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Abstract Fingerprint classification reduces the number of matches required in automated
fingerprint identification systems by categorizing fingerprints into a predefined class. Support vector
machines (SVMSs), widely used in pattern classification, have produced a high accuracy rate when
performing fingerprint classification. In order to effectively apply SVMs to multi-class fingerprint
classification systems, we propose a novel method in which SVMs are generated with the one-vs-all
(OVA) scheme and dynamically ordered with naive Bayes classifiers. More specifically, it uses
representative fingerprint features such as the FingerCode, singularities and pseudoe ridges to train the
OVA SVMs and naive Bayes classifiers. The proposed method has been validated on the NIST-4
database and produced a classification accuracy of 90.8% for 5-class classification. Especially, it has
effectively managed tie problems usually occurred in applying OVA SVMs to multi-class
classification. ’

Key words : fingerprint classification, support vector machine, FingerCode, naive Bayes classifier,

singularity, pseudo ridges, dynamic classification

1.M 2 ARERE AFAZAANAYAAN B FaF B
2o e Ago] Aadd 529 A9 dUY WY

-2 EFE AAAAAT A (BERC)E 3 FFAATH(KOSER) 9}
A A e
tRgHR  eAdnR AR HHL2l
hijinh@sclab.yonsei.ac.kr right loop(R), arch(A)$} tented arch(T)¢] 5&H:2
loomlike@sclab.yonst.ei.acAkr & Henry Al2"2 =@tH3] Henry Al2de
bearoot @sclab.yonsei.ac.kr .
FAAT 427 FUH 929} Fol weh B
Wgel, Be ATASo] g9 EEoNEH
©

o FA9 0 dAddizte HFENgT as
A3 F&stua o4 Karus} Jaind &

A5 29 AR A4S BEA FYPIEFE 5
. Be AFoA AES whorl(W), left loop(L),

w=EAS - 20059 119 159

sbcho@cs.yonsei.ac.kr =3
=
Artgks 2006 99 4% -



¥ATZ Aotk A9 E 7)A ¢} Naive Bayes _-‘i—%ﬂ% o] &% A A

olFdg ngor e FLH EF 4ndEg AQ
3t91[5], Nyongesa 52 FA¥H A5 A3
YA E ALEEATH2). Zhang® Yand AEL EF3)7)
A3 BoldT 4 JAEAS At AL
BTH6L ¥1F Bolde AFEFo P J)F0] 5
A, B A9 ARG 4ol HolA7| fid &

olAE BF3 &3 A2 wf PTG
AEEFAN =& BEFSE 47 9 a]/‘i Finger—-
Code, XEE, WA 4 T9 e 5] At

HAch Jain §& Gabor FHE ©]§3} 13"‘1-4 B
4 B5E FE39 Rolg FingerCoded AR
[8], Park 52 I& Fourier W@z ould HMkA
ARE ALESYTHOL Chong 5& A& §Hozn
H F&3 7]318t4 ZRE A-8-3193(10], Cappelli 5
L AR o= mda FoF Wy FA4L At
ATH3l. Nagatys AELZFEH E538 WFd 94
& o433 dHEY 7EE FEIHed(7], Changd}
Fang 107§¢] 71&3< g4 AL Jsta ol59

BXE AFERA AHEATIL. olHd AESAE
< Sold Hoe #2 ARE IS 7] "
AERE 45e ol 988 Itk

Hzde Rrp FAd AREFZIE B A8
o 543 BR Cled AWske I A=EHD

tH4,12]. Seniore A& FATZE AHE}7) K3
24 Markov 293 ZAAELE AR-39[4], Yao
52 IAF AAYH SVME o] 4o tjd EAS
AgsidoHizl. ddg 59 547 S 9o
2 AP AEEFS Bo FgSa Y B
% oollet Fde XA oS 2ol dsiME B

