Appeaedin Proceeding®f IEEE InternationalConfeenceon Acoustics Speeh, and SignalProcessindICASSP), Orlando,Florida, May 13- 17,2002.

FINGERPRINT MOSAICKING

Anil Jain and Arun Ross

Michigan StateUniversity
EastLansing,MI, USA 48824
fjain, rossarug@cse.msu.edu

ABSTRACT

It hasbeenobsened that the reducedcontactareaof-
feredby solid-statengerprint sensorsloesnot provide suf-
cient information (e.g.,numberof minutiae)for high ac-
curag userveri cation. Further multiple impressionsof
thesame nger acquiredby thesesensorsmay have only a
smallregion of overlaptherebydegradingthe matchingper
formanceof theveri cation system.To dealwith this prob-
lem, we have developeda ngerprint mosaickingscheme
thatconstructsaa composite ngerprint templateusingmul-
tiple impressions.A compositetemplatereducesstorage,
improvesmatchingtime andalleviatesthe problemof tem-
plateselection.In the proposedalgorithm,two impressions
(templatespf a nger areinitially alignedusingthe corre-
spondingminutiaepoints. This alignmentis usedby amod-
i ed versionof thewell-known iterative closestpoint algo-
rithm (ICP) to computeatransformatiommatrix thatde nes
the spatialrelationshipbetweenthe two impressions.The
resultingtransformatiormatrix is usedin two ways: (a) the
two templatesarestitchedtogetherto generatea composite
image. Minutiae pointsarethendetectedn this composite
image;(b) theminutiamapsobtainedrom eachof theindi-
vidual impressionsreintegratedto createa larger minutia
map. Our experimentsshav thata compositetemplateim-
provesthe performanceof the ngerprint matchingsystem
by 4%.

1. INTRODUCTION

Fingerprint-basederi cation system$avegainedmmense
popularitydueto the high level of uniquenessttributedto
ngerprints andthe availability of compactsolid-state n-
gerprintsensorshatcanbeeasilyembeddedhto awide va-
riety of devicesrequiringuserauthenticatior{e.g.,laptops,
cellular phones). The solid-statesensorshowever, sense
only a limited portion of the ngerprint patternpresentin
thetip of the nger. Theamountof information(e.g.,num-
berof minutiaepoints)thatcanbe extractedfrom suchpar
tial printsis substantialljower comparedo thatwhich can
be extractedfrom moreelaborategrintssensedisinganop-
tical sensoror inked prints. For example,the averagenum-

ber of minutiaepointsextractedfrom a Digital Biometrics
opticalsensoi(500 500imageat500dpi) is 45 compared
to 25 minutiaeobtainedfrom a Veridicomsolid-staesensor
image(300 300imageat500dpi). Further therelatively
small overlapbetweernthe templateandqueryimpressions
resultsin fewer correspondingpointsand,therefore higher
falserejectsand/orfalseacceptqFigurel). To addresghe
problemof insufcient informationin a single ngerprint
template we useanimagemosaickingtechniquethat con-
structsa morecomplete ngerprint templateusingmultiple
impression®f the same nger. A compositetemplatehas
the following advantagesi(a) In the absencef a compos-
ite templatethequeryimagewill have to becomparedvith
eachof theindividualtemplata@mpressiongof thesamen-
ger). Dueto the smallsizeof theseémpressionstheamount
of overlapbetweenthe queryimageandary templateim-
pressiornis likely to besmall,resultingin afalserejectof the
queryimage. A compositetemplate however, reduceghe
probabilityof afalsereject.(b) Thematchingtime required
to comparethe queryimagewith the templateis reduced.
With the availability of a compositeéemplateonly a single
comparisoris necessary(c) The quandaryof templatese-
lectionis avoided. As informationfrom multiple templates
areintegratedinto a singlecompositeemplate the needto
“weight' the individual templatesduring the matchingpro-
cesds alleviated.

