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Abstract

Iris is claimedto be one of the best biometrics. We
have collecteda large data setof iris images, intention-
ally samplinga range of quality broaderthanthat usedby
current commecial iris recanition systemsWe havere-
implementedhe Daugman-like iris recagnition algorithm
developedby Masek.We have also developedand imple-
mentedan improvediris segmentatiorand eyelid detection
stege of the algorithm, and experimentallyveri ed the im-
provementin recaynition performanceusingthe collected
dataset.Compaed to Maseks original segmentationap-
proach, our improved sggmentationalgorithm leadsto an
increaseof over 6% in therank-onerecanitionrate

1. Intr oduction

Iris texture patternsarebelievedto be differentfor each
personandevenfor thetwo eyesof the sameperson.t is
alsoclaimedthatfor agivenpersontheiris patternschange
little after youth. Very high recognition/eri cation rates
have beenreportedfor iris recognitionsystemsn studies
to date.For Daugmans system,when choosingthe Ham-
ming distance(HD) matchingthresholdvalue of 0.32,the
falseacceptrate (FAR) wasdecreasedrom 1 in 151,000
(1993)to 1 in 26 million (2003)[3] [4] [5]. On the basis
of theseconceptuatlaimsandempiricalreports,iris is of-
tenthoughtto be oneof the highest-accuracbiometrics.

Comparedwith someother biometrics,suchas nger-
prints andface,iris recognitionhasa relatively shorthis-
tory of use.Therearefew large-scaleexperimentalevalua-
tions reportedin the literature,and essentiallynonewhere
theimagedatasets availableto otherresearcherOnecon-
straintof currentiris recognitionsystemswhichis perhaps
notwidely appreciatedis thatthey requiresubstantialiser
cooperatiorin orderto acquireanimageof sufcient qual-
ity for use.

Figure 1. The Iridian LG EOU2200 system.

We reimplemente Daugman-like algorithmoriginally
implementecby Masek[8]. We alsodevelopedandimple-
mentedanimprovediris sggmentatiorandeyelid detection
stage.Our improved systemis denotedas ND_IRIS. We
testedND_IRIS on a setof over 4,000imagesof varying
quality acquiredusinganlridian LG 2200iris imagingsys-
tem.Theresultsshowv thatthe rank-onerecognitionrateus-
ing the ND_IRIS segmentatioris about6% higherthanthat
usingthe Maseksegmentation.

Theremainingsectionsare organizedasfollowing: sec-
tion 2 introducesthe dataseusedin the experiments;sec-
tion 3 is the detailsof our implementationand optimiza-
tion; section4 shaws the experimentalresults;andsection
5is theconclusion.

2. Dataset

As describedn [7], we usedthe Iridian LG EOU2200
system[2] [6], shawvn in Figure 1, for our dataacquisition.
The imagedatasetscollectedwill be eventually available
to theresearcltommunitythroughtheIris ChallengeEval-
uation(ICE), a programjointly sponsoredy several U.S.
Governmentagenciesnterestedn measuringheimprove-
mentsin iris recognitiontechnologie$1].

Theiris imagesareintensityimageswith a resolutionof
640x 480.Becausef the usercooperatiomrequiredby the
systemtheiris generallytakesup alargeportionof anim-
age.Theaveragediameterof aniris is 228 pixels.



(a) Galleryimage (b) Segmentatiorresult

Figure 2. An example image of gallery image
and the segmentation result.

We usedonly left iris imagedn ourexperimentseported
here.Thereareatotal of 317iris imagesin the gallery set,
correspondindo the 317 differentsubjectsnvolvedin our
experiments.Thereare a total of 4,249left iris imagesin
the probeset. The gallery imagesare all good quality im-
agesFigure2(a)is oneexample.The probeimagesare of
varying quality levels. The image quality canvary dueto
the percentof the iris areaoccluded the degreeof blur in
theimage,or both.

