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| mproved Fingerprint Matching by Distortion Removal

SUMMARY  Fingerprintrecognitionis awell-researchegroblem,and
thereareseveralhighly accuratesystemsommerciallyavailable. However,
this biometrictechnologystill suffers from problemswith the handlingof
badquality prints. Recentesearcthasbegunto tackletheproblemsof poor
quality data.This papertakesa new approactio oneproblembesettindin-
gerprints— thatof distortion. Previous attemptshave beenmadeto ensure
thatacquiredprintsarenotdistorted but thenovel approactpresentedhere
correctsdistortionsin fingerprintsthat have alreadybeenacquired. This
correctionis a completelyautomaticandunsupervisedperation.Thedis-
tortion modelling and correctionare explained,and resultsare presented
demonstratingignificantimprovementsn matchingaccurag throughthe
applicationof thetechnique.

1. Introduction

Fingerprintshave long beenusedfor theidentificationof in-
dividualsfor legal purposes.In an increasinglyelectronic
society automaticfingerprint recognitionhasbecomeim-
portantasa highly accuratemethodof identificationof in-
dividuals for a rangeof commercialas well as civil gov-
ernmentpurposes. Fingerprint recognition systemshave
beendevelopedfor mary years,and performvery well in
ideal circumstancedyut problemsremainwith handlingex-
ceptionalcases— in particular poor quality prints. Since
an authenticatiorsystemis asweak asits wealestlink, it
is desirableto handleall prints without exceptionprocess-
ing throughsomeothertechnology Much canbe achieved
by controlling the acquisitionof the prints, but in some
circumstanceshis is impossible,or inadequateand poor
prints mustbe handled. This paperdealswith the process
of removing distortionfrom fingerprintsto achieve the best
matchquality. The systemcanremove distortionin prints
acquiredasrolled or dabbedprints,scannedive or fromink
on paper

1.1 Minutia-basedingerprintmatching

A widerangeof fingerprintmatchingalgorithmsexist, using
a numberof differenttechniques.The majority follow the
long-establishedorensic proceduresof minutia-matching.
Minutia matchingrecognitionalgorithmsseekto find recur
rencef patternf minutiae.Minutiae areassociatedavith
nearbygeometricor topologicalfeaturesanda minutiafrom
oneprint matcheonein anothemrint if the associatedea-
turesaresuficiently similar. If the minutiaeof two finger
prints matchwell enoughthenthe prints aredeemedo be
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from thesamefinger.
Fingerprintimagesareusuallycleanandhigh-contrast
with distinctivefeaturesundergoodconditionsmatchesan
be madewith high accurag. However, a numberof effects
contritute to the deteriorationof the matchmadebetween
prints from the samefinger. Theseeffectsincludethe fol-
lowing: distortiondueto elasticdeformationof the finger;
cutsandabrasion®n thefinger; dirt, oil or moistureon the
finger or scanner;partial imaging of the finger tip; prints
imagedwith differentrotations.Varioustechniquesxist to
compensatéor theseproblems but this paperwill concen-
trateon correctingfor elasticdistortionof thefingersurface.
This problemarisesbecausef the inherentflexibility
of the fingertips. Someelasticdistortionwill necessarily
resultasthe skin of thefingeris not aruledsurface.Conse-
quently pressingor rolling it againsta flat surfaceinduces
distortionswhichvaryfrom oneimpressiorto another Such
distortionsresultin relative translationsof featureswhen
comparingoneprint with another In extremecasessignifi-
cantdistortionscanbeinducedby applyingalateralforceor
torquewhile the fingeris appliedto the sensoror paper A
planarforcewill tendto compres®r stretchtheprint, while
atorquewill inducerelative rotationsin thefeatures.
Therearetwo consequencesf poor matchingdueto
elasticdeformation,dependingon the deploymentscenario
of thefingerprintrecognitionsystem.In a cooperatie sce-
nario, whereuserswish to be identified, suchas physical
or electronicaccesscontrol, significantdistortion will re-
ducethe matchingscoreand prevent the userfrom being
recognized.Failure to handledistortionwill make the sys-
tem frustratingfor the unnecessarilyejectedusers,or ne-
cessitatats operationwith sucha high falseacceptatethat
securityis compromisedHowever, asusersbecomausedto
the systemthey will learn(or becomeconditioned)}o min-
imize the distortionforcesat capturetime andthe problem
shoulddiminish. Using an unfamiliar scanneror capture
configurationmaywell invalidatethis acquiredexperience.
More seriousis the effect on a non-cooperatieidenti-
ficationsystemsuchasin driving licence voterregistration
or welfaresituations Heremalicioususersmaytry to avoid
beingrecognizedy thesystem(for instancevhenapplying
for a seconddriverslicenceundera falsename). Herethe
usermaydeliberatelytry to distortthefingerprintto prevent
amatchagainstheir existing record.In this casedistortion
is liable to be a significantproblemandthe usermay have
everyincentve to make it assevereaspossible.