@i}ﬁ} X]-E—-E—?‘r Ll
3l A FingerCodeZd o]
BEEIE OVA

Tessellate and
Normalize Each Sector

o) A% 18%9] ARgl WEA 904%9) BF

387

Mo

=
T

2Ry Ade Z+ F¥29 &0 gg SVME &3
oz TS E/E +Y37) W), th=e] SVM
£ A8 W BAEe FYEAE sAsi

NIST dojepdjo]~ 48 diidoz A<tsle L9
84S ASsT. 5o)AE o83 NB BF7|9 3
$- 854%9 EFAYEL, FingerCodeE ©]€3 SVM
s
£ IS AdsHs PHe 1.8%9 AHEE dis)
A 908%9 EFARES ISshon, dd8 AR
g o] AAHEZAZE dESE 5FHY A%
EEo R AHYde AL FASIET

=
=

2. FingerCode?|Et X|XIHE|Z|HE O|&st

[~ = —
X|'|_".'T'_"I'l'

2.1 FingerCode -

Jain©®] 19993l A|2+3t FingerCodet NIST ©]olgt
Hiol2s 4olA F&E dFEFH) AE EHo2 ABEF
of AN @ol ALEHT UTHEl & duEEe
AR AZYLE FTHEE 7IECE RFAE 2o 48
N FEos B, EFE AZGAol 4wH0°,
45°, 90°, 135°)9] Gabor UHE ZH&3le] Z}t ko] 3
A §4S FIsch gy g HaysA] e §4

< 2" 15 o] 35Att. YE A F, Gabor ¥H

ozt W] dis) 487 FLe ZFAUAE ALrste
%F 1922199 EAMEQ  FingerCode® AAJsc)
FingerCodeZ 71¥tC.2 Jain 5& k A2 o2} Al
AL o83t 18%9 AR-golA 90% EFAEE
< IP53geni8], Yao 5 2LFAAREZ(error-

correcting code; ECC) HEL ©]83 SVME A3
o 90%9 25985 IS3HTHI2)

2.2 SVME 0|88t XZER

BAF dgol&e rjulos s SVME FEeA
o AR Fold s JyEm QoH14,15].
SVM =2 (1)7} 2o} vlXg3 WFgEE o889
Tl ERFROZ EAEIL S

Decompose Input Image using Gabor Filter

192-dimensional FingerCode

1% 1 FingerCode #433(8]



888 ARANSNETR: AZEo] B 48 A 3 A 10 TQ006.10

doletd] gt AL FE Hissle F
=15l

Xix =Xy, %,) > F 1 O(x) = (@) (x),..., P, (x)) (1)
g wleolete] 7t nd W, Fd2 dHolE g={1,-1}
e AE xol dal SYMe 54 @sh 2ol 4
3 2BY Alo]9) Azl AR

»
B
of
[
flio

wg

f(x) =Y ac;K(x,x)+b, K(x,x;)=D(x) D(x;) @
i=1

4 (29 g xt 2EEE FATE AAYEHY
dele 00 ol A I+ Kix, x)E H4E w13
g o2 f4A AdEnh & 12 SVMAX %o
AHEEE AgrE BoAET

E 1 SVMelM ALEEE dEH A
A3 o 7H§-A19k

feos
exp[- 20_2'"

SVME 7|80z o|ZlEF7|o]7] w&d, ANEEFH
9} 2o} tFEYR2FA M= OVAlone-vs-all), 23

ARel=

(x-x;) tanh(x-x; +y)

(x'xi‘*'}’)d

(pairwise)olt} €A F = (complete code)$} Z& thr9)

27718 AAse Agke] Baso16,17].
1) OVA A=k M(ZU2 $9709) SVME sh53ie,

7 SVME A4ES dgste Zeas Unlx Fgaz
2 jisd SVMe AR G0 F4 @9 o
£ 54 ()9 19 BB oAk

. ={+1 if ¢=j

R AL 6)