2. BACKGROUND

Registering ngerprint imagess a dif cult problemfor the
following reasons:(a) A ngerprint imagemay have non-
linearplasticdistortionsdueto the effect of pressinga con-
vex elasticsurface(the nger) ona at surface(thesensor).
Moreover, thesedistortionsmay be presenonly in certain
regionsof thesensedmagedueto thenon-uniformpressure
applied by the subject. (b) The presenceof dirt deposits
on the sensoror cuts and bruiseson the nger canresult
in arathernoisyimage. Therefore,it becomedif cult to
registertwo ngerprint imagesthat have differentamounts
of distortionor noise. In orderto generatehe transforma-
tion matrixde ning thespatialrelationshipbetweertwo im-
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pressionsye usea modi ed versionof theiterative closest
point(ICP) algorithmwhichtriesto registertwo surfaceim-
ageggivenaninitial alignmentbetweerthetwo surfaces.

(a) Templatelmage (b) Querylmage

Fig. 1. Limited overlapbetweertwo 300 300impressions
of thesamenger acquiredusingthe VeridicomsensarThe
transformatiorbetweertheseémpressionss notknown.

The problemof registeringmultiple 3-D objectviews
hasreceved muchattentionin the literature(see[1, 2] and
the referencegherein). Considera rigid transformationr
thatrelatestwo rangeimages,Rp andRq. Thegoalof a
registrationalgorithmis to nd T suchthat the objective
function,D (Rp ; Rg), is minimized:

D(ReiRg)=  KkTp
pP2Rp

f(pk 1)

where

f:Rep! Rgj8p2Rp;f(p)2 Ro:

The transformatiormatrix, T, expressedn homogeneous
coordinatesjs shovn in Eq. (2). Here , and are
therotationanglesaboutthe x, y andz axes,respectiely,
andty, ty andt, arethetranslationcomponentslongthe
threeaxes. Thusthe matrix T has6 independenparam-
eters. In practice,the functionf is not known, andthere-
fore the objectve functionin Eq. (1) hasto be replaced
by an evaluationfunction thatassume&nowledgeof a set
of correspondingoointsin Rp andRg. Given N pairs
of correspondingoints, (pi;G). pi 2 Rp, G 2 Rg and
i = 1:::N, oneattemptgo minimize the evaluationfunc-
tion E(Rp; Rg) givenby,

E(RP;RQ): kTpi
i=1

The correspondencpoints (alsoknown ascontmol pointg
may be selectedby extracting higher level features(e.qg.,
edgescorners pointsof locally maximumcurvature,etc.)
from thetwo surfacesandlooking for correspondencdse-
tweenthe two setsof extractedfeatures.In someapplica-
tions,thecontrolpointsaremanuallyidenti ed by adomain
expert. Giventhe control points,the evaluationfunctionin
Eq (3) canbeminimizedby simply searchindor theglobal
minimum in the 6-dimensionalparameterspaceusing an

Gk (3)

iterative procedure. Sucha procedure however, doesnot
guaranteecorvergenceto a global minimum. To circum-
ventthis problem,the ICP algorithmassumeshataninitial
approximateransformationT ©, is known. A goodstarting
approximationassureghat the global minimumis reached
quickly andsurely

Eq. (3) imposesastrict correspondenceetweerpoints
pi andg . If thepairof pointsselectedreincompatiblg(i.e.,
they arelocatedon differentsurfacesin the two images),
thenan iterative proceduremay corverge very slowly. To
overcomethis, the ICP algorithmtriesto minimize the dis-
tancesetweerpointsin oneimageto geometricentities(as
opposedo points)in the other ChenandMedioni [3] at-
temptto minimizethe distanceof a pointon onesurface,to
thetangentialplaneof the correspondingpointin the other
surface.Thus,we minimize

N

& (T*pi;Sf); 4)
i=1
where,ds is the distancefrom the point to the plane,and
S; is the tangentialplanecorrespondindo point g; in im-
ageRqg. Onceaninitial alignmentis provided, the con-
trol pointsareautomaticallychoserby examininghomoge-
neousregionsin the two images. An iterative procedure
is adoptedto minimize the criterion function (and hence
the superscripk in the above equation).Sincean approxi-
mateinitial transformatiormatrix is assumedo be known,
convergenceo the globalminimumis usuallyassuredand
sincethereis a relaxationin the condition of strict corre-
spondencéetweerpoints(Eq. (4)), corvergences faster

