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Abstract

Iris is claimed to be one of the best biometrics.We
havecollecteda large data set of iris images, intention-
ally samplinga range of quality broaderthanthat usedby
current commercial iris recognition systems.We havere-
implementedthe Daugman-like iris recognition algorithm
developedby Masek.We havealso developedand imple-
mentedan improvediris segmentationandeyelid detection
stage of thealgorithm,andexperimentallyveri�ed the im-
provementin recognition performanceusing the collected
dataset.Compared to Masek's original segmentationap-
proach, our improvedsegmentationalgorithm leadsto an
increaseof over6% in therank-onerecognition rate.

1. Intr oduction

Iris texturepatternsarebelievedto bedifferentfor each
person,andevenfor the two eyesof thesameperson.It is
alsoclaimedthatfor agivenperson,theiris patternschange
little after youth. Very high recognition/veri�cation rates
have beenreportedfor iris recognitionsystemsin studies
to date.For Daugman's system,whenchoosingthe Ham-
ming distance(HD) matchingthresholdvalueof 0.32, the
falseacceptrate (FAR) wasdecreasedfrom 1 in 151,000
(1993) to 1 in 26 million (2003) [3] [4] [5]. On the basis
of theseconceptualclaimsandempiricalreports,iris is of-
tenthoughtto beoneof thehighest-accuracy biometrics.

Comparedwith someother biometrics,suchas �nger-
prints and face,iris recognitionhasa relatively shorthis-
tory of use.Therearefew large-scaleexperimentalevalua-
tions reportedin the literature,andessentiallynonewhere
theimagedatasetis availableto otherresearchers.Onecon-
straintof currentiris recognitionsystems,which is perhaps
not widely appreciated,is that they requiresubstantialuser
cooperationin orderto acquireanimageof suf�cient qual-
ity for use.

(a) Iridian LG EOU2200 (b) Iris acquisition

Figure 1. The Iridian LG EOU2200 system.

We reimplementeda Daugman-likealgorithmoriginally
implementedby Masek[8]. We alsodevelopedandimple-
mentedanimprovediris segmentationandeyelid detection
stage.Our improved systemis denotedas ND IRIS. We
testedND IRIS on a setof over 4,000imagesof varying
qualityacquiredusinganIridian LG 2200iris imagingsys-
tem.Theresultsshow thattherank-onerecognitionrateus-
ing theND IRIS segmentationis about6%higherthanthat
usingtheMaseksegmentation.

Theremainingsectionsareorganizedasfollowing: sec-
tion 2 introducesthe datasetusedin the experiments;sec-
tion 3 is the detailsof our implementationand optimiza-
tion; section4 shows theexperimentalresults;andsection
5 is theconclusion.

2. Dataset

As describedin [7], we usedthe Iridian LG EOU2200
system[2] [6], shown in Figure1, for our dataacquisition.
The imagedatasetscollectedwill be eventuallyavailable
to theresearchcommunitythroughtheIris ChallengeEval-
uation(ICE), a programjointly sponsoredby several U.S.
Governmentagenciesinterestedin measuringtheimprove-
mentsin iris recognitiontechnologies[1].

Theiris imagesareintensityimageswith a resolutionof
640x 480.Becauseof theusercooperationrequiredby the
system,theiris generallytakesup a largeportionof anim-
age.Theaveragediameterof aniris is 228pixels.



(a)Galleryimage (b) Segmentationresult

Figure 2. An example image of galler y image
and the segmentation result.

Weusedonly left iris imagesin ourexperimentsreported
here.Therearea total of 317iris imagesin thegalleryset,
correspondingto the317differentsubjectsinvolvedin our
experiments.Therearea total of 4,249left iris imagesin
the probeset.The gallery imagesareall goodquality im-
ages.Figure2(a) is oneexample.Theprobeimagesareof
varying quality levels. The imagequality canvary due to
the percentof the iris areaoccluded,the degreeof blur in
theimage,or both.

3. Implementation and Optimization

An iris recognitionprocesscanbe representedasthree
parts: iris segmentation,iris encodingand iris matching.
The iris segmentationsteplocalizesthe iris region in the
eye image.Figure 2 is an exampleof an iris imageand
thesegmentationresultsfrom ND IRIS.Theencodingstage
uses�lters to encodeiris imagetexturepatternsinto digital
codes.The similarity of two irisesis de�ned by the Ham-
mingDistancebetweenthetwo digital codes.A smallerdis-
tancemeansa bettermatch.

