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ABSTRACT

Theadventof solid-state�ngerprint sensorspresentsafresh
challengeto traditional�ngerprint matchingalgorithms.These
sensorsprovideasmallcontactarea(� 0:6" � 0:6") for the
�ngertip and,therefore,senseonly a limited portionof the
�ngerprint. Thusmultiple impressionsof the same�nger-
print may have only a small region of overlap. Minutiae-
basedmatchingalgorithms,which considerridge activity
only in the vicinity of minutiae points, are not likely to
performwell on theseimagesdueto the insuf�cient num-
ber of correspondingpoints in the input and templateim-
ages.Wepresentahybridmatchingalgorithmthatusesboth
minutiae(point) informationandtexture (region) informa-
tion for matchingthe �ngerprints. Resultsobtainedon the
MSU VERIDICOM databaseshows that a combinationof
thetexture-basedandminutiae-basedmatchingscoresleads
to asubstantialimprovementin theoverallmatchingperfor-
mance.

1. INTRODUCTION

Traditionally, passwords(knowledge-basedsecurity)andbadges
(token-basedsecurity)have beenusedto restrictaccessto
securesystems.However, securitycanbe easilybreached
in thesesystemswhena password is divulgedto an unau-
thorizeduseror abadgeis stolenby animpostor. Theemer-
genceof biometrics[1] has addressedthe problemsthat
plaguetraditional veri�cation methods. Biometricsrefers
to the automaticidenti�cation (or veri�cation) of an indi-
vidual (or aclaimedidentity)by usingcertainphysiological
or behavioral traitsassociatedwith theperson(e.g.,�nger-
prints, handgeometry, iris, retina, face,handvein, facial
thermograms,signature,voiceprint). Biometric indicators
haveanedgeover traditionalsecuritymethodsin thatthese
attributescannotbeeasilystolenor shared.

Among all the biometric indicators,�ngerprints have
oneof thehighestlevelsof reliability [2, 3] andhave been
extensively usedby forensicexpertsin criminal investiga-
tions [4]. Traditionaly, �ngerprint patternshave beenex-
tractedby creatingan inked impressionof the �ngertip on

paper. Now compactsolid-statesensorsprovidedigital im-
agesof thesepatterns.Thesesensorscanbe easily incor-
poratedinto a mouse,keyboardor cellular phonemaking
thisaveryattractivemodeof identi�cation. Fingerprintsys-
temsarebeingincreasinglyincorporatedin a wide rangeof
civilian andcommercialapplicationsfor user-authentication
purposes.

(a)

(b)
(c)

Fig. 1. Fingerprint imagesacquiredusing the solid state
Veridicom sensor(a,b) and the optical Digital Biometrics
sensor(c). Thedetectedminutiaepointshave beenmarked
in the�ngerprint images(17 in (a),21 in (b), 39 in (c)).

Thesolid-statesensorsprovideonly asmallcontactarea
(� 0:6" � 0:6") for the�ngertip and,therefore,sampleonly
a limited portionof the�ngerprint pattern(300� 300pixels
at500dpi). An opticalsensor, on theotherhand,hasacon-
tactareaof 1" � 1", resultingin imagesof size480� 508
pixels at 500 dpi. Hence,the numberof minutiaepoints
thatcanbeextractedfrom a �ngerprint sampleacquiredus-
ing asolid-statesensoris smallercomparedto thatacquired
usinganopticalsensor(seeFigure1). Further, multiple im-
pressionsof thesame�nger, acquiredat differentinstances
using a solid-statesensor, may overlaponly over a small
region dueto therotationandtranslationof subsequent�n-
gerprints(Figures1(a)and(b)). Theminutiae-basedmatch-
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ing schemeswill not performwell in suchsituationsdueto
the lack of a suf�cient numberof commonsingularpoints
betweenthetwo impressions.

(a) (b)

Fig. 2. (a) Circular tesselation(80 sectors)abouta core
point. (b) Rectangulartessellation(81cells)of a Veridicom
image. Sincethe corepoint in (b) is locatedat the lower
right cornerof the image,we proposeto usea rectangular
tesselation.

We describea hybrid approachto �ngerprint matching
thatcombinesaminutiae-basedrepresentationof the�nger-
print with a Gabor-�lter (texture-based)representationfor
matchingpurposes.Thetexture-basedrepresentationof the
�ngerprint is a modi�cation of themethoddescribedin [5].
Theproposedalgorithm�rst alignsthetwo �ngerprints us-
ing theminutiaepointsextractedfrom boththeimages,and
then usestexture information to perform detailedmatch-
ing. As a result,moreinformationthanminutiaepointsis
being usedto match�ngerprints. The resultantmatching
scoreis combinedwith that obtainedusing the minutiae-
basedmatchingalgorithm. Veri�cation resultssuggestthat
theproposedhybridapproachis bettersuitedfor imagesac-
quiredusingcompactsolid-statesensors.