1.2 Methodsfor handlingdistortion

Hitherto, two approache$ave beentaken to managethe
problemsof distortion in fingerprints. The simplestis a
combinationof physicaldesignand operatortraining. By
carefully designingthe fingerprint capturesetting, for in-
stanceby guiding the finger to the capturesurface with
mouldingsaroundthe scannerthe forcesproducedduring
capturecanbe constrainedespeciallythoseproducednad-
vertently Of the proliferation of fingerprintscannersow
commerciallyavailable,mary have small captureareasand
physicalguideswhich combineto limit the distortion pro-
ducedby cooperatie users.

As mentionedbefore, ascooperatie usersarerejected
by the systemthey will learn(or canbe trained)that mini-
mizing distortionforceswill helpthemberecognized Pro-
viding visual feedbackof the currentimagehelpsusersto
seewhen prints are poor and consequenthaidsthis learn-
ing. In the non-cooperatie situation, suchimagesmight
evenbecounterproductie. In this situationthough thecap-
ture canbe supervisedy atrainedpersonwho canobsene
theacquisitionprocessandtheresultingdata,to ensurehat
an undistortedprint is acquired. However, distortionsare
not obviouseitherin the behaiour of the persongiving the
print, or in the resultantdata. Police officers responsible
for fingerprintingsuspectseceve specialtrainingin finger
printing to enablethemto make cleanrolled ink printswith
minimal distortion,evenfrom non-cooperatie subjects.

Othermethodgo reducefingerprintdistortionhave re-
cently beenproposediy Rathaetal. [1], [2]. Thefirstisto
measurehe forcesandtorqueson the scannedirectly and
prevent capturewhenexcessve force is applied. Naturally
this requiresspecializechardwareto measurahe forcesat
capturetime. The secondmethodmeasureglistortionin a
videosequencef fingerprintimagesobtainedasa fingeris
presentedo the scannerWhenexcessie distortionis seen,
the print can be rejectedand a new print requested.Here
againthereis a hardwarerequirementn theform of proces-
sor power, sincethelive videofeedfrom the scanneneeds
to be processedo measurehedistortionat thetime of cap-
tureif distortedprintsareto be rejectedwhenthereis still
an opportunityto captureanotherprint. Both methodscan
beusedto chooseheleastdistortedprint from a capturese-
guencethoughthereareothercriteriaaffectingthe optimal
choiceof print, includingimagequality andarea.

All of thesemethodshave the limitation that oncea
print is acquired,nothing can be doneaboutdistortionsin
thedata. Largelegagy databasearein use,containingdis-
torted prints which cannotbenefitfrom thesetechniques.
Noneof the techniquesvoids distortioncompletely Each
methodjust seekdo preventtheacceptancef the mostdis-
torteddata.

To copewith the residualdistortion error presentin
ary fingerprintto somedegree, fingerprint matchershave
beendesignedo allow for errorsin the locationandangle
of minutiae. For instance,Rathaet al. [3] usetolerance

boxesto allow a minutia in one print to matcha minutia
falling anywherewithin atoleranceegionin theotherprint.
Similarly Germainet al. [4] bin the (s,0) parametersf
theirrepresentatiorgoarselyquantizingto allow robustness
to distortionand measuremenmntoise. However, thesetech-
niguesreducethe accuray of the matchrequiredandcon-
sequentlyhave the limitation of increasingthe probability
of mistalenly believing that prints from two differentfin-
gerscamefrom the samefinger. Allowing for distortionin
this way makesthe matchers false acceptancerobability
unnecessarilyigh. The latteraugmentheir representation
with the methodof ridge countingto alleviate problemsof
distortion. Here,for every pair of minutiaeunderconsider
ation, a countis madeof the numberof ridgescrossedy
a straightline drawvn betweenthe minutiae. This measure
is sensitve to distortiononly whenthe line passeloseto
otherminutiae.