E“(Rp;Ro) =

3. FINGERPRINT MOSAICKING

We posethe ngerprint mosaickingproblemasa 3-D sur
faceregistrationproblemthatcanbesolvedusingamodifed
ICP algorithm. The initial alignmentof ngerprint images
Ip andlq is obtainedby extracting minutiae points from
eachindividual image,andthencomparingthe two setsof
minutiae points using an elasticpoint matchingalgorithm
[4]. Thecomparisorproceedsy rst selectingareference
minutiaepair (onefrom eachimage),andthendetermining
the numberof correspondingminutiae pairs using the re-
maining setsof pointsin both the images. The reference
pair that resultsin the maximum numberof correspond-
ing pairsis chosen. Let (po; ) be the referenceminu-
tiae pair andlet (p1;au);:::(pn ;v ) be the other corre-
spondingminutiaepairs.Here,p; = (px; ; Py;; Pz ;P ;) and
G = (O ;9% :d,), where(x; y) arethe spatialcoordi-
natesof the minutiaepoints,z is theintensityof theimage
at(x;y) and istheminutiaeorientation.Theinitial trans-
formation, T©, is computedusing Horn's methodof unit
quaterniong5] thatoperateonthe (x; y; z) values.In this
technique the translationparametersn Eq. (2) arecom-
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COS CO0S cos sin sin

T = gsin cos
sin cos sin

0 0

putedusingthe centroidof the point sets(py; ; py; ; Pz ) and
(% ; 4y ; &; ), and the rotation componentsare computed

usingthecross-cwariancematrixbetweerthecentroid-adjusted

pairsof points.

Preprocessinghe Fingerprint Image: Sincethe ICP
algorithm usesdistancesrom pointsto planes,it is very
sensitve to rapid and abruptchangesn surfacedirection.
Therefore,the ngerprint imagesare rst median Itered
usinga 3 3 mask. This operationremoves ary unde-
sirable“salt-and-pepperhoisethat may be presentin the
valleys of the ngerprint image (which may contribute to
abruptchangesn therangeimage).Theintensityvaluesof
themedian ltered imagearethenscaledto a narrov range
of values([10; 20]) to ensurea fairly smoothchangen sur
facedirectionin the correspondingangeimageof the n-
gerprints(Figure2b).

Fingerprint Segmentation: The purposeof segmenta-
tion is to separatdhe foregroundregions (that have ridge
andvalley information)from the backgroundegions (that
have no ngerprint information)in theimage. This distinc-
tion is necessaryo preventthe ICP algorithmfrom choos-
ing controlpointsin the backgroundegions(dueto the ho-
mogeneityin intensity in theseregions), and erroneously
attemptingo align theimagesusingsuchpoints. Theresult
of thesegmentatiorprocesss shavn in Figure2c.

Fingerprint asa Rangelmage: The intensity values
aredirectly usedasrangevalues- i.e.,theintensityvalueof
the imageat the planarcoordinate(x; y) is treatedasthe
rangevalue,z, atthatlocation.We now have two rangeim-
agesRp andRg, thatareobtainedfrom the corresponding
intensityimageslp andlq, respectiely. Figure2d illus-
tratesthis mappingfor aportionof theimagein 2c. Rp and
Ro arethensubjectto the iterationsof the ICP algorithm.
At eachiterationk, the transformationT ¥ that minimizes
EX in Eq. (4) is chosen.The processs saidto have con-

vergedwhen,jEkNﬁ < ; where is somethreshold,

0. The nal transformatiormatrix, T soltion is ysed
in the following two ways: (a) It is usedto integratethe
two individualimagesandcreatea compositdmagewhose
spatialextentis generallylargerthantheindividualimages.
Minutiae points are then extractedfrom this largerimage.
(b) The minutiaesetsfrom the individual imagesare aug-
mentedusing T selution

Constructing a CompositeImage: The intensityim-
aged p andl g areintegratedinto anew imagel g by using
T solution 5 computethe new spatialcoordinateof every
pixel in Ip. A new minutiaeset,M g, , is thenextracted

sin  cos
sin sin sin + cos cos

. . . 3
cos sin cos + sin sin g
sin sin cos cos sin tyg %)
t;

COs cos
0 1

(@) (b)

()

Fig. 2. Mappingan intensityimageto a rangeimage. (a)
The original intensityimage. (b) The intensityimageafter
median ltering andscaling. (c) The sgmentedintensity
image. (d) The rangeimage correspondingo the boxed
region (rotatedby  90°) in (c).

