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ABSTRACT

Theadwentof solid-statengerprint sensorpresentsfresh
challengdotraditional ngerprint matchingalgorithms.These
sensorprovideasmallcontactarea( 0:6" 0:6") for the
ngertip and,therefore senseonly a limited portion of the
ngerprint. Thusmultiple impressionof the same nger-
print may have only a small region of overlap. Minutiae-
basedmatchingalgorithms,which considerridge actiity
only in the vicinity of minutiae points, are not likely to
performwell on theseimagesdueto the insufcient num-
ber of correspondingpointsin the input andtemplateim-
agesWe presenthybrid matchingalgorithmthatusesboth
minutiae (point) informationandtexture (region) informa-
tion for matchingthe ngerprints. Resultsobtainedon the
MSU_VERIDICOM databasehows that a combinationof
thetexture-basedndminutiae-basethatchingscoredeads
to asubstantiaimprovementin theoverallmatchingperfor
mance.

1. INTRODUCTION

Traditionally, passverds(knowledge-basedecurity)andbadges
(token-basedsecurity)have beenusedto restrictaccesto
securesystems.However, securitycanbe easily breached
in thesesystemswvhena passwrd is divulgedto an unau-
thorizeduseror abadges stolenby animpostor Theemer
genceof biometrics[1] hasaddressedhe problemsthat
plaguetraditional veri cation methods. Biometricsrefers
to the automaticidenti cation (or veri cation) of an indi-
vidual (or a claimedidentity) by usingcertainphysiological
or behaioral traits associatedvith the person(e.g., nger-
prints, handgeometry iris, retina, face, handvein, facial
thermogramssignature voiceprint). Biometric indicators
have anedgeover traditionalsecuritymethodsn thatthese
attributescannotbe easilystolenor shared.

Among all the biometric indicators, ngerprints have
oneof the highestlevels of reliability [2, 3] andhave been
extensvely usedby forensicexpertsin criminal investiga-
tions [4]. Traditionaly ngerprint patternshave beenex-
tractedby creatingan inked impressionof the ngertip on
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paper Now compactsolid-statesensorgprovide digital im-
agesof thesepatterns. Thesesensorsan be easilyincor-
poratedinto a mouse,keyboardor cellular phonemaking
thisaveryattractve modeof identi cation. Fingerprintsys-
temsarebeingincreasinglyincorporatedn awide rangeof
civilian andcommerciabpplicationdor userauthentication
purposes.
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(©)
(b)
Fig. 1. Fingerprintimagesacquiredusing the solid state
Veridicom sensor(a,b) and the optical Digital Biometrics
sensol(c). Thedetectedninutiaepointshave beenmarked
in the ngerprint imageg(17in (a),21in (b), 39in (c)).

Thesolid-statesensorgrovide only asmallcontactarea
( 0:6" 0:6")forthe ngertip and,therefore sampleonly
alimited portionof the ngerprint pattern(300 300pixels
at500dpi). An opticalsensorontheotherhand,hasacon-
tactareaof 1" 1", resultingin imagesof size480 508
pixels at 500 dpi. Hence,the numberof minutiae points
thatcanbeextractedfrom a ngerprint sampleacquiredus-
ing asolid-statesensoiis smallercomparedo thatacquired
usinganopticalsensoiseeFigurel). Further multiple im-
pression®f the same nger, acquiredat differentinstances
using a solid-statesensor may overlap only over a small
region dueto therotationandtranslationof subsequenn-
gerprints(Figuresl(a)and(b)). Theminutiae-basedhatch-
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ing schemeswvill not performwell in suchsituationsdueto
the lack of a sufcient numberof commonsingularpoints
betweerthetwo impressions.

(@) (b)

Fig. 2. (a) Circular tesselation(80 sectors)abouta core

point. (b) Rectangulatessellatior(81 cells) of a Veridicom

image. Sincethe core point in (b) is locatedat the lower

right cornerof the image,we proposeto usea rectangular
tesselation.

