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Abstract

Nonlineardeformationsn ng erprintimages,arising from
the elasticity of the skin as well asthe pressue and move-
mentof the ng er duringimage acquisition,leadto dif cul-
tiesin establishinga matt betweemmultiple impressions
acquired from the same nger. Onesolutionto this prob-
lem is to estimateand remore the relative deformations
prior to the matding stage. In this paper theserelative
deformationsare representedas an aveiage deformation
modelbasedon minutiaelocationsand orientationsusing
2-D ThinPlate Splineq TPS).Theestimatedverage defor
mationis usedto pre-distorta templateprior to matding
it with a queryimage in a veri cation task. Experimental
resultsshowthat the use of minutiaelocationsand orien-
tationsto estimatethe deformationleadsto a mote repre-
sentativedeformationmodelthan usingminutiaelocations
only. Anindex of deformationbasedon the bendingenegy
is also proposedo selecttemplateswith the leastvariabil-
ity in the deformations. The EER goesdownby  1:1%
whenwe incorporate minutiaeorientationinformationand
usethetemplateselectiornstrategy.

1 Intr oduction

Thereare several factorsthat impact ngerprint deforma-
tion: theamountof pressureppliedby the subject thedis-
position of the subject(sitting or standing),the motion of
the nger, themoisturecontentof theskin (dry, oily or wet),
the elasticity of the skin. Recently several methodshave
beenpresentedo dealwith this deformationfrom different
viewpoints. Rathaet al. [3] proposeda controlledacqui-
sition processby measuringhe forcesandtorqueson the
scannedirectly with the aid of specializechardware. Se-
nior etal. [4] suggestednautomatianethodto remove de-
formationsby enforcingtheconstrainthatridgesshouldbe
constantlyspacedwith deviationsfrom constantspacings
indicatingthe presencef deformationsWatsonetal. [12]
constructedleformation lters for template ngerprint im-
agesprior to usinga correlation-basethatching. Kovacs-
Vajna[7] proposeda matchingmethodthattakesdeforma-
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Figurel: Threeimpression®f a single®ngershaving the effect
of varyingdeformations.

tionsinto accountby employing toleranceboundsfor inter-
minutiaedistancesand angles. Bazenet al. [5, 6] useda
Thin-PlateSpline (TPS) modelto describethe non-linear
deformationsbetweentwo minutiae sets. However, most
of thesetechniqueglealwith the problemof non-linearde-
formationon a case-by-casbasis. No attemptwas made
to developa nger-speci ¢ deformationmodelthat canbe
computedfine andthenusedfor matching.Themainad-
vantageof anof ine techniqueas thatoncea nger-speci c
modelhasbeencomputed recomputatiorof the modelis
not necessaryuring the matchingstage. Also, by using
multiple impression®of the same nger to computedefor
mationsfrom a template we avoid estimatingoptimal de-
formationsfor impostorpairs,resultingin low FAR values.

In [1], we have proposedsucha nger-speci c deforma-
tion modelusing2-D TPSbasedn minutiaepoint patterns.
The TPS,a spatialgeneralizatiorof the cubic spline,is an
effective tool for estimatinghe deformationthatwarpsone
setof point patternsto another The TPSmodelin [1] is
computedby distortingthe minutiaesetof one ngerprint
impressionto matchwith othersfrom the same nger. Al-
thoughthedeformation®bsenedin a ngerprint varyfrom
oneacquisitionto the next (Fig.1), it forms aninformative
andrepresentatie featurespacewhichis bestcharacterized
through statisticalmodeling. However, this methodonly
employedthelocationsof minutiaepointsduring deforma-
tion estimation gnoringthefactthatorientationsof minu-
tiae points also provide additionaland useful information
for a betterestimateof the deformation.