Kovacs-\ajna [5] also proposesa matching method
thatspecificallytakesinto accoundistortion,demonstrating
graphicallythe large cumulative effectsthat canresultfrom
smalllocaldistortions.Themethodusegoleranceboundsn
inter-minutiaedistancesandanglesto build up correspond-
ing setsof minutiaethat have the samegeometryto within
certaintolerance Finally DynamicTime Warpingis usedto
verify grey-level profilesalongtheinter-minutiaelines— a
techniquerelatedto ridge counting.

Thebaud[6] has also proposeda method of locally
warping fingerprintsto make two fingerprintslook more
similar. In the casewherethe prints arefrom the samefin-
ger, this will tendto remove distortion, but it hasthe dis-
adwantageof makingfingerprintsfrom differentprintslook
morealike andwill consequentlyncreasethe falseaccep-
tancerate of a matcher The distortion removal is time-
consumingas it requiresgradientdescentin the spaceof
localwarps,with fingerprintcorrelationscoresasthe objec-
tive function. Furthermorethe proceduremustbe carried
out on every pair of printsto be matchednot on every print
asthemethoddescribedhere.

1.3 Outline

The following section introducesthe topic of distortion
mapping shaving how thedistortionsin the fingerprintcan
be estimatedandrepresentedand describingthe distortion
modelusedin this work. Section3 describeshow the dis-

tortion canbe removed from a fingerprintthroughthe ap-
plication of an Inverse Distortion Transform Resultsfor

the applicationof the techniqueare presentedn section5,

shawing thatit improvesmatchingperformancegspecially
ondeliberatelydistortedprints. Finally conclusionsrepre-
sentedwith anoutline of furtherwork.

2. Distortion mapping
We describeherea novel approactto the problemof distor

tion— remaoving distortionfrom previously capturedinger
prints. The systemwe describehereattemptgo reconstruct



acanonicalersionof thefingerprintwithoutdistortion. The
fundamentahssumptiorunderlyingthis processs thatthe
ridgesin a fingerprintare constantlyspacedandthat devi-
ationsfrom constanspacingndicatedistortionsintroduced
by elasticdeformationof the finger surface. Distortion is
removedby enforcingthis constraint— mappingthefinger
printimageinto onein which theassumptions true.

Of coursetheassumptions not necessarilyruefor the
surfacesof actualfingers,andis lesslikely to be true for
fingerprints.Indeedwe would submitthatthereis no ‘true’
fingerprintsincethis planarentity canonly be generatedby
an ill-defined elasticdeformationof a time-varying three-
dimensionakurface. However, ridgesandtheirimagesare
for the most part uniformly spaced,and the methodcan
work even whenthe assumptioris incorrect,sinceit aims
to consistentlymap the fingerprintimageinto a canonical
representationThe canonicalrepresentatioganbein any
spacein which we represenfingerprints,suchasthe origi-
nalgrey-scaleimage ridgelocationsor minutiacoordinates.
The canonicalrepresentatiofis not necessarilyreality, but
the intentionis thatall prints from the samefinger would
be transformedo resemblecloselythe canonicalrepresen-
tation,makingcomparisorsimple.Further sincethecanon-
ical representatiors in the sameform asa corventionalfin-
gerprintrepresentatiorthe matchcancontinueonthetrans-
formeddatawithout ary speciallgorithm.Becausehereis
no lossin discriminative informationby applyingthetrans-
formation(e.g. the spaceof minutiaerepresentationafter
applicationof the algorithmis aslarge asthe spacewith no
distortion removal) thereis no lossin accurag, aswould
be evidencedin Thebauds methodwhich works by enforc-
ing similarity ontwo prints. Thealgorithmcouldbeapplied
to remove distortionfrom the originalimage,or it could be
usedto translateandrotatethe minutiae(assufiicesfor the
matchersedin section5s).

The distortion-estimationalgorithm operatesas fol-
lows:

o Estimatetheinterridge distanceat mary pointsacross
thefingerprint.

¢ Estimatethe global averageridge spacingfor the fin-
gerprint.

¢ Constructa representatioof local dilationsrepresent-
ing deviationsfrom uniform ridge spacing.

e Apply local warpsto make the local ridge spacings
morenearlymatchtheaverage.