We describea hybrid approachto ngerprint matching
thatcombinesaminutiae-basedepresentatioof the nger-
print with a Gabok Iter (texture-based)yepresentatioffior
matchingpurposesThetexture-basedepresentationf the
ngerprint is amodi cation of the methoddescribedn [5].
The proposedalgorithm rst alignsthetwo ngerprints us-
ing the minutiaepointsextractedfrom boththeimagesand
then usestexture information to perform detailedmatch-
ing. As aresult, moreinformationthanminutiaepointsis
being usedto match ngerprints. The resultantmatching
scoreis combinedwith that obtainedusing the minutiae-
basedmatchingalgorithm. Veri cation resultssuggesthat
theproposedybrid approachs bettersuitedfor imagesac-

quiredusingcompactsolid-statesensors.

2. BACKGROUND

A ngerprint canbe viewed asan orientedtexture pattern.
Jainetal. [5] shaw that, for sufciently complex oriented
texturessuchas ngerprints, invarianttexture representa-
tions can be extractedby combining both global and lo-
cal discriminatoryinformationin the texture. Givena n-
gerprintimage,they demonstratehat a compactand reli-
abletranslation-androtation-invariantrepresentationanbe
built basedentirely on theinherentpropertiesof the under
lying ngerprint texture. They furtherillustratethattherep-
resentatiorthusderived,is usefulfor robustdiscrimination
of the ngerprints.

Theabove schemdor genericrepresentatioof oriented
texturerelieson extractinga corepointin the ngerprint. A
circular region aroundthe core point is locatedandtessel-
lated into sectors(or cells) asshovn in Figure 2(a). The
pixel intensitiesin eachsectorarenormalizedto a constant

meanandvariance,and Itered usinga bankof Gabor |-
tersto producea setof Itered images.Grayscalevariance
within asectorquanti estheunderlyingridgestructuregand
is usedasa feature.A featurevector(640bytesin length),
termedas a FingerCode,is the collection of all the fea-
tures,computedrom all thesectorsjn every Itered image.
The Fingercodecaptureghelocal information,andthe or-
deredenumeratiorof thetessellatiorcaptureghe invariant
global relationshipsamongthe local patterns. The nger-
print matchingalgorithmis basedsimply on the Euclidean
distancebetweenthe two corresponding-ingerCodesand
hences extremelyfastandscalable.

(a) (b)
Fig. 3. Aligning theinputimagewith the templateimage.
Theredthinnedimageis thetemplate andthe bluethinned
imageis theinput. (a) Alignmentof two impression®f the
same nger (the non-overlappingregions appearas white
on black); (b) Alignment of two impressionsof different
ngers.

We proposehefollowing improvementsn orderto adapt
this techniquefor matchingimagescapturedoy solid-state
sensors(i) Estimatethetranslatiorandrotationparameters
neededo aligntheinputimagewith thetemplateusingtheir
minutiaepoints.(ii) Usetheforegroundsegmentatioralgo-
rithm describedn [6] to sggmenttheinputandthetemplate
images. (iii) De ne a rectangulartessellationon the two
alignedimages. Extracttexture featuresfrom eachrectan-
gular cell (of bothimages)using Gabor Iters. (iv) Match
featuresextractedfrom all the overlappingforegroundcells
and weigh the matchingdistanceby the amountof over
lap. (v) Combinethe con dencescoresof the Iter -based
matcherwith the minutiae-basednatcherto obtainanim-
proved matchingperformance.The purposeof usingrect-
angularcells(asopposedo circularsectorsjs two-fold: (a)
Dueto thereducedcontactareaof the sensoyit maynot be
possibleto detecta core point aboutwhich the imagecan
be circularly tesselatedMoreover, evenif a corepointwas
detectedjt maylie attheimageboundarytherebyprovid-
ing very few valid tesselatedectors.(b) The reducedsize
of thesensolimits theamountof non-lineardeformatiorof
theimage. Thusevery region in theimageis given equal
importancewhile extractingfeatures. This is achieved by
having equal-sizeaellsin arectangulamesh(Figure2(b)).
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3. THE HYBRID MATCHING APPROACH

The matchingtechniquedescribedhereis referredto asthe
“hybrid” techniquebecausét combinesminutiaeinforma-
tion availablein a ngerprint with the underlyingtexture
informationin local regionsto performthe matching.