3. Implementation and Optimization

An iris recognitionprocesscan be representedsthree
parts:iris sggmentation,iris encodingand iris matching.
The iris sgmentationsteplocalizesthe iris region in the
eye image. Figure 2 is an example of an iris image and
thesegmentatiomresultsfrom ND_IRIS. Theencodingstage
useslters to encoddris imagetexture patterndnto digital
codes.The similarity of two irisesis de ned by the Ham-
ming Distancebetweerthetwo digital codesA smallerdis-
tancemeansa bettermatch.

We startedwith Maseks opensourcemplementatiorof
a“Daugman-like” recognitionalgorithm[8] to conductthe
experiments Maseks implementationwaswritten in Mat-
lab. We rewrote the programin C. We compared250tem-
platesgeneratedy the Matlab codeand our C code.The
maximumHammingdistance(HD) betweera Masektem-
plate and the correspondingND_IRIS templateis 0.0053,
andthe meanHD is 0.00015.We assumehat thesesmall
obseneddifferencesaredueprimarily to different oating-
point calculationerror.

This paperfocuseson creatingan improved segmenta-
tion stage.The othertwo stagesare plain translationsof
MasekstagesThe useof the Masekstagesereis to make
it easyto have a completesystemto usein experiments.

3.1. Iris Segmentation

For mostalgorithms,andassumingnearfrontal presen-
tation of the pupil, the iris boundariesare modeledastwo
circles,which arenot necessarilyconcentric.Theinnercir-
cleis theboundarbetweerthepupil andtheiris. Theouter
circleis theboundarybetweertheiris andthe sclera.

3.1.1. Masek'salgorithm In Maseks segmentatioralgo-
rithm, the two circular boundarieof the iris arelocalized
in thesameway. The Canry edgedetectoiis usedto gener
atethe edgemap. Thenafterdoinga circular Houghtrans-
form, the maximumvaluein the Houghspacecorresponds
to the centerandtheradiusof thecircle.

3.1.2. Optimization Basedon examininginstancef in-
correctrecognitionwith Maseks algorithm,it becameclear
thatthe performanceof theiris sggmentationstepcould be
improved. As indicatedin [7], for the 4,249 probeimages
usedin theexperimenttherank-onerecognitionrateof our
re-implementatioinf Maseksalgorithmwas90.92% How-
ever, if theiris locationreportedby the Iridian system[2]
is substitutedor that found by our re-implementationthe
rank-onerecognitionrateincreaseso 96.61%.Thereforeit
seemshatthereis substantiatoomfor improvementof the
segmentationWe developedandimplementedanimproved
segmentatioralgorithmwith featuresdescribeddelow.

ReversetheDetectionOrder. Maseksalgorithmdetectghe
outeriris boundaryrst, thenit detectgheinneriris bound-
ary within the detectedbuterboundary However, the con-
trastbetweertheiris andthe pupil is usuallystrongerthan
that betweenthe scleraandthe iris. In aniris image,the
pupilisthelargestdarkareawith aspeculahighlightwithin
it. Comparedo the outerboundarythe inner boundaryis
relatively easietto localize.

After thepupil boundaryis detectedtheiris outerbound-
ary will be detectedin an areacenteringat the detected
pupil. Figure3 shavs the stepsin ND_IRIS segmentation.

ReduceEdge Points. In looking at segmentationerrorsof
Maseks algorithm, it appearedhat edgepixels not from
theiris boundaryoften causedhe Houghtransformto nd
anincorrectiris boundary The speculathighlight that typ-
ically appearsn the pupil region was one sourceof such
edgepixels. Thesecanbe generallyeliminatedby remov-
ing Canry edgesat pixelswith a high intensityvalue (240
in this case) Edgepixelsinsidetheiris region canalsocon-
tributeto pulling the Houghtransformresultaway from the
correctresult. Thesecangenerallybe eliminatedby remov-
ing edgesat pixelswith anintensitybelony somevalue(30in
thiscase)Figure4 shavs anexampleof the edgepointsbe-
fore andafter the procedureof reducingedgepointswhen
detectingheouteriris boundary



(b) Stepl: detecttheinner
boundaryasthe pupil.

(c) Step2: detectthe outer
boundaryastheiris.

(d) Final result.

