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ABSTRACT

It hasbeenobserved that the reducedcontactareaof-
feredby solid-state�ngerprint sensorsdoesnotprovidesuf-
�cient information(e.g.,numberof minutiae)for high ac-
curacy userveri�cation. Further, multiple impressionsof
thesame�nger acquiredby thesesensors,mayhave only a
smallregionof overlaptherebydegradingthematchingper-
formanceof theveri�cation system.To dealwith this prob-
lem, we have developeda �ngerprint mosaickingscheme
thatconstructsa composite�ngerprint templateusingmul-
tiple impressions.A compositetemplatereducesstorage,
improvesmatchingtime andalleviatestheproblemof tem-
plateselection.In theproposedalgorithm,two impressions
(templates)of a �nger areinitially alignedusingthecorre-
spondingminutiaepoints.Thisalignmentis usedby amod-
i�ed versionof thewell-known iterative closestpoint algo-
rithm (ICP) to computeatransformationmatrix thatde�nes
the spatialrelationshipbetweenthe two impressions.The
resultingtransformationmatrix is usedin two ways:(a) the
two templatesarestitchedtogetherto generatea composite
image.Minutiaepointsarethendetectedin this composite
image;(b) theminutiamapsobtainedfrom eachof theindi-
vidual impressionsareintegratedto createa largerminutia
map. Our experimentsshow thata compositetemplateim-
provestheperformanceof the �ngerprint matchingsystem
by � 4%.

1. INTRODUCTION

Fingerprint-basedveri�cation systemshavegainedimmense
popularitydueto thehigh level of uniquenessattributedto
�ngerprints andthe availability of compactsolid-state�n-
gerprintsensorsthatcanbeeasilyembeddedinto awideva-
riety of devicesrequiringuser-authentication(e.g.,laptops,
cellular phones). The solid-statesensors,however, sense
only a limited portion of the �ngerprint patternpresentin
thetip of the�nger. Theamountof information(e.g.,num-
berof minutiaepoints)thatcanbeextractedfrom suchpar-
tial printsis substantiallylowercomparedto thatwhichcan
beextractedfrom moreelaborateprintssensedusinganop-
tical sensoror inkedprints. For example,theaveragenum-

ber of minutiaepointsextractedfrom a Digital Biometrics
opticalsensor(500� 500imageat500dpi) is 45compared
to 25 minutiaeobtainedfrom a Veridicomsolid-staesensor
image(300� 300imageat 500dpi). Further, therelatively
small overlapbetweenthe templateandqueryimpressions
resultsin fewer correspondingpointsand,therefore,higher
falserejectsand/orfalseaccepts(Figure1). To addressthe
problemof insuf�cient information in a single �ngerprint
template,we usean imagemosaickingtechniquethatcon-
structsa morecomplete�ngerprint templateusingmultiple
impressionsof the same�nger. A compositetemplatehas
the following advantages:(a) In the absenceof a compos-
ite template,thequeryimagewill haveto becomparedwith
eachof theindividualtemplateimpressions(of thesame�n-
ger).Dueto thesmallsizeof theseimpressions,theamount
of overlapbetweenthe queryimageandany templateim-
pressionis likely to besmall,resultingin afalserejectof the
queryimage. A compositetemplate,however, reducesthe
probabilityof a falsereject.(b) Thematchingtimerequired
to comparethe query imagewith the templateis reduced.
With theavailability of a compositetemplate,only a single
comparisonis necessary. (c) Thequandaryof templatese-
lectionis avoided.As informationfrom multiple templates
areintegratedinto a singlecompositetemplate,theneedto
`weight' the individual templatesduring thematchingpro-
cessis alleviated.

