear

Figure 8. Examples of Asymmetric Ears

[4] M. Burge andW. Burger. Ear biometrics. In Biometrics:
Personal Identi�cation in Networked Society, pages273–
286.Kluwer Academic,1999.

[5] K. Chang,K. Bowyer, andV. Barnabas.Comparisonand
combinationof ear and face imagesin appearance-based
biometrics. In IEEE Trans.Pattern Anal. Machine Intell.,
volume25,pages1160–1165,2003.

[6] K. Chang,K. Bowyer, andP. Flynn. Facerecognitionusing
2D and3D facial data. In Workshopon Multimodal User
Authentication, pages25–32,2003.

[7] H. ChenandB. Bhanu.Contourmatchingfor 3D earrecog-
nition. In SeventhIEEE Workshopson Applicationof Com-
puterVision, pages123–128,2005.

[8] B. A. Draper, W. S.Yambor, andJ.R.Beveridge.Analyzing
pca-basedfacerecognitionalgorithms: Eigenvector selec-
tion anddistancemeasures.

[9] W. L. Hays.ThomsonLearning,1996.
[10] D. Hurley, M. Nixon, andJ.Carter. Force®eld energy func-

tionals for imagefeatureextraction. In Image and Vision
ComputingJournal, volume20,pages429–432,2002.

[11] A. Iannarelli. Ear identi®cation. In Forensicidenti�cation
series,Fremont,California. ParamontPublishingCompany,
1989.

[12] B. Moreno,A. Sanchez,andJ.Velez.Ontheuseof outerear
imagesfor personalidenti®cationin securityapplications.In
IEEEInternationalCarnahamConferenceonSecurityTech-
nology, pages469–476,1999.

[13] P. Phillips, P. Grother, R. Micheals, D. Blackburn,
E. Tabassi,andJ. Bone. FRVT 2002: Overview andsum-
mary. March2003.

[14] P. Phillips, H. Moon, S. Rizvi, andP. Rauss. The FERET
evaluationmethodologyfor facerecognitionalgorithms.In

IEEE Trans.Pattern Anal. Machine Intell., volume22(10),
pages1090–1104,2000.

[15] K. PunandY. Moon. Recentadvancesin earbiometrics.In
Proceedingsof the sixth internationalconferenceon Auto-
maticFaceandGesture Recognition, pages164–169,May,
2004.

[16] L. Sirovich andM. Kirby. Low dimensionalprocedurefor
characterizationof humanfaces. In Journal of the Optical
Societyof America, volume 4 (3), pages519–524,March
1987.

[17] M. Turk andA. Pentland. Eigenfacesfor recognition. In
Journal of CognitiveNeuroscience, volume3(1),pages71–
86,1991.

[18] B. Victor, K. Bowyer, andS. Sarkar. An evaluationof face
andearbiometrics.In 16thInternationalConferenceof Pat-
ternRecognition, pages429–432,Aug. 2002.

[19] P. YanandK. W. Bowyer. Multi-Biometrics2D and3D ear
recognition. In Audio- and Video-basedBiometric Person
Authentication, July2005.

[20] P. YanandK. W. Bowyer. Earbiometricsusing2D and3D
images. In Advanced3D Imaging for Safetyand Security,
June2005.

[21] P. YanandK. W. Bowyer. ICP-basedapproachesfor 3D ear
recognition.In BiometricTechnology for HumanIdenti�ca-
tion II, Proceedingsof SPIE, volume5779,pages282–291,
March2005.

[22] T. Yuizono,Y. Wang,K. Satoh,andS.Nakayama.Studyon
individual recognitionfor earimagesby usinggeneticlocal
search.In Proceedingsof the2002Congresson Evolution-
ary Computation, pages237–242,2002.