Figure 3. lllustration of the steps in ND_IRIS
segmentation.

Modi cation to HoughTransform. In theMasekimplemen-
tation,theHoughtransform for eachedgepointandagiven
radiusr, “votes”for centerlocationcandidatesn all direc-
tions. A well-known improvementto the Houghtransform
for circlesis to restrictthe“vote” for centerlocationsbased
onthedirectionof theedgesSoin ouralgorithm,eachedge
point“votes”for possiblecentedocationsin theareawithin
only 30 degreeson eachside of the local normaldirection.
Figure5 shovs anexampleof the centedocationsvotedfor
by a singleedgepixel in thetwo casesOurimprovedalgo-
rithm alsorequiresthat morevotesare neededor a circu-
lar boundarywith a larger radius.Additionally, the search
for amaximumin Houghspaceto represenaniris bound-
ary, is doneusinga sumoverasliding window of threeval-
uesofr.

Hypothesize and \erify. The iris segmentation step
in Maseks algorithm is basedon a simple searchfor
peaksin the Hough spacecreatedfrom the edge pix-
elsfound by animplementatiorof a Canry edgedetector
Peaksin the Hough spacecan be regardedas hypothe-
sizedboundariesn the image,but they needto beveri ed
as meaningfulboundariesWe implementeda simple “hy-
pothesizeand verify” approachto Iter out some of
the incorrect candidatesegmentationsfound by search-
ing the Hough spacefor peaks.For a peakin the Hough
spacethat correspondgo a candidatesclera-iris bound-
ary, atestis performedto checkthattheiris is darker than
the sclera.This checkis donewith a small region on the
left andtheright sidesof the candidatesclera-irisboundary
For a peakin the Houghspacethatcorresponds$o a candi-
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(a) Beforereducingedgepoints
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(b) After reducingedgepoints

Figure 4. The effects of reducing edge points.

dateiris-pupil boundary a testis performedto checkthat
the pupil is darker thanthe iris. Again, the checkis done
with a small region on the left andright sidesof the can-
didateboundary It is alsorequiredthat the radiusof the
iris-pupil boundary should be within a reasonablere-
gion comparedto the detectedsclera-irisboundary and
that the centersof the two circular boundariesshould
be closerthan half of the radiusof the iris-pupil bound-
ary.

Se@mentationimprovements.Figure 6 shovs someexam-
plesof sggmentationghatwereincorrectin the Maseksre-
sultsbut arecorrectedn ND_IRIS. The currentversionof
ND_IRIS is not perfect.Figure7 shovs someincorrectseg-



(a) Maseks algorithm

(b) ND_IRIS

Figure 5. Modi cation to Hough transf orm.

mentatiorresultsfrom the currentversionof ND_IRIS. We
arecontinuingto work onimprovediris segmentation.

Eyelid Detection. In our experiments,we consideredthe
occlusionby eyelids.In Maseks algorithm,the eyelidsare
modeledastwo horizontallines.Whendetectinghetop lid
andthe bottomlid, a Canry edgedetectoris usedto gen-
eratethe edgemap.Thenthe line is locatedusinga linear
Houghtransform.

In ND_IRIS, eacheyelid is modeledastwo straightlines.
After theiris boundariesletectionwe split the detectedris
areainto four partsof equalsize:left top, right top, left bot-
tomandright bottom.Thereis anoverlapof half of thepupil
radiusbetweereachwindow. We detectheeyelid in eachof
thesdour windows,andconnectheresultstogetherFigure
8 compare®ur eyelid detectionresultwith Maseks eyelid
detectiorresult.

3.1.3. Encoding In orderto reducethe effect of the scale
differenceof iris images,normalizationis utilized before

(a) Masek (b) ND_IRIS

Figure 6. Examples of improved segmenta-
tion.

encoding.Gabor lters are utilized to encodethe iris im-
age.Eachselectedsectoris encodedastwo bits.