We startedwith Masek'sopensourceimplementationof
a “Daugman-like” recognitionalgorithm[8] to conductthe
experiments.Masek's implementationwaswritten in Mat-
lab. We rewrote theprogramin C. We compared250 tem-
platesgeneratedby the Matlab codeandour C code.The
maximumHammingdistance(HD) betweena Masektem-
plateand the correspondingND IRIS templateis 0.0053,
andthe meanHD is 0.00015.We assumethat thesesmall
observeddifferencesaredueprimarily to different�oating-
pointcalculationerror.

This paperfocuseson creatingan improved segmenta-
tion stage.The other two stagesare plain translationsof
Masekstages.Theuseof theMasekstageshereis to make
it easyto haveacompletesystemto usein experiments.

3.1. Iris Segmentation

For mostalgorithms,andassumingnear-frontal presen-
tation of the pupil, the iris boundariesaremodeledastwo
circles,whicharenot necessarilyconcentric.Theinnercir-
cle is theboundarybetweenthepupil andtheiris. Theouter
circle is theboundarybetweentheiris andthesclera.

3.1.1. Masek'salgorithm In Masek'ssegmentationalgo-
rithm, the two circular boundariesof the iris are localized
in thesameway. TheCanny edgedetectoris usedto gener-
atetheedgemap.Thenafterdoinga circularHoughtrans-
form, themaximumvaluein theHoughspacecorresponds
to thecenterandtheradiusof thecircle.

3.1.2. Optimization Basedon examininginstancesof in-
correctrecognitionwith Masek'salgorithm,it becameclear
that theperformanceof the iris segmentationstepcouldbe
improved.As indicatedin [7], for the 4,249probeimages
usedin theexperiment,therank-onerecognitionrateof our
re-implementationof Masek'salgorithmwas90.92%.How-
ever, if the iris locationreportedby the Iridian system[2]
is substitutedfor that found by our re-implementation,the
rank-onerecognitionrateincreasesto 96.61%.Thereforeit
seemsthatthereis substantialroomfor improvementof the
segmentation.Wedevelopedandimplementedanimproved
segmentationalgorithmwith featuresdescribedbelow.

ReversetheDetectionOrder. Masek'salgorithmdetectsthe
outeriris boundary�rst, thenit detectstheinneriris bound-
ary within thedetectedouterboundary. However, thecon-
trastbetweenthe iris andthepupil is usuallystrongerthan
that betweenthe scleraand the iris. In an iris image,the
pupil is thelargestdarkareawith aspecularhighlightwithin
it. Comparedto the outerboundary, the inner boundaryis
relatively easierto localize.

After thepupilboundaryis detected,theiris outerbound-
ary will be detectedin an areacenteringat the detected
pupil. Figure3 showsthestepsin ND IRIS segmentation.

ReduceEdge Points. In looking at segmentationerrorsof
Masek's algorithm, it appearedthat edgepixels not from
theiris boundaryoftencausedtheHoughtransformto �nd
an incorrectiris boundary. Thespecularhighlight that typ-
ically appearsin the pupil region wasonesourceof such
edgepixels.Thesecanbe generallyeliminatedby remov-
ing Canny edgesat pixelswith a high intensityvalue(240
in thiscase).Edgepixelsinsidetheiris regioncanalsocon-
tributeto pulling theHoughtransformresultaway from the
correctresult.Thesecangenerallybeeliminatedby remov-
ingedgesatpixelswith anintensitybelow somevalue(30in
thiscase).Figure4 showsanexampleof theedgepointsbe-
fore andafter theprocedureof reducingedgepointswhen
detectingtheouteriris boundary.



(a)Original iris image. (b) Step1: detectthe inner
boundaryasthepupil.

(c) Step2: detecttheouter
boundaryastheiris.

(d) Final result.

Figure 3. Illustration of the steps in ND IRIS
segmentation.

Modi�cation toHoughTransform. In theMasekimplemen-
tation,theHoughtransform,for eachedgepointandagiven
radiusr, “votes” for centerlocationcandidatesin all direc-
tions.A well-known improvementto theHoughtransform
for circlesis to restrictthe“vote” for centerlocationsbased
onthedirectionof theedges.Soin ouralgorithm,eachedge
point“votes”for possiblecenterlocationsin theareawithin
only 30 degreeson eachsideof the local normaldirection.
Figure5 showsanexampleof thecenterlocationsvotedfor
by a singleedgepixel in thetwo cases.Our improvedalgo-
rithm alsorequiresthatmorevotesareneededfor a circu-
lar boundarywith a larger radius.Additionally, the search
for a maximumin Houghspace,to representaniris bound-
ary, is doneusingasumoveraslidingwindow of threeval-
uesof r.

