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Abstract

Manual �ngerprint classi�cation proceedsby carefully
inspecting the geometric characteristics of major ridge
curvesin a �ngerprint image. Weproposeanautomaticap-
proach of identifyingthegeometriccharacteristicsof ridges
basedon curvesgenerated by the orientation �eld called
orientation�eld �ow curves(OFFCs).Thegeometricchar-
acteristicsof OFFCsare analyzedby studyingthe isomet-
ric mapsof tangent planesas a point traversesalong the
curve from one end to the other. The path tracedby the
isometricmapconsistsof several important featuressuch
as sign change points and locationsas well as valuesof
local extremas,that uniquelyidentify the inherent geomet-
ric characteristicsof each OFFC.Moreover, thesefeatures
are invariant underchangesof location,rotationandscal-
ing of the �ngerprint. We haveappliedour procedure on
theNIST4databaseconsistingof 4,000�ngerprint images
withoutanytraining. Classi�cation into four major �nger-
print classes(arch, left-loop,right-loopandwhorl) with no
rejectoptionsyieldsanaccuracyof 94.4.%

1. Intr oduction

Fingerprintclassi�cationis acoarselevel partitioningof
a large �ngerprint database,where the classof the input
�ngerprint is �rst determinedand subsequently, a search
is conductedwithin thesetof �ngerprints belongingto the
sameclassastheinput �ngerprint. In thiswork, weclassify
�ngerprint imagesinto 4 major classesin the Henry clas-
si�cation system[5]: arch,left-loop, right-loopandwhorl.
The archclasscanbe further divided into two subclasses
consistingof theplainarchandtentedarch.These5 classes
of �ngerprints in theHenryclassi�cationsystemareshown
in Figure1. While theHenryclassi�cationsystemhasmany
classes,only4,5or7classeshavebeenusedin anautomatic
classi�cationprocedure.Thereasonfor usingonly a small
numberof classesis becausethetaskof determininga �n-
gerprintclasscanbedif�cult. Important�ngerprint features
thataid classi�cationexhibit largevariations,thus,making
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Figure 1. Five classes of �ng erprints in the
Henry system: (a) left­loop, (b) right­loop, (c)
arch, (d) tented arch, and (e) whorl. Images
are from the NIST4 database [15].

the taskof representingthesefeaturesin anautomaticsys-
temchallenging.Sometimes,evenhumanexpertslabel the
same�ngerprint asbeingof differentclasses;for example,
700 �ngerprints out of the4,000�ngerprints in theNIST4
database[15] havetwo differentclasslabelsassociatedwith
them.

2. PreviousWork on Fingerprint Classi�cation

A numberof approacheshave beendevelopedfor auto-
matic �ngerprint classi�cation. Theseapproachescan be
groupedinto � ve main categories: (i) approachesbased
on singularpoints[6, 8], (ii) structure-based[1, 2, 3], (iii)
frequency-based[7], (iv) syntacticor grammar-based[11],
and (v) approachesbasedon mathematicalmodels [10].
Hybrid methodscombineat leasttwo approachesin (i-v)
to arrive at a �ngerprint classi�cation algorithm (see,for
example, [2, 3]). Someof the hybrid methodshave not
beentestedon largedatabases;for example,Chongetal [3]
used89�ngerprint images.Table1 comparestheclassi�ca-
tion accuraciesobtainedby several�ngerprint classi�cation
methodsreportedin theliterature.
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Table 1. A comparison of classi�cation accu­
racies (in %) of several �ng erprint classi�ca­
tion methods in the literature . Reject rates
are also given in percenta ges.