(@) (b) ()

(d) (e) (f)

Fig. 3. Compositetemplateconstruction:(a) Firstimage
after sgmentation. (b) Secondimageafter sggmentation.
(c) Initial alignment.(d) Final alignment.(e) Minutiae ex-

tractedfrom mosaicledimages.(f) Compositeminutiaeset
obtainedafteraugmentingndividual minutiaesets.
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from | g usingthealgorithmdescribedn [4] ( gure 3e).

Augmenting Minutiae Sets: If M p andM q referto
the minutiae setsextractedfrom Ip andlq, respectiely,
thena compositeminutiaeset, M g,, is obtainedby aug-
mentingM p andM . Thenew (X; y) coordinate®f M p
are determinedby simply multiplying the old coordinates
with T soluton  (Figure 3f).! The minutiaeorientation, , is
notrecomputed.

4. EXPERIMENT AL RESULTS

300 300 ngerprintimagesof 160different ngers (corre-
spondingto 160differentsubjects)wereacquiredusingthe
Veridicomsolid-statesensar Four differentimpressionof

eachof these ngers were obtainedover two differentses-
sionsseparatedby a periodof onemonth(2 impressionsn

eachsession).The impression®btainedfrom the rst ses-
sionwere usedto constructthe compositetemplate while

theimpression®btainedrom thesecondsessiomwereused
as query imagesduring the test phaseof the experiment.
Thus, 160 pairsof imageswereusedto constructminutiae
templatesM g, (extracting minutiae from the mosaicled
image)andM gr, (augmentingndividualminutiaesets)ithe
restof the 320 imageswere usedas queryimages. This

malkesthe matchingproblemchallenging sincetheimages
usedfor templateconstructiorandtheimagesusedfor test-
ing the systemwere acquiredat differenttimes. The fol-

lowing tablelists afew statisticsaboutthe compositeamage
generatedisingthemodi ed ICP algorithm:

Avg. Size | Avg. No. Minutiae
Inputimage 300 300 22
Compositdmage | 336 332 30

GivenaminutiaesetM  (of queryimagel y), andthe
templateminutiaesetsM p, M o, M g, andM g,, we per
form the following comparisons:(a) M y with M p, (b)
My with M g, (c) M y with M g,, and (d) M y with
M r,. Thuswe geta setof four scorescorrespondingo
thesecomparisons.The Recever OperatingCharacteristic
(ROC) curvesdepictingthe performanceof thefour differ-
ent matchingsare shavn in gure 4. We obsere thatthe
veri cation performancds affectedby the individual im-
pressionthatis chosenasthe template. Thus, comparing
M y with M p resultsin adifferentperformancehancom-
paringM y with M q. Thisillustratesthe problemof tem-
plateselectionduring enrollmenttime. However, whenthe
compositdemplateM g, isusedanimprovedperformance
is obsenedcomparedo usingtheindividualtemplatesThe
augmentedninutiaetemplateM r,, doesnot resultin a
substantiaimprovementin performanceascanbe seenin
this graph.

1Sincel p is transformedo align with | qQ » this computatiorhasto be
donefor M p only.
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5. SUMMARY AND FUTURE WORK

We have describeda ngerprint templateconstructiortech-
nique,thatintegratesinformationavailablein two different
impressionsof the same nger, by usinga modi ed ICP
algorithm to register the two impressions. Initial exper
imentsindicate that mosaickingthe impressiongogether
andthenextractingthe (template)minutiaeset,resultsin a
betterperformancef thematchingsystem.Futurework in-
volvesstudyingthe non-lineardeformationof ngerprints,
thatwould aidin betterintegratingthetwo impressionsWe
arealsoattemptingo mosaickthreeor moreimpressiongo
createlargertemplates.
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