2.1 Ridgespacingestimation

Theridgespacings estimatecereby usingthethinnedim-
agethatis availableasa resultof thefingerprintimagepre-
processingarriedout to find theminutiae. The preprocess-
ing usedis thatof [3]. This preprocessingesultsin anim-
agewheretheridgesareonepixel wide lines. Minutiae are
easilydetectedn thisimageaspointswith only oneneigh-
bour (end points) or with three neighbours(bifurcations).
For simplicity of subsequenprocessingspline curvesare

fitted to thechainsof pixels. A singlesplineis fitted to each
sectionof curve betweentwo minutiae. The splinesused
arecubic B-splines,andthe numberof control pointsis in-
creasedrom four until the approximationof the splineto
the original pixel locationsis sufficiently close. Giventhe

Fig.1 Two ridges of an enlaged fingerprint, shaving the sampling
points: (solid circles)andfor onesuchpoint the searchine (dashedjpnd
its intersectionwith a neighouringridge (emptycircle). The midpoint, p;,
betweerthe searcHine’s two intersectiongs alsoshavn.

splinerepresentationye estimatethelocal ridge separation
atregularintervalsalongeachcurve. Thisis done,asshovn
in Figure 1, by searchingperpendicularlyto the curve until
anotherridge is encountered.The distancer; betweenthe
ith initial point,7 = 1...N andthe correspondingnter-
sectionfoundis considerechsan estimateof thelocal ridge
separatiorat the midpoint (z,y) = p; of theline (at an-
gle ¢) betweenthe two points. If no ridge is found within
a certainnumberof pixels, thenthereis deemedo be no
matchingridgeandno local estimateof theridge separation
is made.

All the local ridge separatiorestimatesare averaged
to give an estimaterg;,54; for the overall ridge separation,
which is deemedto be the ‘true’ ridge separatiorfor the
wholeprint.

T

Tglobal = N (1)
i

This estimatecouldberefinedby weightingthe samplesac-
cordingto their reliability. Factorsthatcanbe seerto affect
the reliability arethe proximity to the edgeof the print, or
to a minutia. However, for the researcltarriedout here,a
simpleaveragewasfoundto sufice.

Deviationsof theridge separatiorfrom rg;.54; areas-
sumedto be becausef distortionsin the acquisitionpro-
cess.We now try to modelthosedeviations.

2.2 Ridgedistortionmodel
Thedistortionis modelledseparatelyn 2 andy directions.

Everywhereontheprint axis-paralletelative dilationsof the
fingerprintareestimated.D,(z,y), D, (z,y) containthese



Fig.2
¢) Theestimatedlilation mapsin = andy directionsrespectiely. Light anddarkregionsindicateareas
wheretheridgesareestimatedo berelatively dilatedandcompressedespectiely.

estimatestermedDilation Maps with values> 1 for di-
lation, < 1 for contraction.For estimationpurposesthese
arestoredasarrays sub-samplegvith respecto theoriginal
fingerprintresolution. The estimateat (x, y) is contributed
to by all the estimatesof the local ridge width which fall
nearbyanddenoteghelocaldilationrelativeto theassumed
‘true’ ridge separation.

For every ridge separatiorestimate the local dilation
factord; is estimateds:

di = — )

Tglobal

Sincewe separatehe local dilationsinto z andy compo-
nents,the dilation d; is contritutedto by the z dilation and
the y dilation except when the ridge separatiorvector is
alignedwith the axes. For eachdirection,we discardridge
separationsvhich aremorethanan angley from the axis
in question(we have usedy = 60°). Thedilation estimates
areaccumulatedn atwo-dimensionahrrayof binsoverall
theridge separatiorestimateshus:

o d;
Daay) = Ziesl ®
where S, = {i : p; = (z,v), | cos(d)| > cos(¢))}

Yics. di
Dy(a,y) = S @)

where Sy = {i: p; = (z,y),|sin(¢)| > cos(¢))}

wherethe approximationis the operationof quantizingto
the resolutionof D.  Alternatively, for axis-paralleldis-
tortions, we also proposethe following ‘one-dimensional’
model,wheredilationsareaccumulatedn one-dimensional
binsindependenof x andy axes,:

Zz’es d;
D, = = 5
] ©
where S, = {i: z; = z,]|cos(¢)| > cos(¥)}
Eiesy d;

Dy(y) = W (6)

©

A fingerprintdistortedby a lateralforce. (a) The bitmapcapturedby alivescandevice. (b &

where Sy = {i:y; = y,|sin(¢)| > cos(¢)}

Sincethis modelhasfewer parameter# is morerobust,but
is also lessgeneral. The former two-dimensionaimodels
were found to perform betteron the larger, less-distorted
rolled prints, and the one-dimensionamodelswere found
to performbetteron distorteddabbedprints.