Method No. 4 class 5 class RejectRate
Cappelliet al [1] 1; 204 - 87:1a 0:0
Chang& Fan[2] 2; 000 - 94:8 5:1
Chongetal [3] 89 - 96:6b 0:0
Hong& Jain[6] 4; 000 92:3 87:5 0:0
Jainetal [7] 4; 000 94:8 90:0 0:0
Karu& Jain[8] 4; 000 91:4 85:4 0:0
Minut & Jain[10] 4; 000 91:2 - 0:0
Wilsonetal [16] 4; 000 - 94:0c 10:0
Dass& Jain 4; 000 94:4 - 0:0

a usingthenaturaldistributionof �ngerprints
b basedon the5 classes- doubleloop,whorl, left-loop,right-loop
andarch
c usingthe naturaldistribution of �ngerprints; equaldistribution
of eachclassyieldsaccuraciesof 84 � 88%.

Themostnaturaltopologyfor analyzing�ngerprint im-
agesis thetopologyof curvescreatedby theridgeandval-
ley structures.This necessitatesthe useof methodsfrom
differential geometryfor the analysisof propertiesof the
curves,or curve features. The approachpresentedin this
paper is a combinationof the structure-,syntactic- and
mathematical-basedapproaches.For agiven�ngerprint im-
ageto be classi�ed, the algorithm�rst extractsan orienta-
tion �eld for the �ngerprint image. Next, orientation�eld
�o w curves(OFFCs)aregeneratedbasedon theestimated
orientation�eld. Therearetwo advantagesof usingOFFCs
for �ngerprint classi�cation: (i) unlike ridge curve extrac-
tion, breaksanddiscontinuitiesin theOFCCsareavoided,
and(ii) theOFFCsarefree from small scaleridgeoscilla-
tions. Each�o w curve is thenlabelledaseither loop (left
or right), whorl or archdependingon its intrinsic geomet-
ric structure.Rigid mathematicalmodelsasin [10] arenot
adequatefor representingall aspectsof variability of the
OFFCs. We develop robust proceduresbasedon differen-
tial geometryfor labellingtheOFFCs.Thegeometricchar-
acteristicsof OFFCsareanalyzedby studyingthechanges
occurringin the tangentspaceasa point traversesalonga
OFFCfrom oneendto theother. Thetangentspaceat each
point along an OFFC is isometricallymappedto a refer-
encetangentspace.The pathtracedby the isometricmap
consistsof several importantfeaturessuchassign change
points, locationsas well as valuesof local extremas,that
uniquely identify the inherentgeometriccharacteristicsof
eachOFFC. Moreover, sincethe methodologyis derived
from differentialgeometry, thesefeaturesareinvariantun-

Orientation Field
Estimation Generation of OFFCs

Determine
OFFC labels

Determine
Fingerprint class

Fingerprint class: 

W, L, R, A

Input fingerprint 

Figure 2. Steps involved in determining the
class of a �ng erprint.

derchangesof location,rotationandscale.Basedon these
features,we areableto label the OFFCsinto four classes,
namely, left- andright-loops,whorl andarch.Subsequently,
thelabelstheOFFCsareprocessedbasedonsyntacticrules
to arrive at a �ngerprint class.We have appliedour proce-
dureon theNIST4 databaseconsistingof 2,000�ngerprint
images. Classi�cation into 4 classesof the Henry system
resultsin anaccuracy of 94.4%with no rejectoptions.We
note that our classi�cation accuracy is comparableto the
onesreportedin theliterature(seeTable1).

3. GeneralMethodology

3.1.GeneratingOrientation Field Flow Curves

Our approachto �ngerprint classi�cation involves four
majorsteps:(i) theextractionof theorientation�eld for the
given �ngerprint image,(ii) generationof orientation�eld
�o w curves(OFFCs),(iii) labellingof eachOFFCinto the
four classes:left- andright-loops,whorl andarch,and(iv)
anoverall classi�cationof the�ngerprint imageinto oneof
thefour classesbasedonsyntacticrules.Figure2 showsthe
stepsinvolvedin classifyinga �ngerprint image.