2) A8 A=k sh}el SVMo] & e Y8 BF
sy, 29 BE #9 90 uGEMM-D/2)HEF
9 SVME F9E 3 4 SVMY o] AMHEHE
gt Blolete] $7b A7) Wil ghgro] mavh 273}
37 e Fdla ok = {1, o, MH®, j = kel o
M BAYE dne £ 29 o F4 @Y 4%
mEg AF 2o

t<={+l if ¢=j
Y-l i =k @

3 SRA= A EFRSAA dhe FHW2Y] RE ©
Azl g SVME 4% 53] 5882 £/ &
AdME OVAS oltitHtwo-vs-all) AZHE 25 1
#3 Aol I ZE Y27 F A9 AY (N (k)
o2 Hold o, ARFF dix)e +4 @9 oo
2 (59 6 st dejArk

-

. _{“ if ¢ elj}
Tl el 5)
i gag sSvMe 74e) g By EF
7} £8< Adste wyo) 98, gEHeEE o
FAF K(majority voting), +A-S-2(winner-takes-all),
ECC, 35 X437 behavior knowledge space; BKS)

3 A4 ®E3l(decision template; DT) o] AUk
1) e dRE: 8 BRIV 7P 2ol A9
22 9489 AEL EFFUH18). Condorectd] o2&
B8 ZAFHAL(19], chdt o223 Eao] [20,21]9
Atk FEIAT FL 4o HAFEY, BFY 4
#7t FHE de 495 AR Eis @47 doh
2) $AEA: eATERe AAS ddsty] HalA
AR on, 2 (B)o)A e Zo] {7 FAAM 7H%
F2 S 7 ERVIY 295 4"E MEe Fux
2 A Fd2s €A gled, ind (e A
Az #olE i7F jAA SVME %9 gd20ld 1, &
of Falzold ~1oln, I¥A god 0L o= e
¢ =arg max ZL:ind,’ ;(x)d;(x)

j=l

1. M

(6)

3) ECC: ©] W m=dd E e {-1,01" 0
il &, L /7] 98 7oz 533022,23]
Eye 948 E9 A €, iR P9 .2F JEde
o, (B = -1 B De jH4A E7718 g8 9 &
A2 (o] WEo] Folut 29 HolES 7IR=AE v
et 7ok Eyvt Oold iR SFHAE VMR AEL S
U BRI S AR el HAE AL 5
2 (NeliMe) o) I=ydnte] AZYE wasty 713
e & 7HIAE golEx ERFET
L I_Sign(Ei,jdj(x))

=l M o 2 @)

4) BKS: o] e B3V £99 2E 7158 2%
g golg Te{-LB" o 2o~ = 1. 2857
ol A=, 2 iz ss wHoleldA s
=7t & she FHx dolES /A T gy
diclelyl fle Z%de #olEe 7HXAl et Ha
E AEL HolE TN EF7IEY 283 £2L 9
HE 7 3o U222 EFEci24] Hold TN
Fale dEo]l gl UA ¥ Foles Rl
A= gt

5) DT: & dlojel=RE ZA Zzgdsg Ak
g o & HAsEld Z FEjze] 234 d9E
ARG LAY EFNE /AL M 292 2F

YT W, HA BE BY ZEIAe 54

T

&
rok

& W
B 4o



ZINTFZE itk AAHE 7)1 A 9 Naive Bayes £/ 71E &8 A3HY A&

2ol Ardoh
d(x;)
DP(x,)= dy,z(x,.)
d,(x)

oW, dy.(x)e z B2 &3 ME xo ds)] yd
A BF710F e EREGS vedoth &g dolez
By 24 Z=ugo] AW, 44 (A ol
Z 2o EiA o)E Z2MUL FFIsle ZAA
dZale AN ind(x)E AT 9 FW2IT cold
19 #e Az a8x oW 0% o= e
[25,26].

dl,M(xi)

dL,M(xi) 8

dt,(1,1) dt, (1, M)
DT, = dt,(y,2) : ,
dt,(L,1) at, (L, M)
Y ind, (x)d, .(x)
dtc (y9 Z) = ’;1'—;__——
Zlindc (x) ©

H2E gAdMe d8E A5 2% =299 4
g9 23 HEYUIY FAIEE A, g &
A 27 JAER9 E922 EH73E Kunchevas 3
9 Ags FEHE AYE T 1I7HA FARE &3
7128 DT} &34, 71&9] i3 2T WA