2. BACKGROUND

Registering�ngerprint imagesis a dif�cult problemfor the
following reasons:(a) A �ngerprint imagemay have non-
linearplasticdistortionsdueto theeffectof pressinga con-
vex elasticsurface(the�nger) ona �at surface(thesensor).
Moreover, thesedistortionsmay be presentonly in certain
regionsof thesensedimagedueto thenon-uniformpressure
appliedby the subject. (b) The presenceof dirt deposits
on the sensoror cuts and bruiseson the �nger can result
in a rathernoisy image. Therefore,it becomesdif�cult to
registertwo �ngerprint imagesthathave differentamounts
of distortionor noise. In orderto generatethe transforma-
tion matrixde�ning thespatialrelationshipbetweentwo im-
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pressions,weusea modi�ed versionof theiterativeclosest
point(ICP) algorithmwhichtriesto registertwo surfaceim-
agesgivenaninitial alignmentbetweenthetwo surfaces.

(a)TemplateImage (b) QueryImage

Fig. 1. Limited overlapbetweentwo 300� 300impressions
of thesame�nger acquiredusingtheVeridicomsensor. The
transformationbetweentheseimpressionsis not known.

The problemof registeringmultiple 3-D object views
hasreceivedmuchattentionin the literature(see[1, 2] and
the referencestherein). Considera rigid transformationT
that relatestwo rangeimages,RP andRQ . The goal of a
registrationalgorithm is to �nd T suchthat the objective
function,D (RP ; RQ ), is minimized:

D (RP ; RQ ) =
�

p2 R P

kT p � f (p)k (1)

where

f : RP ! RQ j 8p 2 RP ; f (p) 2 RQ :

The transformationmatrix, T , expressedin homogeneous
coordinates,is shown in Eq. (2). Here � , � and 
 are
the rotationanglesaboutthe x, y andz axes,respectively,
andtx , ty andtz arethe translationcomponentsalongthe
threeaxes. Thus the matrix T has6 independentparam-
eters. In practice,the function f is not known, andthere-
fore the objective function in Eq. (1) hasto be replaced
by an evaluationfunction that assumesknowledgeof a set
of correspondingpoints in RP and RQ . Given N pairs
of correspondingpoints, (pi ; qi ), pi 2 RP , qi 2 RQ and
i = 1: : : N , oneattemptsto minimizetheevaluationfunc-
tion E(RP ; RQ ) givenby,

E (RP ; RQ ) =
N

�

i =1

kT pi � qi k
2 : (3)

Thecorrespondencepoints(alsoknown ascontrol points)
may be selectedby extracting higher level features(e.g.,
edges,corners,pointsof locally maximumcurvature,etc.)
from thetwo surfaces,andlooking for correspondencesbe-
tweenthe two setsof extractedfeatures.In someapplica-
tions,thecontrolpointsaremanuallyidenti�ed by adomain
expert. Giventhecontrolpoints,theevaluationfunction in
Eq(3) canbeminimizedby simplysearchingfor theglobal
minimum in the 6-dimensionalparameterspaceusing an

iterative procedure.Sucha procedure,however, doesnot
guaranteeconvergenceto a global minimum. To circum-
ventthis problem,theICPalgorithmassumesthataninitial
approximatetransformation,T 0, is known. A goodstarting
approximationassuresthat theglobalminimum is reached
quickly andsurely.

Eq. (3) imposesa strict correspondencebetweenpoints
pi andqi . If thepairof pointsselectedareincompatible(i.e.,
they are locatedon different surfacesin the two images),
thenan iterative proceduremay convergevery slowly. To
overcomethis, theICP algorithmtriesto minimizethedis-
tancesbetweenpointsin oneimageto geometricentities(as
opposedto points) in the other. ChenandMedioni [3] at-
temptto minimizethedistanceof apoint ononesurface,to
thetangentialplaneof thecorrespondingpoint in theother
surface.Thus,we minimize

E k (RP ; RQ ) =
N

�

i =1

d2
s (T k pi ; Sk

j ); (4)

where,ds is the distancefrom the point to the plane,and
Sj is the tangentialplanecorrespondingto point qj in im-
ageRQ . Oncean initial alignmentis provided, the con-
trol pointsareautomaticallychosenby examininghomoge-
neousregions in the two images. An iterative procedure
is adoptedto minimize the criterion function (and hence
thesuperscriptk in theabove equation).Sinceanapproxi-
mateinitial transformationmatrix is assumedto beknown,
convergenceto theglobalminimumis usuallyassured,and
sincethereis a relaxationin the conditionof strict corre-
spondencebetweenpoints(Eq. (4)), convergenceis faster.