3.1.4. Matching TheHD is usedto indicatethe similarity
of two iris codesTheHD is de ned asthenumberof differ-
entbitsin thetwo codesoverthetotal numberof valid bits.
A smallerdistancemeansa bettermatch.In orderto over
comethe rotationvariation,shifting is usedwhencalculat-
ing theHD. WhencalculatingHD betweerA andB, we x
thecodeA, andshift thecodeB from -15 to+15 with an
incrementof 1.5 eachtime. The minimumHD from these
20 shift positionsis usedasthereportedHD.

P
i ((Ai xprBi) andValid;)
. — I
HD(AB) = ' i Valid; @)
8
< 1 if noisemaskA; = 0
Valid; = andnoisemaskB; = 0; (2)

0 otherwise



Figure 7. Examples of incorrect segmenta-
tions from the ND_IRIS algorithm.

(a) Left top (b) Righttop

(c) Left bottom

(d) Right bottom

(e) ND_IRIS eyelid detec-
tion result

(f) Masekeyelid detection
result

Figure 8. ND_IRIS eyelid detection.

4. Experimental Results

In the context of veri cation, we computethe HD be-
tweena gallery image and a probe image, and compare
the computedHD with a thresholdIf the computedHD is
smaller the probeimageis acceptedOtherwisethe probe
imageis rejectedlIf anacceptedmageandthegalleryim-
agearenotfrom thesamesubiject,t is calledafalseaccept.
The percentagef false acceptis called false acceptrate
(FAR). If arejectedimageandthe galleryimagearefrom
thesamesubjectit is calledafalsereject.Thepercentagef
falserejectis calledfalserejectrate(FRR).An ROC curve
plotsthetradeoff betweerthe FAR andthe FRR.Theequal

errorrate(EER)is obtainedwvhenthe FAR equals=RR.

In the context of identi cation, we compareeachprobe
iris imagewith all galleryiris imagesandchoosehegallery
imageclosesto theprobeimageaccordingo thecomputed
HD asthe predictionresult.If the probeimageandthe se-
lectedmatchinggalleryimagearefrom the samesubject it
is acorrectmatch.The percentagef the correctlymatched
probeimagesis therank-onerecognitionrate.

The experimentsreportedhere do not use the Iridian
softwarefor enrollmentandrecognition.We experimented
with three different sggmentationresults: our implemen-
tation of Maseks algorithm (denotedas Masek), our im-
proved algorithm (denotedasND_IRIS), andthe LG 2200
systenreportedocalization. Thedifferentsegmentatiorre-
sultswereall run throughthe sameencodingandrecogni-
tion stages.Our “C” re-implementatiorof Maseks algo-
rithm was usedfor this. At rst we usedMaseks eyelid
detectionmodel. Table 1 shawvs the rank-onerecognition
andthe EER of usingthesethreedifferentsegmentatiorre-
sults. Figure9 shows the ROC curvesfor theiris veri ca-
tion experiments.The resultsshov thatthe ND_IRIS sgy-
mentationworks much betterthan Maseks seggmentation.
The ND_IRIS segmentationworks a little betterthanthe
Iridian reportedsegmentatiorresults.Whenusing our op-
timized eyelid detectionmodel, the rank-onerecognition
ratesare increasedo 96.75% (Iridian sggmentation)and
97.34%(ND_IRIS segmentation).

SEGMENTATION MASeEK | ND_IRIS | IRIDIAN
RANK-ONE RECOGNITION | 90.92% | 97.08% 96.61%
EER 5.60% 1.79% 2.14%

Table 1. The experimental results of using dif-
ferent segmentation methods.

The breakdaevn of maleversusfemalefor the 317 per
sonsin this datasets 56%to 44%. Therearevaryingnum-
bersof iris imagesper person,dependingon the number
of dataacquisitionsessionsand the image quality control
screeningThe numberof probeimagesfrom male versus
femalepersonss 52% to 48%. The correspondingecog-
nition ratesare 97.26%and97.43%.This differenceis not
statisticallysigni cant atthe0.05level.