In this paper boththe orientationandlocationinforma-
tion of minutiaeareincorporatedn the TPSmodel. A new
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methodto establishminutiaecorrespondenceasalsodevel-
opedto compensatéor the sensitvity of the TPSmodelto
incorrectcorrespondenceslncorrectcorrespondencesre
causediueto false,missedor displacedninutiaepoints,or
whenthereis limited overlapbetweerimagepairs,resulting
in anunreliableTPS model. We alsointroducethe useof
the varianceof the “bendingenepy,” insteadof pixel-wise
covariancematrix of deformationssin [1], to ranktherela-
tive deformationsassociateavith a nger. We demonstrate
that using the varianceof the “bending enegy” leadsto
greatercomputationakf ciency and a betterperformance
comparedo [1].

The restof the paperis organizedas follows. Section
2 describeghe generalmethodology including the basic
conceptf the TPSmodel. Section3 givesa modi ed al-
gorithm for obtainingreliable correspondencesSection4
describeghe transformationseededor incorporatingthe
minutiaeorientationdgn the TPSmodel. Section5 develops
anaveragedeformatiormodelfor atemplateandrankstem-
platesof thesamenger basednthevarianceof the“bend-
ing enegy.” Experimentalesultsareprovidedin Section6,
with summaryandfuturework presentedn Section?.

2 GeneralMethodology

Givena pair of grayscalengerprint images| o andl 1, de-
ned onaspatialdomainR?, thedeformationfrom I to | ;

is givenby adeformationfunctionF : R? ! R? suchthat
F(lo) = I1. In this paperwe focuson modellingF using
the Thin-PlateSplines(TPS).Pioneeredy Bookstein[8],

theTPSmodellingis particularlyusefulwhentwo or three-
dimensionalandmarksn areferenceneedto bemappedo
thecorrespondingandmarksn atargetsuchthatthe“bend-
ing enegy” of F is minimized.

Speci cally, let U = (ug;uz;::;u)’ andV = (vq;vo;
:;up) T beapairof pointsetswith known correspondences,
derivedfrom |y andl 1, respectiely. We assumeéJ andV
have beenalignedusingthe Procrustesinalysig10]. Here,
ux andvy denotethe spatialcoordinatesof the kth corre-
spondingpairandl is thetotal numberof correspondences.
ThedeformationfunctionF is thenrequiredto satisfy

F(u)=vi; i=212:;0 Q)
The TPSestimateof F is givenby parametewectorsc, A
andW':

F(uy=c+A u+WTs(u); ()

whereu 2 R?, ¢ and A de ne the afne parts of the
transformatiorand W givesthe additionalnon-linearde-
formation. The distancemeasures(u) is the vector( (u
up); (U up);n (U up)T with

(u) = kuk? logkuk: (3)

A total of (6 + 2I) parametersn equation(2) needto be
estimatedwherecisa?2 1vectorAisa2 2matrixand
W isal 2matrix. Sinceequation(1) enforced constraints
in the spatialdomain,we canreducethe numberof degrees
of freedomby 2|. Further we assumehatthe coefcients
W satisfy(i) 17 W = 0 (2 restrictions)and(ii) UTW = 0
(4 restrictions),where 1, is a vector of onesof lengthl.
Thus, the coefcients of the TPS model can be obtained
from the matrix equation:

32 3 2 3

S 13 U w \Y
41|T 0 054 ¢ 5=405; (4)
u™ o0 o AT 0

whereSisthel | matrixof ( (u; uk));j; k= 1;2;:5 1
Theabove matrix givesriseto a TPSmodelthatminimizes
the bendingenepgy subjectto the perfectalignmentcon-
straintsin equation(1). A morerobust TPSmodelcanbe
obtainedby relaxingthe constraintsn equation(1) andre-
de ning thetransformatior= which minimizesthe expres-
sion

XI
vi Fu)T(vi Fu)+ I3 (F) (5)
j=1
where
x Z @Fj (% Y) 2,  @F(%Y),»
J(F) = . sz(i@(2 )+2(7@(@/ )
o FFLE N yzganay ©

representsthe bending enegy associatedwith F =

(F1;F2)T, with Fj asthej -th componenbf F,and > 0.
Thecoefcients of thisresultingTPSmodelcanbeobtained
usingequation(4) with S replacedoy S + | |, wherel, is
thel [ identity matrix. Generallythesesplinesdo not ex-
actly interpolateall landmarkpoints,but areallowedto ap-
proximatethemin favor of asmoothingparameter . When

increasestheresultingsplinebecomegnoresmooth.