Considera site s in a �ngerprint imageI with r rows
andc columns. The orientation�eld of I givesthe direc-
tion of theridge �o w in a local neighborhoodarounds for
all s 2 I . The valueof the orientationat site s, os, is a
vector (cos� s; sin� s)T where� s is the angleof the �o w
with respectto thehorizontalaxis.Opposite�o w directions
are equivalent, and therefore,� s can only be determined
uniquelyin (� � =2; � =2). Therearemany algorithmsin the
literaturethat�nd orientationsbasedon thegrayintensities
of a givenimage.However, theorientation�eld estimation
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Figure 3. Variations in whorl cur ves: OFFCs
(white cur ves) labelled as whorls in panels (a­
c) with corresponding graphs of cos 
 j versus
j in panels (d­f)

algorithmreportedin [4] wasspeciallydesignedfor �nger-
print imagestakinginto accountthesmoothnessof theori-
entationsat sitesin the imagethat arecloseto eachother.
Hence,a morerobustorientation�eld estimateresults(see
[4] for furtherdetails).Theorientation�eld estimateis ob-
tainedfor sitess = (x; y) in I wherex andy areintegers
suchthat 1 � x � r and1 � y � c. In order to obtain
the valueof the ridge orientationat any site s = (x; y) in
I , we adoptaninterpolationscheme.Let m andn beinte-
gerssuchthat m = [x] andn = [y], where[g] standsfor
thegreatestinteger lessthanor equalto g. Theorientation
vectorat sites = (x; y) is givenby os = (cos� s; sin� s)T

where

� s =
1
2

tan� 1

P
( i;j )2f 0;1g2 ui vj sin2� (m + i;n + j )

P
( i;j )2f 0;1g2 ui vj cos2� (m + i;n + j )

; (1)

with u0 = m + 1 � x, u1 = 1 � u0, v0 = n + 1 � y, and
v1 = 1 � v0. Theinterpolationschemein (1) is a weighted
averageof orientation�eld valuesattheintegersites(m; n),
(m; n + 1), (m + 1; n) and(m + 1; n + 1). The weights
aregivenby ui vj with (i; j ) takingvaluesin f 0; 1g2. The
interpolationschemein (1) yieldsa valueof orientationfor
all sitess 2 I while retainingthe original valuesat the
integersites.

An OFFCwith a startingpoint s0 2 I canbe de�ned
iteratively as

sj = sj � 1 + dj � l j � osj � 1 (2)

for j = 1; 2; : : : ; n; dj , with valuesin f� 1; +1g, is the�o w
directionfrom sj � 1 to sj , l j is the lengthof the line seg-
mentfrom sj � 1 to sj , andosj � 1 is theorientationvectorat
sitesj � 1. Thepoint sn denotestheterminationpointof the
OFFCcurve, which is achievedwheneither(i) thebound-
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Figure 4. Variations in left­loop cur ves: OF­
FCs (white cur ves) labelled as whorls in pan­
els (a­c) with corresponding graphs of cos 
 j

versus j in panels (d­f)

ariesof theimageis reached,or (ii) whenn exceedsa pre-
speci�edconstantN0. The lengthsl j specifythesampling
interval of the OFFC. In this paper, we selecta common
l j for all the OFFCs,that is, l j = l, say. Eachpoint s0

generatestwo segmentsof anOFFCwhich areobtainedby
�xing d1 �rst at +1 , andthenat � 1, so that the pointssj

in (2) traceoppositedirections. The startingpointss0 are
selectedin the following way: Let r star t , r end , cstar t and
cend determinethe top, bottom, left and right boundaries
of the �ngerprint patternarea,andw denotethe sampling
width. Thepointss0 areselectedsuchthat

s0 = (r star t + k w ; cstar t + l w); (3)

with either (i) k = 1; 2; : : : ; [ r end � r star t
w ] and l =

[ cend � cstar t
2w ] or, (ii) k = [ r end � r star t

2w ] and l =
1; 2; : : : ; [ cend � cstar t

w ]. In other words, the startingpoints
aresampledalongthehorizontalandverticallinesthatpass
throughthemidsectionof the�ngerprint patternarea.Fig-
ure 2 shows how the OFFCsaregeneratedgiven a �nger-
print image. We proceedwith the labelling of eachOFFC
curve usingmethodsdevelopedfrom differentialgeometry
[14] in thenext section.