889

314
du

3. 88 X|E2ER

A BRdd] g 7189 e gy, &
=EdAE SVME 38 A& g584 ERddd 1t
2 FA3) FAste T4 AEEF PEE Adstd o
ZFZ¢%h2 74 tisi 7]E2 OVA SVMe] 7HA= &
HE3 FHEAZ Agyoez P SolF, 9
AFg4 3} FingerCode %9 thddk A& EA& o8-8
wma ol thgrel SVMS ZATRE FAslY BF
AL AARE BEE] . IYTRE UFY E¥o| &
AgE 49 ste Hdg 238 NP 3] 2R
oju} oo]AE Hololr o] AMREHE WO Z[27],
B =EdAMs dgy ERVIZRE 858 5
E At AR 4 ER7IEREH 293
AR By}l £4E NB ERV|Z2EE dojd z
2ol ti¥ el w239 ‘

Adshs WEe 1¥ 29 #o] NB #/7]% OVA
SVMeZ FA"EL NB 771 48949 A& 449
zt g2 g AF FE prob = {pw, pL, Pr, Pa,
prig Sol¥T SAgHE olgstel Asm, OVA
SVMe 273olM 48 33} o] FingerCode® ©l4
3 AE9 ZF Z@2d U &A&EE o-sum = (mw,
mg, my, ma, mr}e& 3% FHL AR ALE
Agsrl dad B =EdiMe EFdTzd FHE
OVA SVME £Axoeg AMugste Hristesl, o €

My oHrome
Lo P

0472 £EU BKS SHT 5 458 8SSErH5l A NB BR7004 248 7 2z 0@ A g
Training phase__________________oo_oo_.
)
: The naive Bayes classifier using 1
1
: singularities and pseudo ridges 1
! i
' I
' 1
' i
' 1
' i
! 1
I
H i
; OVA SVMs using | X , ¥ Subsumption Architecture
! FingerCode : ® > > @ > @
! | SYM-{W RLAT} |-~ . P » SVM-1
' : Ry '_,«""-
1 ) . g
V| SVMH{RWLAT) |+ el p » SVM-2
1 | \'\ - o~
) i N '
: : -~ - \‘» v \\\
v | SYM-{LWRAT} |- ., » SVM-3
' 1 R
! i N
! I - .
i 3 /
! | SVM-{AWRLT} 1" L » SVYM4
i 1 e
! i e ™.,
| ! e .,
|| SYM-T WRLA} — » SVM-5
:___________-_._,: Dynamic ordering

a9 2 AbEe T3 EREE



al
=

890 AR =R 2ZEH
o ojs) AFP} welM NB 7714 o8 B} =
713 Zeg2eo] gk OVA SVMel 22X
Ho 93 gy

Nze Ao AHHY, dA 7 Feh2o] RS
BEL NB 27715 °l&3td 233 23¢9 &
oe OVA SVME IMTZRZ TASE DEsH:
OVA SVMe] & w74A] 1 ¢Ad met Hr71E
g3} shtel OVA SVMe] g8d HEL oigshe
S2d) £Icin AREE 2 AEL AP FUYx=E
EFE 9o} ojd OVA SVME #HEslx & A$
dls NB #H7I9AM Aig &8 F 7MY 2 &2
71 Y22 EFC 2d 3L Aldse Wl F
Zate JAIZEE HoFEoh dgd AEd) dis] OVA
SVMe| 5802 HAH3) FAH FHo|Y ARy 7
$5 aszoz APt

-

Ent
=
k=3

=

L

NB 2F71E A2 YEAA 723 54 Soly
3} oAgAe olgdle SrdT. Solge FAW

1=

AaFz ARY 72U EAAH, FAHL §49
F5o] Hui Hog BE A FH gAsn iz
Fe A AY e Bge FMo] e APew A
Yol kg HAUYGH. AEHez FAHHA 445
9 g JAE AF ¥FY /122 ARFH g4
o] Eol3dL BE AFIAY WY AxE uEre
2 437 3459 9XE Adshe Poincare 4¢)
olg3ale] F&FCH16l BT Eolde AEAALY
Ao YR87] w &l =EdAE NIST dHe]