These accumulateddilation estimatesare spatially
smoothedanddefault to oneif no ridge estimateinforma-
tionis available.Onagoodquality print estimatesreavail-
ableeverywhereexceptat the edgesof the print wherethe
informationis not used. However, on a poor quality print,
where the ridge sggmentsare short, or no ridges are ex-
tractedby the ridge-findingalgorithm, no ridge-separation
estimatesreavailable,andthe distortionestimateassumes
its prior value of one, leaving the inscrutableareasof the
print unaltered.

Now at every point on the print, we have an estimate
of thelocal dilation of the print. Figure 2 shavs the distor
tionsestimatedhutomaticallyin a distortedfingerprint. The
estimatedlilationscanvisually be seernto correspondo the
changein ridge spacingacrossthe fingerprint (cf. Figure
3a).

Justaswith thedistortionmeasuresf Rathaetal. [1],
[2] or indeedary otherfingerprintquality measurethe dis-
tortionmapscanbeusedto rejectbadfingerprintse.g.based
uponthe maximumdistortion or a cumulative measureof
thedistortionof thewhole print, suchas:

C = |log Do(z,y)| + |log Dy(z,y)l. ©

T,y

However, sincewe know the structureof the dilation,
we can attemptto correctit, restoringthe fingerprintto a
canonical, ‘distortion-free’ print. (As statedbefore, this
canonicalprint is not necessarilyhe distortion-freeground
truth, but is the print with constantidge-width).

3. Distortion correction

Given the distortion mapsgeneratedn the previous sec-



tion, the distortioncanbe invertedthroughan Inverse Dis-
tortion Transformdescribedbelon. Any fingerprintrepre-
sentationcanbe generatedlistortion-free.For the matcher
usedhere,it suficesto applythe InverseDistortion Trans-
form to the minutiaelocationsandangles.To generatehe
distortion-freeprint shavn in figure 3, the InverseDistor-
tion Transformhasbeenappliedto the control pointsof the
ridge splines. The InverseDistortion Transformcould also
beappliedto theoriginal fingerprintimageandary standard
fingerprintprocessingappliedto thatimageto resultin ary
calculablerepresentationf the distortion-freeprint.

-
-
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Fig.3 The distortedfingerprintof Figure 2 with ridgesrepresentecs
splines.(a) beforeand(b) afterautomaticdistortionremoval. Note thatin
(a) theridgesto theright of theloop areclosertogetherthanin therestof
the print. At top andbottomthey aremorewidely spaced.n (b) theridge
spacingss uniform.

The Inverse Distortion Transformis a mapping of
pointsin theoriginalimageto pointsin the ‘distortion-free’
domain. This is simply calculatedasthe integral of the re-
ciprocalsof thedilation mapcalculatecbefore.To bestpre-
sene the mostuseful,centralareaof the print, we integrate
from its centre,(0, 0):

(z,y) = (fo(z,9), fy(w Y)) (8)
faw) = [ e ©
Ty(z,y) =/0 W-dy' (10)

Angles (for instanceof minutiae)canalso be adjustedac-

cordingto thelocal torsioninducedby the distortionnR&fagreplacements =

0 — fa(ﬂf,y,a) (11)

D, (z,y) cosf (12)

fg (IL', Y, 0) = arctan W

4. Computational complexity

Theadditionaltime requiredfor distortionremoval ona 700

MHz Pentiumlll processois about0.9sfor adabbedprint,

1.5sfor arolled print (both at 500dpi). Most of this time

is consumedn fitting the splinesand estimatingthe ridge

separationsyith the creationof the distortionmapandthe

distortionremoval beingrelatively fastoperationsThetime

takento processfingerprintis thusroughly proportionatto

the numberof total lengthof ridgesin the print andhence
roughly proportionalto the print area. The currentsys-

temhasnotbeenoptimizedfor performanceimprovements
couldbe madeat all stagesotablyin fitting the splines(or

ratherworking directly on pixel chainrepresentationsf the

ridges)andoptimizing the numberof ridge-separatioesti-

matesmade.Currentlyabout5000estimatesremadefor a

typical dabbedprint, 6—9000for rolled prints.