3.2.Tangentspaceisometric mapsof OFFCs

Our goal in this sectionis to label eachOFFCinto one
of the four classesbasedon their globalgeometricshapes:
left- andright-loops,archandwhorl (seethe left panelsof
Figures3, 4, 5 and6 for examplesof eachclass).Obtaining
explicit mathematicalmodelsfor theglobalgeometricchar-
acteristicsof OFFCswill often be too rigid to adequately
representall possiblevariationsof thesecurves.Therefore,
we adopta non-modelbasedapproachhere. We discuss
several robust featuresof theOFFCsthatallow us to infer
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Figure 5. Variations in right­loop cur ves: OF­
FCs (white cur ves) labelled as whorls in pan­
els (a­c) with corresponding graphs of cos 
 j

versus j in panels (d­f)

theunderlyingclassbasedonmethodsof differentialgeom-
etry.

Let � (t) � (� 1(x(t); y(t)) ; � 2(x(t); y(t))) T with t 2
[t0; t1] denotea curve in the R2 plane passingthrough
the point (x0; y0). The tangent vector at (x0; y0) is
(�

0

1(x0; y0); �
0

2(x0; y0))T , where the derivative is taken
with respectto t. We de�ne V(x 0 ;y 0 ) to be the translation
of (�

0

1(x0; y0); �
0

2(x0; y0))T so that the starting point of
V(x 0 ;y 0 ) is at theorigin (0; 0). The tangentplane,T(x 0 ;y 0 ) ,
at point (x0; y0) for thecurve � is a one-dimensionalplane
generatedby thetangentvectorV(x 0 ;y 0 ) , thatis,

T(x 0 ;y 0 ) = f u � V(x 0 ;y 0 ) : u 2 Rg: (4)

In otherwords,T(x 0 ;y 0 ) is the setof all tangentvectorsat
thepoint (x0; y0) translatedto theorigin.

Any mappingof pointsin theplane,F : R2 ! R2 has
a tangentmapF� thatcarrieseachtangentvectorv at point
p to a tangentvectorF� (v) at point F (p). The mapF is
saidto beanisometryif it preservesdistances,thatis,

d(p;q) = d(F (p); F (q)) ; (5)

whered is the Euclideandistancein R2. In the caseof
an isometricmap, the tangentmap,F� , is very simple to
describe:eachtangentvectorv at p is “rotated” in exactly
the sameway by F� , andtranslatedto the point F (p). In
otherwords,the tangentmapF� , modulotranslations,can
beuniquelydescribedby a rotationangle
 .

For a given OFFC,we computethe isometricmapsas
follows: Let oneendpoint of the curve be denotedby p0

andtheotherby pN . Our analysisis not affectedby which
endis selectedasp0. De�ne thechordvectorV1 � 1

� (x1 �
x0 ; y1 � y0)T , wherep0 � (x0; y0), andp1 � (x1; y1)
is a point on the curve at a distance� from p0. The plane
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Figure 6. Variations in arch cur ves: (OFFCs
(white cur ves) labelled as whorls in panels (a­
c) with corresponding graphs of cos 
 j versus
j in panels (d­f)

spannedby V1 is denotedby T1, andtheunit vectorby e1 �
Vj =jjVj jj . Subsequentchord vectors,Vj , are obtainedas
Vj � 1

� (x j � x j � 1 ; yj � yj � 1)T , wherepj � (x j ; yj ) are
pointson thecurve at a distance� apartfor j = 2; : : : ; N ,
with the spannedplanedenotedby Tj , andthe unit vector
by ej � Vj =jjVj jj . NotethatTj coincideswith thetangent
planeof somepoints � j on the OFFCwhich lies between
pj � 1 andpj , for j = 1; 2; : : : ; N . With T1 asthereference
plane,we obtain the isometricmapsF� s in termsof the
rotationangles
 j that is neededto rotatethe planeT1 to
matchTj , with 
 1 � 0. The featurewe consideris the
cosineof 
 j whichcanbeobtainedas

cos
 j = e1 � ej (6)

for j = 1; 2; : : : ; N , where� is theEuclideaninnerproduct
on R2. The right panelsof Figures3, 4, 5 and6 show the
graphsof cos
 j versusj asthepointonanOFFCtraverses
from p0 to pN for the classeswhorl, right-loop andarch,
respectively.