3.1. Image Alignment

Minutiae points from both the input and templateimages
areextractedusingthealgorithmdescribedn [6]. Thealgo-
rithm providesthefollowing two outputs:(a) A setof minu-

tiae points, eachcharacterizedy its spatial position and
orientationin the ngerprint image. (b) Local ridge infor-

mationin thevicinity of eachminutiaepoint. Thetwo sets
of minutiaepointsarethenmatchedisinga pointmatching
algorithm. Thealgorithm rst selectsa referenceminutiae
pair (onefrom eachimage)andthendetermineshenumber
of correspondingninutiaepairsusingthe remainingsetof

points. Thereferencepairthatresultsn themaximumnum-

berof correspondingairsdetermineshe bestalignment.

(@) (b)

() (d)

Fig. 4. Maskingout backgroundegions: (a) Templateim-
age, (b) Inputimage, (c) Input imageafter translationand
rotation,(d) Maskedinputimage.

An exhaustve evaluationof all pointcorrespondenceés
avoideddueto the availability of local ridge informationat
every minutiaepoint. Oncethe minutiaepointsarealigned
by this method,the rotationandtranslationparametersire
computed.The estimatedotationparameters the average
of theindividual rotationvaluesof all correspondingninu-
tiae pairs. The translationparametersre computedusing
the spatial coordinateof the referenceminutiae pair that
resultedin the bestalignment.Theresultsof thealignment
of two impression®f the same nger andtwo impressions
of different ngers areshavn in Figure3. For the purpose
of visualization,the thinnedridge map of eachimpression
hasbeenshavn.

3.2. Image Tesselation

Backgroundregionsof the input ngerprint imageare not
usedin thefeatureextractionandmatchingstageof theal-
gorithm (Figure4). Theinputandtemplateimagesarenor-
malizedby constructingequal-sizechon-overlappingwin-
dows overthemandnormalizingthe pixel intensitieswithin
eachwindow to a constantmeanand variance. Eachnor-
malizedimageis tessellateéhto equal-sizedhon-overlapping
rectangularcells of prede neddimensiong30 30). The
dimensionf the cell werechoserafterobservinghattwo
neghbouringridgesspanover approximately30 pixels. For
a300 300image thisresultsin 81tessellatedtells.

3.3. Feature Extraction

Fig. 5. Resultof applyingGabor lters to Fig 4(d). Filtered
imagedor orientation€°, 22:5°, 45°, and67:5° areshown.

A bankof 8 Gabor Iters is appliedto eachof thetessel-
latedcell. All the8 Gabor Iters usedfor featureextraction
have the samefrequeng, 0:1 pix !, but differentorienta-
tions (0° to 157.5° in stepsof 22:5°). This frequeny is
choserbasedon the averageinter-ridge distancein the n-
gerprints(whichis 10 pixels). This particular Itering
resultsin a setof 8 Itered imagesfor eac cell. Four of
the Itered imagesareshaw in Figure5. Theabsoluteaver
agedeviation of intensityin each Itered cell is treatedasa
featurevalue(Figure6). Thusthereare8 featurevaluesfor
eachcell in thetessalationThe featurevaluesfrom all the
cells areconcatenatetb form a 648-dimensiona(81 8)
featurevector Featurevaluesthatresidein the masledre-
gionsof theinputimagearenot usedin the matchingstage
of the processandaremarkedasmissingvaluesin thefea-
turevector

3.4. Matching

Matching an input imagewith a storedtemplateinvolves
computingthe sumof the squaredifferencesetweenthe
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two featurevectorsafter discardingmissingvalues. This
distancas normalizecby thenumberof valid featurevalues
usedto computethe distance.The matchingscoreis com-
binedwith that obtainedfrom the minutiae-baseanethod,
usingthe sumrule of combination.If the matchingscoreis
lessthana prede nedthreshold the inputimageis saidto
have successfullynatchedvith thetemplate.