2. BACKGROUND

A �ngerprint canbe viewedasan orientedtexturepattern.
Jainet al. [5] show that, for suf�ciently complex oriented
texturessuchas �ngerprints, invariant texture representa-
tions can be extractedby combiningboth global and lo-
cal discriminatoryinformationin the texture. Given a �n-
gerprint image,they demonstratethat a compactandreli-
abletranslation-androtation-invariantrepresentationcanbe
built basedentirelyon the inherentpropertiesof theunder-
lying �ngerprint texture.They furtherillustratethattherep-
resentationthusderived,is usefulfor robustdiscrimination
of the�ngerprints.

Theaboveschemefor genericrepresentationof oriented
texturereliesonextractingacorepoint in the�ngerprint. A
circular region aroundthe corepoint is locatedandtessel-
lated into sectors(or cells) asshown in Figure2(a). The
pixel intensitiesin eachsectorarenormalizedto a constant

meanandvariance,and�ltered usinga bankof Gabor�l-
tersto producea setof �ltered images.Grayscalevariance
within asectorquanti�estheunderlyingridgestructuresand
is usedasa feature.A featurevector(640bytesin length),
termedas a FingerCode,is the collection of all the fea-
tures,computedfrom all thesectors,in every�ltered image.
The Fingercodecapturesthe local information,andtheor-
deredenumerationof thetessellationcapturestheinvariant
global relationshipsamongthe local patterns.The �nger-
print matchingalgorithmis basedsimply on theEuclidean
distancebetweenthe two correspondingFingerCodesand
henceis extremelyfastandscalable.

(a) (b)

Fig. 3. Aligning the input imagewith the templateimage.
Theredthinnedimageis thetemplate,andthebluethinned
imageis theinput. (a)Alignmentof two impressionsof the
same�nger (the non-overlappingregionsappearaswhite
on black); (b) Alignment of two impressionsof different
�ngers.

Weproposethefollowing improvementsin orderto adapt
this techniquefor matchingimagescapturedby solid-state
sensors:(i) Estimatethetranslationandrotationparameters
neededto aligntheinputimagewith thetemplateusingtheir
minutiaepoints.(ii) Usetheforegroundsegmentationalgo-
rithm describedin [6] to segmenttheinputandthetemplate
images. (iii) De�ne a rectangulartessellationon the two
alignedimages.Extracttexture featuresfrom eachrectan-
gular cell (of both images)usingGabor�lters. (iv) Match
featuresextractedfrom all theoverlappingforegroundcells
and weigh the matchingdistanceby the amountof over-
lap. (v) Combinethe con�dencescoresof the �lter -based
matcherwith the minutiae-basedmatcherto obtainan im-
provedmatchingperformance.The purposeof usingrect-
angularcells(asopposedto circularsectors)is two-fold: (a)
Dueto thereducedcontactareaof thesensor, it maynotbe
possibleto detecta corepoint aboutwhich the imagecan
becircularly tesselated.Moreover, evenif a corepoint was
detected,it may lie at the imageboundary, therebyprovid-
ing very few valid tesselatedsectors.(b) The reducedsize
of thesensorlimits theamountof non-lineardeformationof
the image. Thusevery region in the imageis given equal
importancewhile extractingfeatures.This is achieved by
having equal-sizedcellsin arectangularmesh(Figure2(b)).
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3. THE HYBRID MATCHING APPROACH

Thematchingtechniquedescribedhereis referredto asthe
“hybrid” techniquebecauseit combinesminutiaeinforma-
tion available in a �ngerprint with the underlyingtexture
informationin local regionsto performthematching.

3.1. ImageAlignment

Minutiae points from both the input and templateimages
areextractedusingthealgorithmdescribedin [6]. Thealgo-
rithm providesthefollowing two outputs:(a)A setof minu-
tiae points, eachcharacterizedby its spatialposition and
orientationin the �ngerprint image. (b) Local ridge infor-
mationin thevicinity of eachminutiaepoint. Thetwo sets
of minutiaepointsarethenmatchedusinga pointmatching
algorithm. Thealgorithm�rst selectsa referenceminutiae
pair (onefrom eachimage)andthendeterminesthenumber
of correspondingminutiaepairsusingtheremainingsetof
points.Thereferencepairthatresultsin themaximumnum-
berof correspondingpairsdeterminesthebestalignment.

(a) (b)

(c) (d)

Fig. 4. Maskingout backgroundregions: (a) Templateim-
age,(b) Input image,(c) Input imageafter translationand
rotation,(d) Maskedinput image.

An exhaustiveevaluationof all pointcorrespondencesis
avoideddueto theavailability of local ridgeinformationat
every minutiaepoint. Oncetheminutiaepointsarealigned
by this method,the rotationandtranslationparametersare
computed.Theestimatedrotationparameteris theaverage
of theindividual rotationvaluesof all correspondingminu-
tiae pairs. The translationparametersarecomputedusing
the spatialcoordinatesof the referenceminutiaepair that
resultedin thebestalignment.Theresultsof thealignment
of two impressionsof thesame�nger andtwo impressions
of different�ngers areshown in Figure3. For thepurpose
of visualization,the thinnedridgemapof eachimpression
hasbeenshown.