3.3.SalientFeaturesOf Isometric Maps

Figures3-6give theisometricmapplotsobtainedfor the
differentclassesof OFFCs:left-loop,right-loop,whorl and
arch. Salientfeaturesof thegraphsare(i) thenumberand
locationsof sign-changepoints,and(ii) thenumberandlo-
cationsof local maximumsandminimums.Thesefeatures
arerobustwith respectto variationswithin eachcurveclass.

Figures3 (b), (d) and(f) give thegraphsof the isomet-
ric mapsfor several differentOFFCsof type whorl (indi-
catedby a white curve in the correspondingleft panels).
The salientfeatures(comparingFigures3 (b), (d) and(f))
of the isometricmapplots include: (i) several (morethan
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Figure 7. OFFCs for the �ve diff erent classes
(a) left­loop, (b) right­loop, (c) arch, (d) tented
arch, and (e) whorl. All these �ng erprints
have been correctl y classi�ed.

one)sign-changepointswith localmaximumandminimum
valuesof +1 and-1, respectively, betweenlocationsof sign-
changepoints.In Figures4 (b), (d) and(f), wehaveplotted
the graphof the isometricmap for different left-loops of
OFFCsin the correspondingright panels.The salientfea-
turesof left-loop classremainthe same:onesign-change
point followedby onelocalminimumvalueof -1. Figures5
(b), (d) and(f) givetheisometricmapplotsof OFFCcurves
thatareright-loops. Note that,similar to the left-loop, the
featuresof theright-loopincludeonesign-changepoint fol-
lowed by one local minimum value of -1. In the caseof
anarchtype,thesalientfeaturesincludeeither(i) no sign-
changepoints,or (ii) exactly onesign-pointwith thevalue
of the local minimum far from -1. In order to determine
whethera local maximumis closeto or far way from +1,
we usea thresholdparameter, � , 0 < � < 1. Thevalueof
a localmaximais determinedto becloseto +1 if it exceeds
� . Similarly, thevalueof a localminimumis determinedto
becloseto -1 if its valuefallsbelow � � .

Note that featuresof the isometricmapplot cannotdis-
tinguishbetweena left- anda right-loop. OnceanOFFCis
determinedto beof typeloop,a furthertestis necessaryto
classifytheOFFCaseithera left- or a right-loop. In order
to do this, we write eachchordvectorVj � (V x

j ; V y
j )T ,

andde�ne Uj = V x
j � V y

j . Left-loopscorrespondto sign
changesof Uj from +1 to -1 andbackto +1, whereasright-
loopscorrespondto sign changesof Uj from -1 to +1 and
backto -1.

3.4.Fingerprint Classi�cation

Let NT denotethetotal numberof sampledOFFCs.We
denoteby Nw ; N l ; N r ; Na to bethenumberof OFFCsla-
belledaswhorl, left-loop, right-loopandarch(Nw + N l +

(a) Input image (b) Orientation�eld (c) OFFCs

(d) Input image (e)Orientation�eld (f) OFFCs

Figure 8. Noise in �ng erprint images leading
to errors in classi�cation. The true and as­
signed classes of the �ng erprints in the top
(bottom) panels are left­loop and arch (left­
loop and whorl), respectivel y.

N r + Na = NT ). Weselectpre-speci�edthresholdparame-
ters� w ; � l and� r to �lter outnoisein thelabellingprocess.
Our �ngerprint classi�cationprocedureis describedasfol-
lows: If Nw � � w , the �ngerprint is assignedthe class
“whorl”; otherwise,we go to the next stageandconsider
the valuesof N l ; N r andNa . If N l � � l andN r < � r ,
the �ngerprint is classi�ed as“left-loop”; if N l < � l and
N r � � r , the �ngerprint is classi�edasright-loop. If both
N l < � l and N r < � r , the �ngerprint classassignedis
“arch”.