The iris color of the personsparticipatingin the study
wasnotrecordedatthetime of imageacquisition Sincethe
imagesfrom the Iridian systemare basedon infra-red il-
lumination, we cannotobtainiris color from them. How-
ever, subjectsparticipatingin this imageacquisitionwere
alsopartof theimageacquisitionfor the FaceRecognition
GrandChallenge[9], for which high-resolutioncolor face
imageswereacquired Looking atthe color faceimagesit
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Figure 9. ROC comparison of segmentations.

is possibleto retrospectiely assigneacha “dark” (blackor
brown) or “light” (blue,green,or hazel)iris color for each
personUsingthis retrospectie assignmenthebreakdeovn
of dark versuslight iris for personsn this dataseis 50%
to 50%. The breakdevn of probeimagesfrom dark ver
suslight iris is 54% to 46%. The correspondingecogni-
tion ratesare 96.70%and98.10%.The recognitionrate of
light iris imageds higherthanthatof darkiris imagesThis
differences signi cant atthe0.01level. Howeverthis com-
parisonis not controlledfor imagequality betweerthetwo

groupsandsofurtherstudyis neededeforeassigningary
importanceo it.

5. Conclusion

We re-implementedMaseks iris recognitionsystemin
C. Thispaperooksatalternatvesin thesggmentatiorstage
to seewhatcanbedoneto getthebestperformancdéromthe
overall system.An initial “window” or performanceange
for theoverallsystems determinedy usingtheMaseksey-
mentatiorandthe Iridian sqgmentationFeedinghe Masek
segmentationinto theremainderof the systemgivesakind
of lower bound.Feedingthe Iridian segmentationinto the
remainderf the systemgives,not an upperbound,but an
indicationof current‘industrial-strength’performanceThe
goalof courseisto nd asegmentatioralgorithmthatgives
betterperformancewith this systemthan the Iridian sey-
mentation.Thatdoesnot necessarilyneanthatthe perfor
manceof the overall systemis betterthanthe currentcom-
pletelridian commercialsystem,sincethe last two stages

(encodingandmatching)usedin the experimentsareplain
Masekstages.

We developedand implementedan improved iris sey-
mentationstage. The ND_IRIS seggmentationleadsto a
rank-onerecognitionrate about6% higherthanthe Masek
segmentation.The resultsof using our sggmentationare
even a little bit betterthanusingthe Iridian reportedsey-
mentation.It is importantto be clearthat theseresultsdo
notrepresenthe performancef thelridian commerciairis
recognitionsystemlt is highly possiblethat someof inac-
curatesegmentationreportedby the Iridian systemcanbe
compensatetbr laterin their system.

Our experimentakesultsalsosuggesthat morework is
neededbn iris segmentationespeciallyfor the iris images
with relatively lower qualities.

Acknowledgments

This work is supportedoy National ScienceFoundation
grant CNS-0130839)y the Central Intelligence Agengy,
andby Departmenbf Justicegrant2004-DD-BX-1224.

References

[1] http:/firis.nist.gw@/ice/.

[2] http://lwwwiridiantech.com/.

[3] J. Daugman. High con dencevisual recognitionof persons
by a testof statisticalindependence lEEE Transactionson
PatternAnalysisandMachineIntelligence 15(11),November
1993.

[4] J.Daugman.Statisticalrichnessof visual phaseinformation:

Updateon recognizingpersongy iris patterns.International

Journal of ComputeiMision, 45(1):25-382001.

J. Daugman. The importanceof being random: Statistical

principlesof iris recognition.PatternRecanition, 36(2):279—

291,2003.

J. Daugman. How iris recognitionworks. IEEE Trans.Cir-

cuitsand Systemsor Video Technolayy, 14:1:21-302004.

[7] X. Liu, K. Bowyer, and P. Flynn. Experimentalevaluation
of iris recognition. Proc. FaceRecgnition Grand Challeng
Workshop 2005.

[8] L. Masek. Reca@nition of Human
Iris Patterns for Biometric Identi cation.
http://www.csse.ua.edu.au/ pk/studentprojects/libor/,

The University of WesternAustralia.

[9] P J.Phillips. Overview of the facerecognitiongrandchal-
lenge. IEEE Confeenceon ComputerVision and Pattern
Recagnition, 1:947-9542005.

[5

—_

[6

—_