[«

=
=
5

28 A 33 A A 10 (200610

ol 4o did O Be AYRAL P
- 512x480 93¢ AR E RE EGEL 23
7] QB AR 2RE 40 FAAAE SoldL
B g
449 Al 22 80 YAZAE FAHEL ¥
Zeth
Azt BE G of BEd 9xsly] wF
HellA 160 HAAAY J4L nHIA Get
gk 2A4o] 7b 7 AAF2RE g YA o
Yol $1A3HA ©ol& F4ATY HdFEe AAHC
ZA-% A4 ) 2708 Bon, die 4
JARE 77k eXUE Ao,
ZA-Y Azt = 4 NCY NDZ EAJ3ly,
G4 F 7 T FARE C2 P F44
o] gle Afde Cv 949 1L guad. 19
4(@)e F AY F4HE 1R AEYEE E4F, of
el F4H]. C2 A8AT. HdFEe dFdAEYH
22 D1 D22 Rodrt

Z£Z AEG4e Fdo) "ojy So)xyol Fgs) B
312 &g AUt ded, B AFEdA olH ol9
o & EAX ¥ ALtk Zhang F& Sol3 7l
AFEF AAE FES) 8l JAgA-L AEA
o6l 2AMgHe CERE Figdoz FAlo Wk
nel dZ¥" HEZ pAEHY, B =FdAs 100719
Hog AL Aol oAgAE F237] 3
A HA 29 59 ol 16MFe R AFEGAte] WA

probl5] = {pw pr pL, P4, pTY /] probl]
orderf5] = {0, 1, 2, 3, 4}

// OVA SVM9 H7} ¢4 43
for(i=0; i<5; i++)
for(G=i+ 1; j<5; j++)
if(problil < probli))
{

int iTemp = problil;

if(problorder{01] < n)
return reject;
for(i=0; i<5; i++)
{ ,
iflo-svmlorderlil] >= a)
{
iflo-svmlorderlil] < r)
return reject;
return orderli];
13

return order{0];

o-svml5] = {mw, mg, my, ma, mp}// o-svml[]: OVA SVMo] Ai13 24 AE

probli]l = probljl;

iTemp = orderlil; orderlil = orderlj}; orderlj] = iTemp;
}
// EATF9 OVA SVME 0] &3 A EEF

i n: AR AAA

// & OVA SVM = A A

I AR QAR

*NB 5717} AXS AF &8

probljl = iTemp;

a9 3 ZEHog TAEE OVA SVME ©]8% 53 =

B8RS SAtm=



EATE Quith AR NE 7)) Neive Bayes £H718 o8¢ HHAY AREF 891

3% 4 Sol83 AHgAO=-34, A=2F, O=9|
A 23)

615(4/3]2
7 1 7 1
8 0 |8 P 0
9 15 |9 15
10 14 100111211314
n o5 13
(a) (b)

KX
=)

e
o

A3t
dire] @A 9 polAM §AHEE, dirbe 1A
WEs ong W, g AW dimd 52 103
o] Akddt,
dirn = dir, COS_I(ZM:.—I};)>COS_I(%'V(dir+8)%16)
(dir +8)%16,

otherwise
(10
F49 Asgro] AMEU pe I8 5(b)gk 2o
o gl g} T Yo olBde) §4E FAVT
ek g7k 24 (128 $E3A AL FA(turn)
o2 ZHFE
dir —dirb+16,  dir —dirb <-8
dp_= —dir +dirb+16, dir —dirb>8
dir — dirb, otherwise (1D
Sd |>15
p§0 ? (12)

SAlgAe] FHL 10008 HHESALY 9algile] ‘3
AHow AAEE S59h I8 4(b)h o] 2ALgAe]
LEZOZ 529 ‘left loop' B EFHL, 1Y 4(a)st 2
o JAlgAle] ‘A o2 IFHY ‘whorl 2 EFEh

Eo)fa AlgAS AEEF AHE3H7) fsiAM, A
Co & A& Ateld] Juld 9219k AYE AN, 3
Co B4 A pe Al 93] L& T3 o] H3i}.