3.2. ImageTesselation

Backgroundregionsof the input �ngerprint imagearenot
usedin thefeatureextractionandmatchingstagesof theal-
gorithm(Figure4). Theinput andtemplateimagesarenor-
malizedby constructingequal-sizednon-overlappingwin-
dowsoverthemandnormalizingthepixel intensitieswithin
eachwindow to a constantmeanandvariance. Eachnor-
malizedimageis tessellatedintoequal-sizednon-overlapping
rectangularcellsof prede�neddimensions(30 � 30). The
dimensionsof thecell werechosenafterobservingthattwo
neghbouringridgesspanoverapproximately30 pixels. For
a 300� 300image,this resultsin 81 tessellatedcells.

3.3. FeatureExtraction

Fig. 5. Resultof applyingGabor�lters to Fig 4(d). Filtered
imagesfor orientations0o, 22:5o, 45o, and67:5o areshown.

A bankof 8 Gabor�lters is appliedto eachof thetessel-
latedcell. All the8 Gabor�lters usedfor featureextraction
have the samefrequency, 0:1 pix � 1, but differentorienta-
tions (0o to 157:5o in stepsof 22:5o). This frequency is
chosenbasedon theaverageinter-ridgedistancein the �n-
gerprints(which is � 10 pixels). This particular�ltering
resultsin a setof 8 �ltered imagesfor each cell. Four of
the�ltered imagesareshow in Figure5. Theabsoluteaver-
agedeviation of intensityin each�ltered cell is treatedasa
featurevalue(Figure6). Thusthereare8 featurevaluesfor
eachcell in thetessalation.Thefeaturevaluesfrom all the
cells areconcatenatedto form a 648-dimensional(81 � 8)
featurevector. Featurevaluesthat residein themaskedre-
gionsof theinput imagearenot usedin thematchingstage
of theprocess,andaremarkedasmissingvaluesin thefea-
turevector.

3.4. Matching

Matching an input imagewith a storedtemplateinvolves
computingthesumof thesquareddifferencesbetweenthe
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two featurevectorsafter discardingmissingvalues. This
distanceis normalizedby thenumberof valid featurevalues
usedto computethedistance.Thematchingscoreis com-
binedwith that obtainedfrom the minutiae-basedmethod,
usingthesumrule of combination.If thematchingscoreis
lessthana prede�nedthreshold,the input imageis saidto
havesuccessfullymatchedwith thetemplate.

4. EXPERIMENT AL RESULTS

Our databaseconsistsof �ngerprint impressionsobtained
from 160usersusingtheVeridicomsensor. Eachuserwas
asked to provide 4 different impressionsof eachof 4 dif-
ferent�ngers - the left index �nger, the left middle �nger,
the right index �nger andthe right middle �nger. A setof
2; 560(160� 4 � 4) imageswerecollected.An automatic
qualitycheckerwasusedto rejectpoorquality images.

Fig. 6. Featurevaluesderived from the �ltered imagesof
Fig 5. For purposesof visualization,thefeaturevalueshave
beenscaledto the0 - 255range.

The performanceof a biometricsystemcanbe shown
as a Receiver OperatingCharacteristic(ROC) curve that
plotstheGenuineAcceptRateagainsttheFalseAcceptRate
(FAR) at differentthresholdson thematchingscore.Figure
7 shows theperformanceof thehybrid approachpresented
here.We comparethis performancewith a minutiae-based
approach[6] that doesnot utilize texture information for
representingthe�ngerprint. As canbeseenin thegraph,the
hybrid approachoutperformsthe minutiae-basedapproach
over a wide rangeof FAR values. For example,at a 1%
FAR, the hybrid matchergivesa GenuineAcceptRateof
92%while theminutiae-basedmatchergivesaGenuineAc-
ceptRateof 72%.

The computationalrequirementof the hybrid matcher
is dictatedby theconvolutionoperationassociatedwith the
eightGabor�lters. Theentirematchingalgorithm,that in-
cludesfeatureextractionfrom theinput image,andthesub-
sequentmatchingprocess,takesaround8 secondsof CPU
timein anUltra 10SPARC machine.However, it is possible
to enhancethespeedof this algorithmby implementingthe
convolutionoperationvia a dedicatedDSPchip.

5. CONCLUSIONS

Wehavepresentedanovel �ngerprint matchingschemethat
utilizesboththeminutiaeandtextureinformationavailable
in the �ngerprint. A bank of Gabor�lters is usedto ex-
tract featuresfrom the tessellatedcellsof the templateand
input images.Althoughnon-lineardeformationspresentin
the �ngerprint imageshave not beenaccountedfor by this
method,our contentionis that thesmallsizeof thecontact
areaalleviatestheeffectsof suchdeformationson theesti-
mationof therotationalandtranslationalparameters.
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Fig. 7. The ROC curve comparingthe performanceof
the proposedhybrid approachwith theminutiaebasedap-
proach.
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