3. FINGERPRINT MOSAICKING

We posethe �ngerprint mosaickingproblemasa 3-D sur-
faceregistrationproblemthatcanbesolvedusingamodifed
ICP algorithm. The initial alignmentof �ngerprint images
I P andI Q is obtainedby extractingminutiaepoints from
eachindividual image,andthencomparingthe two setsof
minutiaepointsusingan elasticpoint matchingalgorithm
[4]. Thecomparisonproceedsby �rst selectinga reference
minutiaepair (onefrom eachimage),andthendetermining
the numberof correspondingminutiaepairs using the re-
maining setsof points in both the images. The reference
pair that resultsin the maximum numberof correspond-
ing pairs is chosen. Let (p0; q0) be the referenceminu-
tiae pair and let (p1; q1); : : : (pN ; qN ) be the other corre-
spondingminutiaepairs.Here,pi = (px i ; py i ; pz i ; p� i ) and
qi = (qx i ; qy i ; qz i ; q� i ), where(x; y) arethespatialcoordi-
natesof theminutiaepoints,z is the intensityof the image
at (x; y) and� is theminutiaeorientation.Theinitial trans-
formation, T 0, is computedusing Horn's methodof unit
quaternions[5] thatoperateson the(x; y; z) values.In this
technique,the translationparametersin Eq. (2) arecom-
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putedusingthecentroidof thepoint sets(px i ; py i ; pz i ) and
(qx i ; qy i ; qz i ), and the rotation componentsare computed
usingthecross-covariancematrixbetweenthecentroid-adjusted
pairsof points.

Preprocessingthe Fingerprint Image: Sincethe ICP
algorithm usesdistancesfrom points to planes,it is very
sensitive to rapid andabruptchangesin surfacedirection.
Therefore,the �ngerprint imagesare �rst median�ltered
using a 3 � 3 mask. This operationremoves any unde-
sirable“salt-and-pepper”noisethat may be presentin the
valleys of the �ngerprint image(which may contribute to
abruptchangesin therangeimage).Theintensityvaluesof
themedian�ltered imagearethenscaledto a narrow range
of values([10; 20]) to ensurea fairly smoothchangein sur-
facedirectionin thecorrespondingrangeimageof the �n-
gerprints(Figure2b).

Fingerprint Segmentation:Thepurposeof segmenta-
tion is to separatethe foregroundregions(that have ridge
andvalley information)from the backgroundregions(that
haveno �ngerprint information)in theimage.This distinc-
tion is necessaryto preventthe ICP algorithmfrom choos-
ing controlpointsin thebackgroundregions(dueto theho-
mogeneityin intensity in theseregions), and erroneously
attemptingto aligntheimagesusingsuchpoints.Theresult
of thesegmentationprocessis shown in Figure2c.

Fingerprint as a RangeImage: The intensityvalues
aredirectly usedasrangevalues- i.e.,theintensityvalueof
the imageat the planarcoordinate(x; y) is treatedas the
rangevalue,z, at thatlocation.We now havetwo rangeim-
agesRP andRQ , thatareobtainedfrom thecorresponding
intensity imagesI P andI Q , respectively. Figure2d illus-
tratesthismappingfor aportionof theimagein 2c. RP and
RQ arethensubjectto the iterationsof the ICP algorithm.
At eachiterationk, the transformationT k that minimizes
E k in Eq. (4) is chosen.The processis saidto have con-

vergedwhen, jE k � E k � 1 j
N < �; where� is somethreshold,

� � 0. The �nal transformationmatrix, T solution , is used
in the following two ways: (a) It is usedto integratethe
two individual imagesandcreatea compositeimagewhose
spatialextentis generallylargerthantheindividual images.
Minutiae pointsare thenextractedfrom this larger image.
(b) The minutiaesetsfrom the individual imagesareaug-
mentedusingT solution .