5. Matchingresults

In this sectionwe presentesultsfor matchingof fingerprints
with and without distortion correction. The matcherused
is derived from that mentionedin Rathaet al. [3] which
gives a similarity scorefrom 0 to 100 for pairs of prints.
The experimentusestheimageprocessinglescribedn [3],
which extractsridgesandminutiae. The minutiaefrom two
fingerprintsarepassedo thematcherresultingin ascore.ln
the distortion-remeal case after calculatingthe distortion
maps. The minutiaelocationsand anglesare transformed
with theinversedistortiontransform.The transformediata
arealsopassedo thematcherto give ascore.

To assestheimpactof thedistortionremoval onrecog-
nition, we calculatethe scoresfor matchingpairs of prints
with and without distortionremoval. The datausedhere
consistf six setsof imageswith eachsetcontainingfive
printstakenfrom a singlefinger. All thefingerprintsarede-
liberatelydistortedby applyinga lateralforce asthe finger
comesin contactwith the (glass)scanneisurface. The dis-
tortions are all different. All pairwise matchesare made
within eachset.

100 -
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Fig.4 The Receveroperatingcure for the distortedfingerprint set,
with nodistortionremoval, andwith 1-dimensionalz, y, #) distortionre-
moval.

Table 1 shaws the resultsof the experimentson the
small dataset.The fourth columnshaws the averagescore
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Distortion Angle | Matches|| Meanmate | Significance || Meannon-mate | Significance || Mismatched| Significance
removal score T(119) score T(749) matescore T(119)
None no 120 21.0 - 2.8 - - -
2-dimensional| no 120 20.8 -0.44 2.8 0.11 20.2 -1.44
2-dimensional| yes 120 19.9 -1.85 2.7 -0.682 19.7 -2.15
1-dimensional| no 120 22.2 2.21 2.8 0.22 21.2 0.470
1-dimensional| yes 120 22.8 3.26 2.8 0.75 21.2 0.315
Tablel Changesn matcherperformancevhencorrectingfor distortion, with andwithout adjust-

ing minutia angles. Mean scoresare presentedor matedandnon-matedpairsof prints (120 and 750
matchesrespectiely). ‘Significance’is the ¢-statistic for the changein paired matcherscores,for
the matedand non-matedpairs. For comparisonthe takulatedvaluesaretg.gs(100) = 1.954 and
t0.95(1000) = 1.646, shaving that the improvementin matedpair scoresis significant,but the in-
creasdn non-matedair scoreds not. The mismatcheatolumnshaws the scoresvhenonly oneprint

in eachmatchhasdistortionremoval applied.

for matedpairsover 120trials, with thefifth columnshow-
ing the significanceof the increaseof distortion removal
overthecontrol. The ¢-statisticis usedcalculatedon paired
matchingstatistics.Similarly the changen non-matedair
scoress shavn to be notsignificant. Thefinal two columns
shaw that distortion correctingonly one print in a match,
with the one dimensionalmodel doesnot harmthe match
accurag.

Fromthe table, it canbe seenthatthe 1-dimensional
distortionremoval helpssignificantly with matchingthese
distortedprints. Somepairs matchlesswell, but the av-
eragematchscoreincreases.Figure 4 shows the recever
operatingcurve (Falseacceptratevsfalserejectrate)for the
small dataset, highlighting the improvementin matching
accurag on distortedprints, and shoving that distortion-
removal ononly oneprint helpsmatchingaccurag.

Original ——

miSRaERed

L L
0 5 10 15 20 25
FRR

Fig.5 TheReceveroperatingcurve for the NIST-4 fingerprintset,with
andwithoutdistortionremoval.

To demonstrateéhat performancas not harmedwhen
appliedto undistortedprints, distortion removal was also
carried out on all the pairs of prints from the NIST-4
database.Theseareink rolled prints collectedprofession-
ally, with only a smallamountof distortion.

Hereaninsignificantimprovemeni(tg o5 (o) = 0.674)
in the matchscoreis seenby applying distortion removal
to the prints. This is reflectedin a slight improvementin
the ROC as seenin figure 5. Table 2 also shaws the in-
significanteffect of applyingthetechniqueo only oneprint
in a pair (which againresultsin a slight improvementin

the ROC). This indicatesthatthe assumptioron which the
methodis basedis reasonable— i.e. the canonicalprint
matcheswell with the true print. This hassignificantimpli-
cationsin practicalimplementationsparticularlyfor using
openfingerprintingstandards.