Hypothesize and Verify. The iris segmentation step
in Masek's algorithm is basedon a simple searchfor
peaks in the Hough spacecreatedfrom the edge pix-
els found by an implementationof a Canny edgedetector.
Peaksin the Hough spacecan be regardedas hypothe-
sizedboundariesin the image,but they needto beveri�ed
asmeaningfulboundaries.We implementeda simple“hy-
pothesizeand verify” approach to �lter out some of
the incorrect candidatesegmentationsfound by search-
ing the Hough spacefor peaks.For a peakin the Hough
spacethat correspondsto a candidatesclera-iris bound-
ary, a testis performedto checkthat the iris is darker than
the sclera.This checkis donewith a small region on the
left andtheright sidesof thecandidatesclera-irisboundary.
For a peakin theHoughspacethatcorrespondsto a candi-

(a)Beforereducingedgepoints

(b) After reducingedgepoints

Figure 4. The effects of reducing edge points.

dateiris-pupil boundary, a test is performedto checkthat
the pupil is darker than the iris. Again, the checkis done
with a small region on the left andright sidesof the can-
didateboundary. It is also requiredthat 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 closer than half of the radiusof the iris-pupil bound-
ary.

SegmentationImprovements.Figure6 shows someexam-
plesof segmentationsthatwereincorrectin theMasek'sre-
sultsbut arecorrectedin ND IRIS. The currentversionof
ND IRIS is notperfect.Figure7 showssomeincorrectseg-



(a)Masek'salgorithm

(b) ND IRIS

Figure 5. Modi�cation to Hough transf orm.

mentationresultsfrom thecurrentversionof ND IRIS. We
arecontinuingto work on improvediris segmentation.

Eyelid Detection. In our experiments,we consideredthe
occlusionby eyelids.In Masek's algorithm,theeyelidsare
modeledastwo horizontallines.Whendetectingthetop lid
andthe bottomlid, a Canny edgedetectoris usedto gen-
eratethe edgemap.Thenthe line is locatedusinga linear
Houghtransform.

In ND IRIS,eacheyelid is modeledastwo straightlines.
After theiris boundariesdetection,wesplit thedetectediris
areainto four partsof equalsize:left top,right top,left bot-
tomandrightbottom.Thereisanoverlapof half of thepupil
radiusbetweeneachwindow. Wedetecttheeyelid in eachof
thesefour windows,andconnecttheresultstogether. Figure
8 comparesour eyelid detectionresultwith Masek's eyelid
detectionresult.

3.1.3. Encoding In orderto reducetheeffect of thescale
differenceof iris images,normalizationis utilized before

(a)Masek (b) ND IRIS

Figure 6. Examples of impr oved segmenta-
tion.

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

3.1.4. Matching TheHD is usedto indicatethesimilarity
of two iris codes.TheHD is de�nedasthenumberof differ-
entbits in thetwo codesover thetotalnumberof valid bits.
A smallerdistancemeansa bettermatch.In orderto over-
cometherotationvariation,shifting is usedwhencalculat-
ing theHD. WhencalculatingHD betweenA andB, we �x
thecodeA, andshift thecodeB from -15� to +15� with an
incrementof 1.5� eachtime.TheminimumHD from these
20shift positionsis usedasthereportedHD.

H D(A; B ) =

P
i ((A i xor B i ) andV alid i )P

i Valid i
(1)

V alid i =

8
<

:

1 if noisemaskA i = 0
andnoisemaskB i = 0;

0 otherwise:
(2)



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

(a)Left top (b) Right top

(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-
tween a gallery image and a probe image,and compare
thecomputedHD with a threshold.If thecomputedHD is
smaller, the probeimageis accepted.Otherwisethe probe
imageis rejected.If anacceptedimageandthegallery im-
agearenot from thesamesubject,it is calledafalseaccept.
The percentageof falseacceptis called falseacceptrate
(FAR). If a rejectedimageandthe gallery imagearefrom
thesamesubject,it is calledafalsereject.Thepercentageof
falserejectis calledfalserejectrate(FRR).An ROC curve
plotsthetradeoff betweentheFAR andtheFRR.Theequal

errorrate(EER)is obtainedwhentheFAR equalsFRR.
In thecontext of identi�cation, we compareeachprobe

iris imagewith all galleryiris imagesandchoosethegallery
imageclosestto theprobeimageaccordingto thecomputed
HD asthepredictionresult.If theprobeimageandthese-
lectedmatchinggalleryimagearefrom thesamesubject,it
is acorrectmatch.Thepercentageof thecorrectlymatched
probeimagesis therank-onerecognitionrate.