Constructing a CompositeImage: The intensity im-
agesI P andI Q areintegratedinto anew imageI R by using
T solution to computethe new spatialcoordinateof every
pixel in I P . A new minutiaeset,M R 1 , is thenextracted
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Fig. 2. Mappingan intensity imageto a rangeimage. (a)
Theoriginal intensityimage. (b) The intensityimageafter
median�ltering andscaling. (c) The segmentedintensity
image. (d) The rangeimagecorrespondingto the boxed
region (rotatedby � 90o) in (c).

(a) (b) (c)

(d) (e) (f)

Fig. 3. Compositetemplateconstruction:(a) First image
after segmentation. (b) SecondImageafter segmentation.
(c) Initial alignment.(d) Final alignment.(e) Minutiaeex-
tractedfrom mosaickedimages.(f) Compositeminutiaeset
obtainedafteraugmentingindividualminutiaesets.
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from I R usingthealgorithmdescribedin [4] (�gure 3e).
Augmenting Minutiae Sets: If M P andM Q refer to

the minutiaesetsextractedfrom I P and I Q , respectively,
thena compositeminutiaeset,M R 2 , is obtainedby aug-
mentingM P andM Q . Thenew (x; y) coordinatesof M P

aredeterminedby simply multiplying the old coordinates
with T solution (Figure3f).1 Theminutiaeorientation,� , is
not recomputed.

4. EXPERIMENT AL RESULTS

300� 300�ngerprint imagesof 160different�ngers (corre-
spondingto 160differentsubjects)wereacquiredusingthe
Veridicomsolid-statesensor. Four differentimpressionsof
eachof these�ngers wereobtainedover two differentses-
sionsseparatedby a periodof onemonth(2 impressionsin
eachsession).The impressionsobtainedfrom the�rst ses-
sion wereusedto constructthe compositetemplate,while
theimpressionsobtainedfrom thesecondsessionwereused
as query imagesduring the test phaseof the experiment.
Thus,160pairsof imageswereusedto constructminutiae
templatesM R 1 (extracting minutiae from the mosaicked
image)andM R 2 (augmentingindividualminutiaesets);the
rest of the 320 imageswere usedas query images. This
makesthematchingproblemchallenging,sincetheimages
usedfor templateconstructionandtheimagesusedfor test-
ing the systemwere acquiredat different times. The fol-
lowing tablelistsa few statisticsaboutthecompositeimage
generatedusingthemodi�ed ICPalgorithm:

Avg. Size Avg. No. Minutiae
Input Image 300� 300 22

CompositeImage 336� 332 30

Givena minutiaesetM U (of queryimageI U ), andthe
templateminutiaesetsM P , M Q , M R 1 andM R 2 , weper-
form the following comparisons:(a) M U with M P , (b)
M U with M Q , (c) M U with M R 1 , and (d) M U with
M R 2 . Thuswe get a setof four scorescorrespondingto
thesecomparisons.The Receiver OperatingCharacteristic
(ROC) curvesdepictingtheperformanceof thefour differ-
ent matchingsareshown in �gure 4. We observe that the
veri�cation performanceis affectedby the individual im-
pressionthat is chosenas the template. Thus,comparing
M U with M P resultsin adifferentperformancethancom-
paringM U with M Q . This illustratestheproblemof tem-
plateselectionduringenrollmenttime. However, whenthe
compositetemplateM R 1 is used,animprovedperformance
is observedcomparedto usingtheindividualtemplates.The
augmentedminutiae templateM R 2 , doesnot result in a
substantialimprovementin performanceascanbe seenin
this graph.

1SinceI P is transformedto align with I Q , this computationhasto be
donefor M P only.
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Fig. 4. The Receiver Operating Characteristic(ROC)
curves.

5. SUMMARY AND FUTURE WORK

We havedescribeda �ngerprint templateconstructiontech-
nique,that integratesinformationavailablein two different
impressionsof the same�nger, by using a modi�ed ICP
algorithm to register the two impressions. Initial exper-
iments indicatethat mosaickingthe impressionstogether,
andthenextractingthe(template)minutiaeset,resultsin a
betterperformanceof thematchingsystem.Futurework in-
volvesstudyingthenon-lineardeformationof �ngerprints,
thatwouldaid in betterintegratingthetwo impressions.We
arealsoattemptingto mosaickthreeor moreimpressionsto
createlargertemplates.
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