It is truethatthefeaturesastranslatedy thedistortion
removal processareno longertheraw minutiaeextractedoy
theoriginalminutiaextractionalgorithmonits own andcon-
sequentlycanbe considerednalgorithm-specificepresen-
tation. They couldthusbe deemechot compatiblewith the
publiccomponentsf currently-proposedommonminutiae
exchangeformats[7],[8, Annex C]. On the other handit
could be aguedthat distortionremoval is simply a further
preprocessingtep aiming to arrive at the ‘true’ minutiae
locations,thoughas we have pointedout beforetheseare
ill-definedandjudging by matchingaccurag, the corrected
minutiaecouldbedeemednorecorrect.

Furthermore table 2 shaws thatthereis no penalty
(with this matcher)or presentinddistortion-free’ minutiae
andmatchingagainsthe‘raw’ minutiae,aswould happerif
adistortion-freetemplatewerestoredin aminutiaexchange
template,or if this algorithm were always applied when
matchingagainstprints from suchtemplates.No penaltyis
incurredin themismatchcondition,anda significantgainis
madein thematchecdconditionwhentheprintsaredistorted.
Evenin asystenrequiringtheoriginal minutiaelocationsto
be storedin a commonexchangeformat, the benefitsof the
systemcanbereapedn a numberof ways. The ‘distortion
free’ minutiaeor sufficientinformationto derivethemcould
be storedin a ‘private’, vendorspecificportion of thetem-
plate.

6. Conclusionsand further work

In thiswork we have proposedh new paradignfor handling
distortionin fingerprints.Presious methodsof dealingwith
distortionhave soughtto preventdistortedfingerprintsfrom
being capturedor matched,or have allowed for distortion
by increasingolerancesvhichreducehematchemccurag.
In contrastwe have designeda methodwhich canactually
reducedistortionin previously capturedfingerprints,in an
automaticunsupervisetdhannerby exploiting areasonable
assumptioraboutthe undistortedfingerprint. The method



Model | Angle | MatchedScore
None no 26.7
Joint yes 26.8
Crosscondition 26.6

significance | Mismatchedscore
- 4.44
0.77 4.45
-0.57

Table 2

Changesn matchemperformancen the

NIST-4 databasef rolled prints. With andwithout

correctingfor distortion. The ‘Crosscondition’ shavs the effect of distortioncorrectingonly oneprint.

hasbeendemonstratedo improve matchingscoressignifi-
cantly, with consequenimprovementin accurag.

Two modelshave beenused. The one-dimensional
model appearso work well on badly distortedprints, but
theseare not handledwell by the two-dimensionaimodel,
dueto lack of constraints.On only lightly distortedprints,
the two-dimensionalmodel performsbetter Futurework
work will comparegheperformancef thetwo methodswith
theamountof distortionobsened.

Furtherimprovementsn matchingaccurag canbeex-
pectedby tuningthe matcheito work with the distortionre-
moval system. As noted previously, significanttolerances
have hitherto beennecessaryin minutia pairingsto cope
with deformationof the fingerprintsurface. Sincethis sys-
temreduceghedistortionpresentn theprints,thetolerance
boxescouldbetightenedup, thusreducingthe falseaccep-
tancerate. Thusfar, the systemhasonly beentestedon one
matchey which alreadyincorporatessomedistortion com-
pensation(quantizationand ridge-counts). The effect on
othermatcherds expectedto alsobe beneficial,in inverse
proportionto theamountof distortion-invariancealreadyin-
herentin the matchey but experimentationis necessaryo
determingheapplicability of thetechnique.

The systemitself could be improved in a numberof
ways. The assumptiongboutequalridge spacingcould be
relaxed— particularlywhereit clearlybreaksdown suchas
aroundminutiaeor neartheedgeof theprint. More sophisti-
catedmodelsof distortioncouldbefitted, for instanceathin
plate spline, and correspondingnverse Distortion Trans-
forms applied. While investigatingtheseavenueswe hope
to applythetechniqueo largerdatabasesf fingerprints,in-
cluding distortedink rolls and a more generaldatabasef
prints capturedrom semiconductoscannersin theexperi-
mentssofar, we have notspecificallytesteddistortiondueto
rotation,thoughsomeis certainlypresenin bothdatabases.
It remainsto be seenwhetherthis methodcompensatetor
thiskind of distortion.
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