1) Cy>Py :

Lo con,
"4 c <P (13)

CX _PX

, C,>P &|Cy —Pyl<4.0
L=42, [c, - P|249C, - B
3, C,<P, (14)
5 A Apelel AY DE theT 2ol Feuh
dis =|(C, - P’ +(C, - B,)!|

(15)
1, dis<10
D=<:2, 10<dis<20
3, otherwise (16)
0 4
core. %
1 3 q
(a) location (b) distance value

a8 6 A Cst pol A AR Ag

£ =ZdMe 43T FAFY #(Ng No), °l1E
o] A AX} AL(Di, Dip, Dar, Dop)$St SR
YA ERRY A AXY A=l(Ri, Rip, R,
Rop)E NB ER/7IE 0|43 AELEFo) A3t NB
EF7= oMY AE5dAA E4=2WRLATS &
A A3 100 AEEAWNe Np, Du, Dip, Do,
Dip, Ru, Rip, R, Rep)2.8 FA4HEY, 2 2 =
EE g 20048 o] RE EAEW dZAH9 Ut
# 28 NB £F7] 734 A" AEEA HsiA
RoFEr

NB £F/7Ic HEERE #3d #2 uwHez #
F29 AIFE FEL AXETURE], °lE A8 AF
B9 A ZERE 5AF S Alole] 2R &

E 2 NB £/7719 21842 &3

53 El 38
Nc¢, Np YT g & 0,12
Dy, Da Azre) S 01,2345
Ru, Ra QAL BHY 9 0,1.2,34,34
Dip, D2p A CS A=E Akel9] AR 1,23,%
Rip, Bep A C A4 339 AY 1,233,313




892 PR} =EA:

EEEZE WA GAscl FTH29. FEEXE nold

Feg TR gF volgERE AdsedH, wy

A9 1A JEE A°li count(A)e Eg A7 (A

2 JIAE Zed NEE Jeid o, Ad g2E
PA)E 4 UD3} 2o AddEd.
P(4,) = count(4,)

ny (17

web W4 A7} BE RE w22 bW, 22% 3
€ PAIB)E F4 (18)7 o] Atk
count(4,,B;)

count(B;) (18)

Bayes ol&¢} we} nsje] FAZe] FAZ Fold
o Z} Y29 AFFEES £ (199 2] FHdth
P(C)P(F,,...F,|C)

- PF..F) 19

4 (19)9 Exe 229 AFEE AQAN ¥
4 5937 e Bauts mgchd Fe2e] A}
FHEL SHE Aol S¥€A /M4 wy g5 2
o] FHECH

P(C)P(F,...F,|C)
=P(C)P(F | OYP(F, | C)..P(F, | C)

P(4, IBj)z

P(C|F,..F)=

=P(C)1jP(F.-IC) (20)
4. AlE % AHn}
4.1 M8 83

2 =gdAE Adske WS 9rsky] 93 AR
579 i3 Hrt dlolel] NIST dlojetuo]2 4
£ ARB-3IETHIS]. ol dHolele 4,000 20" I
(= 512x512) 22 FAETh 2,000782] £7}etelA
4zt & Ao] gAre 53892, whorl (W), right loop
(R), left loop (L), arch (A)$} tented arch (T)&} 57)
o] gdxrt FEEA BEXIT ALY 2354 o
ol 350709 AE(175%) F 7h9 = ojEe
71217 W &6, SVM3 NB. 5719 stgoe A HA)
FolEWE AHEEYE, HAEAdAE F A9 HolgS
A 1339 d¥dMe 4 A2y R HA G4
(FO001~F2000)& &% dHoletz, vmz| 94< "
E dlolglg AMEEHT Jaino] A¢HE FingerCode:
-194 12 A7kt ALg-3lg. o, FingerCode A4
oA s ARE A3 B doleldle 1.4%9 A
Boga BHAE dioJelols 1.85%9 ARGAe] TE
Atk LIBSVM 3} 7] A (http://www.csie.ntu.edu.tw/~
cilinlibsvm)E SVM 2E§& TFASRDL 5(=0.0625)3
2] 7hAIQE AGE AHESHRTH30].