3 Establishing Point Corr espondences

The TPSmodelrelieson correctcorrespondences point
patternsduring deformationestimation. Thus, for nger-
print images,the accurag of nding minutiae correspon-
dencescangreatly affect the ef cacy andef ciency of the
TPS.In orderto obtainreliableminutiaecorrespondences,
we modi ed the ElasticPoint PatternMatching(EPPM)al-
gorithm proposedn [9] by incorporatinga voting scheme
to nd theoptimalglobaltranslatiorandrotation. The pro-
cedureis describedsfollows:
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Figure2: Improvementin correspondence@ndicatedby arrowvs) betweentwo setsof minutiae point patterns. (a) and (b) are corre-
spondencesbtainedby the EPPMalgorithmwhile (c) and(d) arecorrespondencesbtainedby the new algorithmfor the samepairsof

®ngerprintimages.

1. Given a pair of images, |o (called template) and
I, (called query), we extract minutiae points us-
ing the method proposedin [9]. AssumeM, =
(u1; uU2; i3 um,) is thesetof minutiaepointsextracted
from lg andM1 = (V1;V2;:5Vm,) from 1. We
alsotracetheridgeassociate@vith eachminutiaepoint
and extract samplepoints on that ridge (sampledev-
ery 5-th point), with Ry, = (U ;U555 Ui ) @nd
Ry, = (V;11V;2:115 V) denotingthe ridge points
correspondingo theminutiaeu; andy; , respectiely.

2. For a total of mg m; possiblepairings of minu-
tiae points, we selectone (ui;v;), (i = 1;2;::;mg;
j = 1;2;::;my) asthe referencepair andtransform
remainingminutiaepointsin Mo andM 1 ,respectiely,
to polarcoordinatesvith centersatu; andy; .

3. The query minutiae set M ; is rotatedaboutits ref-
erenceminutiae v; in orderto nd candidatepair
ingswith M. Eachcandidatepair is veri ed usinga
boundingbox. LetM P; bethetotalnumberof match-
ing pairsfor (u;;v;).

4. Compute( xj; Vi, i) asthetranslationafin x
andy directions)androtationaloffsetsassociatedvith
(ui;vj). Thenaddvotesto Vote( Xj; Vi; ij)
with thenumberof votesequalto M P;; .

5. Performsteps2-4 until all possiblereferencepairsare
consideredand votesfor the correspondingransfor
mationparameterareobtained.

6. Establish bins with size of (20;20;15) and col-
lect votes for eachbin. The top 5 bins with the
maximum number of votes are selectedand each
( xij; Vi, i) thatcontrituteto oneof thetop 5
binsaresentto a 2-D dynamicmatchingalgorithmto
getthematchingscore[13].

7. Theonethatresultsin thehighestmatchingscoreis -
nally choserasthe optimal global transformatiorand
is usedto establistthe individual minutiaecorrespon-
denceswithin aboundingbox.

Fig. 2 shavs examplesof correspondencegeneratedy
usingtheoriginal EPPMalgorithm[9] andthe modi ed al-
gorithm. Let (T=C) denotetheratio of the detectectorre-
spondenceso the numberof correctcorrespondencebat
aremanuallyveri ed. Figs. 2(c)and2(d) give higherratios
of (7=7) and(10=10) comparedo Figs. 2(a) and2(b) that
givelow valuesof (0=4) and(1=3).

4 Incorporating Minutiae Orientation

Onedif culty in incorporatingminutiae orientationinfor-
mation is that transformationin the orientation spaceis
not equivalentto transformatiorin the the spatialdomain;
for example,rotationin the spatialdomaincorrespondso
translationn theorientationspace Thus,in orderto usethe
TPSto model deformationsusing minutiae locationsand
orientationswe corverttheorientationinformationinto the
spatialdomainusingthefollowing method.
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Figure3: Obtaininganglepointsu® andv® basecntheminutiae
orientations and ° Notethatu andv arealignedfor simplicity
of illustration.