4. EXPERIMENT AL RESULTS

Our databaseonsistsof ngerprint impressionsobtained
from 160 usersusingthe Veridicomsensor Eachuserwas
asled to provide 4 differentimpressionsf eachof 4 dif-

ferent ngers - theleft index nger, theleft middle nger,

theright index nger andthe right middle nger. A setof

2;560(160 4 4)imageswerecollected.An automatic
quality checlerwasusedto rejectpoorqualityimages.

Fig. 6. Featurevaluesderived from the Itered imagesof
Fig 5. For purpose®f visualization thefeaturevalueshave
beenscaledo theO - 255range.

The performanceof a biometric systemcan be shovn
as a Recever OperatingCharacteristi ROC) curve that
plotstheGenuineAcceptRateagainstheFalseAcceptRate
(FAR) atdifferentthresholdn the matchingscore.Figure
7 shaws the performanceof the hybrid approachpresented
here. We comparethis performancevith a minutiae-based
approach[6] that doesnot utilize texture information for
representinghe ngerprint. As canbeseerin thegraphthe
hybrid approachoutperformsthe minutiae-base@pproach
over a wide rangeof FAR values. For example,at a 1%
FAR, the hybrid matchergivesa GenuineAccept Rate of
92%while theminutiae-basedhatchergivesa GenuineAc-
ceptRateof 72%.

The computationakequirementof the hybrid matcher
is dictatedby the corvolution operationassociatedvith the
eightGabor lters. Theentirematchingalgorithm,thatin-
cludesfeatureextractionfrom theinputimage,andthe sub-
sequenmatchingprocesstakesaround8 secondof CPU
timein anUltra 10 SFARC machine However, it is possible
to enhancehe speedf this algorithmby implementingthe
convolutionoperatiorvia a dedicatedSPchip.

5. CONCLUSIONS

We have presented novel ngerprint matchingschemehat
utilizes boththe minutiaeandtexture informationavailable
in the ngerprint. A bankof Gabor lters is usedto ex-
tractfeaturesrom the tessellateatells of the templateand
inputimages.Although non-lineardeformationgpresenin
the ngerprint imageshave not beenaccountedor by this
method,our contentionis thatthe small size of the contact
areaalleviatesthe effectsof suchdeformationson the esti-
mationof therotationalandtranslationaparameters.
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Fig. 7. The ROC curve comparingthe performanceof
the proposecdhybrid approachwith the minutiaebasedap-
proach.

6. REFERENCES

[1] Anil K. Jain, Ruud Bolle, and SharatPankanti, Eds.,
Biometrics: Personalldenti cation in Networled Soci-
ety, Kluwer AcademicPublishers1999.

[2] JohnBerry andDavid A. Stong, “The historyandde-
velopmentof ngerprinting,” in Advancesn Finger-
print Technolagy, Henry C. Lee and R.E. Gaensslen,
Eds.,pp.1-40.CRCPressflorida,2ndedition,2001.

[3] EmmaNewham,“The biometricreport; SJBServices
1995.

[4] FederalBureauof Investigation, The Scienceof Fin-
gerprints: Classi cationand Uses WashingtonD.C.,
1984,U.S.GovernmentPrinting Of ce.

[5] Anil K. Jain, Salil PrabhakarLin Hong, and Sharat
Pankanti, “Filterbank-based ngerprint matching;
IEEE Transactionson Image Processingvol. 9, no. 5,
pp. 846—-859 May 2000.

[6] Anil K. Jain, Lin Hong, SharatPankanti, and Ruud
Bolle, “An identity authenticatiorsystemusing nger-
prints; Proceedingsf the IEEE, vol. 85, no. 9, pp.
1365-13881997.