4. Experimental Results

The methodologypresentedin the previous sections
werevalidatedontheNIST 4 �ngerprint database[15]. The
NIST 4 databasecontains2,0008-bit grayscale�ngerprint
imagepairs,for a totalof 4,000images.Eachimageis 512-
by-512pixelswith 32rowsof whitespaceatthebottomand
is classi�edinto oneof thefollowing � veclasses:arch(A),
left-loop(L), right-loop(R), tentedarch(T) andwhorl (W).
Thedatabaseis evenlydistributedover the� veclasseswith
800�ngerprints from eachclass.For ourclassi�cationpro-
cedure,we combinedclasses“arch” and“tentedarch” into
a single “arch” class. The orientation�eld estimatewas
obtainedusingthe approachdescribedin [4].The estimate
of theorientation�eld wasobtainedfor thecentralpart of
the �ngerprint image,leaving out a boundaryof 50 pixels
alongeachsideof the image,that is, r star t = cstar t = 51
andr end = cend = 470 (seeSection3.1). For obtaining
eachOFFC,weselectedastepsizeof l = 5 pixels.

Thethresholdparametersfor classi�cation� w ; � l and� r

were�x ed at 2; 2 and1, respectively. The valueof � was
selectedto be0.90. Theclassi�cationresultsarepresented



Table 2. Classi�cation results of �ng erprints
in the NIST4 database into four classes: A, L,
R, and W

AssignedClass
True A L R W Total Accuracy (%)

A 797 2 1 0 800 99.62
T 781 19 0 0 800 97.62
L 63 730 1 6 800 91.25
R 75 4 720 1 800 90.00
W 12 23 18 747 800 93.34

in Table2 with no rejectoption. For �ngerprints thathave
two classlabels,we determinedthat the assignedclassis
correctif it is oneof thetruelabels.Theoverallaccuracy of
theclassi�cationprocedureis obtainedto be94.4%. From
Table2, we seethatthebestclassi�cationwasobtainedfor
theclass“arch” while theworstclassi�cationrateswereob-
tainedfor theclassesleft-loop andright-loop. We notethat
our methodof classi�cationwith no rejectoptionachieves
an accuracy that is comparableto the onesreportedin the
literature.Figure7 showstheOFFCsfor the� ve�ngerprint
classesin the Henry systemshown in Figure1. All these
�ngerprints have beencorrectlyclassi�ed.

Sourcesof errorsin our classi�cationprocedurecanbe
assignedto oneof thefollowing factors.Spuriousor missed
patternsin theorientation�eld estimate,dueto presenceof
randomcutsandink smudgesin the �ngerprint image,re-
sult in OFFCswith erroneouslabels. Non-uniformillumi-
nanceat variousregionsof the �ngerprint imageseverely
distortstheridge-valley structuresandmakestheextraction
of a correctorientation�eld dif�cult (seeFigure8). Also,
someleft andright-loop�ngerprints haveaverysmallloop
areaswhich are not detectedby the extractedorientation
�eld; these�ngerprints aremisclassi�edasarch.

5. Summary and Conclusions

An approachfor identifying the geometriccharacteris-
ticsof OFFCsusinggraphsof tangentspaceisometricmaps
is developed.Salientfeaturesof thegraphsarerobustwith
respectto variationswithin eachclassof loops,whorlsand
arches,andare invariantunderchangesin translation,ro-
tation andscaling. Left- andright-loopsaredistinguished
usingthe sign changesthat occur for the component-wise
productof thetangentvectors.Theclassof a �ngerprint is
determinedfrom the labelsof eachOFFC.Our classi�ca-
tion procedureachievesa classi�cationaccuracy of 94.4%,
a ratecomparableto theonesreportedin theliterature.Fu-
turework will includedetectingthesmallerloop areasand
classifying�ngerprints into � ve Henry classes:left-loop,
right-loop,whorl, archandtentedarch.
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