Let the location and orientationof a minutiae point be
denotedby u = (X;y) and , respectiely. We draw a
unitcirclearoundu and nd its correspondinganglepoint”
u® = (x%y*), where:

X¢=x+cos; y*=y+sin : 7

Assumeu is in correspondenceith the minutiaepoint
v = (x%y9. Theanglepointv® = (x¢;y°) of v is found
in the sameway usingthe minutiaeorientation °for v (see
Fig. 3). Thereforeprientationinformationis corvertedinto
the spatialdomainas we generatean angle point pair for
eachcorrespondingninutiaepair. As aresult,the number
of correspondingpoint patternsfor the TPSmodelis dou-
bled. The TPS deformationmodelis found asin Section
2 with U andV now containingboth minutiaepointsand
anglepoints.

5 AverageDeformation Models

Supposave have N impression®f a nger, 11,12, ..., In .
Eachimpressionl x canbe pairedwith the remainingim-
pressiongo createN 1 pairsof theform (I;;1;);i 6 j.
For the pair (1;;1;), we obtain a non-lineardeformation
model Fj by employing the TPS techniquedescribedin
Section2. NotethatF; thentransformsevery pixel in the
template ngerprint |;, to a new location. Thus, we can
computethe averagedeformationof eachpixelu in I as:

AW = s Fy ) ®

1

i=1
161
The averagedeformationis the typical deformationthat
ariseswhen we compareone impressionof a nger (the
baselineimpression)with othersof the same nger. This
of ine processis repeatedfor every impressionl;;i =
1;2;::; N, resultingin N averagedeformationmodelsthat
canbeincorporatedn the matchingstage.

5.1 Index of Deformation

In [1, 2], a methodto rank the averagedeformationmod-
elsusingthe pixel-wise covariancematrix of the deforma-
tions wasgiven. However, this methodis computationally
expensve anddoesnotnecessarilye ect non-lineardefor
mationsbecaus®f its sensitvity to lineartransformations.
We proposea hew ranking methodbasedon the bending
enegy, a measuref non-lineardeformationghatthe TPS
tries to minimize. The minimized bendingenegy canbe
computeddy

J(F) = tracéW T SW): (9)

whereW is the parametefor the non-lineartransformation
ands is thedistancamatrix (seeequation(4)).

GivenN impressionger nger, if we choosel; asthe
templateimage,N 1 deformationfunctionsF; will be

obtainedwhenl; is comparedo l;,j = 1,2;::;;N;j 6 i.
Thus,atotalof N 1 valuesof bendingenegy J (F), for
F=Fj;j=212:;N;j 6 i; areprovided. The -index

of deformationfor templatel ; is thende ned as:

1 X )
=y 1 WED) I (10)
e
1 X

where  J; = N 1 J(Fj ): (11)

j=1
IR:2
Low (high) values of the -index indicate that the
amountof bendingenegy applied by eachdeformation
functionis similar (dissimilar)to eachother However, low
valuesof the -index alsooccurswhenthe numberof cor-
respondenceis consistentlysmall betweena templateand
otherimpressionf the same nger, which shouldnot be
consideredas a potentially good template. Therefore,for
eachtemplatel;, we computeits total numberof corre-
spondence€; with eachl;, j = 1;2;::;5N;j 6 i and
the meanof totaI:;orrespondence‘sr impression®f a n-
gerbyC = &+ GCiji = 1,2,:5N. We excludethose
templateswith C; < C;i = 1;2;:::; N, during the rank-
ing. Among the remainingtemplates,the one I; with
i = argmin.c. ¢ i,Iistheoptimaltemplatefor a nger.
It is consideredo have the smallestvariability in the non-
lineardeformationsomparedo all othertemplategFig.4).