The experimentsreportedhere do not use the Iridian
softwarefor enrollmentandrecognition.We experimented
with three different segmentationresults:our implemen-
tation of Masek's algorithm (denotedas Masek),our im-
provedalgorithm(denotedasND IRIS), andtheLG 2200
systemreportedlocalization.Thedifferentsegmentationre-
sultswereall run throughthesameencodingandrecogni-
tion stages.Our “C” re-implementationof Masek's algo-
rithm was usedfor this. At �rst we usedMasek's eyelid
detectionmodel. Table 1 shows the rank-onerecognition
andtheEERof usingthesethreedifferentsegmentationre-
sults.Figure9 shows the ROC curvesfor the iris veri�ca-
tion experiments.The resultsshow that the ND IRIS seg-
mentationworks muchbetterthanMasek's segmentation.
The ND IRIS segmentationworks a little better than the
Iridian reportedsegmentationresults.Whenusingour op-
timized eyelid detectionmodel, the rank-onerecognition
ratesare increasedto 96.75%(Iridian segmentation)and
97.34%(ND IRIS segmentation).

SEGMENTATION MASEK 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 breakdown of maleversusfemalefor the 317 per-
sonsin this datasetis 56%to 44%.Therearevaryingnum-
bersof iris imagesper person,dependingon the number
of dataacquisitionsessionsand the imagequality control
screening.The numberof probeimagesfrom maleversus
femalepersonsis 52% to 48%. The correspondingrecog-
nition ratesare97.26%and97.43%.This differenceis not
statisticallysigni�cant at the0.05level.

The iris color of the personsparticipatingin the study
wasnot recordedat thetimeof imageacquisition.Sincethe
imagesfrom the Iridian systemare basedon infra-red il-
lumination,we cannotobtain iris color from them.How-
ever, subjectsparticipatingin this imageacquisitionwere
alsopartof the imageacquisitionfor theFaceRecognition
GrandChallenge[9], for which high-resolutioncolor face
imageswereacquired.Looking at thecolor faceimages,it
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Figure 9. ROC comparison of segmentations.

is possibleto retrospectively assigneacha “dark” (blackor
brown) or “light” (blue,green,or hazel)iris color for each
person.Usingthis retrospectiveassignment,thebreakdown
of dark versuslight iris for personsin this datasetis 50%
to 50%. The breakdown of probe imagesfrom dark ver-
suslight iris is 54% to 46%. The correspondingrecogni-
tion ratesare96.70%and98.10%.The recognitionrateof
light iris imagesis higherthanthatof darkiris images.This
differenceis signi�cant atthe0.01level.Howeverthiscom-
parisonis not controlledfor imagequality betweenthetwo
groups,andsofurtherstudyis neededbeforeassigningany
importanceto it.

5. Conclusion

We re-implementedMasek's iris recognitionsystemin
C.Thispaperlooksatalternativesin thesegmentationstage
to seewhatcanbedoneto getthebestperformancefrom the
overall system.An initial “window” or performancerange
for theoverallsystemisdeterminedbyusingtheMasekseg-
mentationandtheIridian segmentation.FeedingtheMasek
segmentationinto theremainderof thesystemgivesa kind
of lower bound.Feedingthe Iridian segmentationinto the
remainderof thesystemgives,not an upperbound,but an
indicationof current“industrial-strength”performance.The
goalof courseis to �nd asegmentationalgorithmthatgives
betterperformancewith this systemthan the Iridian seg-
mentation.Thatdoesnot necessarilymeanthat theperfor-
manceof theoverall systemis betterthanthecurrentcom-
pleteIridian commercialsystem,sincethe last two stages
(encodingandmatching)usedin theexperimentsareplain
Masekstages.

We developedand implementedan improved iris seg-
mentationstage.The ND IRIS segmentationleads to a
rank-onerecognitionrateabout6% higherthantheMasek
segmentation.The resultsof using our segmentationare
even a little bit betterthanusing the Iridian reportedseg-
mentation.It is importantto be clear that theseresultsdo
notrepresenttheperformanceof theIridian commercialiris
recognitionsystem.It is highly possiblethatsomeof inac-
curatesegmentationreportedby the Iridian systemcanbe
compensatedfor laterin their system.

Our experimentalresultsalsosuggestthatmorework is
neededon iris segmentation,especiallyfor the iris images
with relatively lowerqualities.
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