6 Experimental Results

In orderto apply the TPS modelto reliably estimate n-
gerprintdeformationwe needto have severalimpressions
of the same nger (atleast10). Large numberof impres-
sionsof a nger are not available in standard ngerprint
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Figure4: Fourtemplatesefore(left) andafter (right) applyingthe averagedeformationmodelbasedon minutiaelocationsandorienta-
tionsareshavn on areferenceagrid with minutiaesmarked. They correspondo (a) the highest -value(b) the6-th highest -value(c) the
11-th highest -valueand(d) thelowest -valuewhenrankedusingthebendingenegy.

databasege.g.,FVC 2002[11]) andthereforewe useddata
collectedin our lab. We acquired ngerprint imagesof 50
ngers usingtheldentix Bio TouchUSB 2000pticalsensor
(256 255,380dpi) overaperiodof twoweeks.Therewere
32impressiongorrespondindo every nger, resultingin a
total of 1600impressionsOnehalf of theimpressiong16
impressionger nger, with atotalof 800impressionsjvere
usedastemplateto computethe deformationmodelwhile
the remaining800 impressionsvere usedasqueryimages
for testing. The minutiae points and their corresponding
orientationinformationwere extractedusingthe algorithm
outlinedin [9]. For the 16 testimpressiongper nger, the
deformationg~; basedon minutiaelocationsandorienta-
tionswereobtainedby xing |; asthetemplateandthere-
mainingl;;j 6 i asthequerywith = 5in equation(5).
The averagedeformationmodelF; wasthencomputedus-
ing equation(8). During the matchingstage M ;, the minu-
tiae setof 1, wasdeformedto M D; = F;(M;). Thus,a
total of 800sets(50 16) of averagedeformationmodels
wereobtained.We alsouseM D; to denotethe deformed
minutiaesetusingthe TPS modelbasedonly on minutiae
locations[1].

Inthe rst experimentgeverytemplatémagel ; wascom-
paredwith everyqueryimagel . A modi ed matchebased
on the 2-D dynamicmatchingalgorithmin [13] wasused
to generatehreetypesof matchingscoresfor eachcom-
parison: the matchingscoreobtainedby matching(i) M;
with M; (no adjustmentor deformations)(ii) M D; with
M; (deformedbasedon minutiaelocationsonly) and (iii)

M D; with M; (deformedbasedon minutiaelocationsand
orientations) The Recever Operatingcharacteristi¢§ROC)
cunve plotting the genuineacceptrate (GAR) againstthe
falseacceptrate (FAR) at variousthresholdsis presented
in Fig. 5(a). Whenthe averagedeformationmodelbased
on minutiaelocationsis appliedto pre-distortthe template
prior to matching,animprovementof approximately3:0%
with respecto the non-deformedemplatess obsened at
afalseacceptrateof 0:01% Using minutiaelocationsand
orientationsresultsin anadditional  1:0% improvement.
In the secondexperiment,the advantageof usingthe -
index is demonstrated.We generatetwo setsof optimal
templatesusing (a) the knowledge of averagepixel-wise
deformationand (b) the knowledgeof the bendingeneny.
Eachsetcontains0optimaltemplategoneper nger) from
the training dataand 800 queriesfrom the testdata. Fig.
5(b) shavs the ROC curve by applyingthesetwo optimal
sets,togetherwith the ROC curve usingmethod(i) in the
rst experiment.We canseethattherankingmethodbased
on the bendingenepgy not only providescomputationakf-
ciency, but alsoleadsto betterperformancen matching.

7 Summary and Conclusions

We have proposeda methodto generateaveragedeforma-
tion modelsbasedon minutiaelocationsand orientations.
By utilizing minutiaeorientationstheproposednethodm-
provesthe performancef a ngerprint matchingsystemA
modi ed correspondencalgorithmis alsoproposedo gen-
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Figure5: (a) Improvementin matchingperformanceausingnon-deformedemplateq” '), deformedtemplatesusingthe averagedefor

mationmodelbasedn: minutiaelocations('r ') andminutiaelocationsandorientationy” '). (b) Improvementin matchingperformance
usingall deformedtemplateq” '), the optimaltemplatesankedby -index basedon: pixel-wise covarianceof deformation(’- -') and
bendingenepy ("...) whentheaveragedeformatiormodelbasedn minutiaelocationsandorientationss applied.
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