A2ZEYO 2 8 A 33 A A 10 E(2006.10)

4.2 FingerCode® 0|&8t SVM7|E XIZER

el SVME A4skn Agshe 71 wdsl 4
RA BARAG. $AEA, AW A 43¢
#Z AME3F ECCS DT, BKSE AML3l9T & 3
FARE RAEY. $A45249 ECC7F 90.1%9
ALER 02 Py &2 438 deH, OVA
02 SYME TARGS W M B %S §
A4 Heg

o rlo ¥ olf

HE

_'ar
=
39t ® 4 OVA SVME °j&3% <
ol EFFPL HoFEo)

o .l[rl Ao Y o

¥ 3 thekst SVMZIYE 254y wiw

= OVA Ag 28 Ay  d¥Ic Je
254 90.1 877 90.0
ECC (HM) 90.1 886 90.0
ECC (EU) 90.1 88.6 90.0
BKS 88.8 89.4 89.3
DT (HM) 89.6 87.6 89.6
DT (EU) 89.8 88.3 89.5

¥ 4 #5278 OVA SVMe &332

= bl
i w R - ~rrLa“—]' A T
w 382 6 6 0 0
R 7 365 2 5 17
L 0 0 365 13 10
A 4 2 356 47
T 2 8 12 40 302

4.3 Hiotsi= Wiy

NB #7719} SVME o}43 ARlele WL &
Alel9) wlg g zolE Fo] XNEEF AFE Eoln
2} &9d. F8 EFe Aol Fold SVME o] &3}
I NB #%7]¢ SVME 3oz FAste B2l
q-g gt 18 7449} o] NB #R/7]9E o83
S dole Aol A A9, THoE EHEY T
Aol o}8-= u) 90.8%9Y EFHEES Y53 AUgst
€ Wye] O ¥EY 2 A%S 534t NB
25719 SVM4 PEARE WHoz AR A
90.2%9 EFAFES AT ole AHLde Wl
SVM# NB &77]1€ Ed3oz APAdde A&
BHaEy oofd AZEAS 34 128 o Ho 2

7 2788 4L F Uitk # 5¢ Adste W9
E53yEs E'.C’%TE}

IY 88 A3 BRI o uiEEH JAE
HogEg, 7]&9] vﬂ%*—.% o] &3l OVA SVM-2
‘tented arch’'® FAFE B/ v, AWste PH
NB ##717} SVME a73og HAste o] J4&
‘arch’2 A3 2H3tAh



EHFEZ Aot XA HE7)A 2 Naive Bayes E7718 o] 83 97 AFEH 893

91 F Yan[6]o] A 7€ dBH] AEEHF $HH
] 9] AeHIRE Y5t 1¥ 95 NIST Hlolehu o]
2 4] g 7]i Wy REASEER At Uy
9] ERAFZES H‘#-r"ﬁ Axgs 7 Y 71—‘?'—%011
o-§3hs —E—Tr%‘i} & BN AtEe el
SEo ARgeA I:]'Y: we] vs &

3ttt Boldy gAMgAE AME-sle Zhangd
Yan®] WHE FZo] wle wEAg AFFG g
2 Aol FF A5 BHEAUHE), Ak wHe
7o 723 543 34 FingerCodeE A3l 4

90 4

@
©
1

=]
L U

Accuracy (%)
3
i

@©
3
i

86 o

85 -

ST Sirtaran Fassey o 9] ERE Agol e 39 Aasse. A
a9 7 B A% vln E 3L Jaing] d7el dsiMe Solde FUtE 1
’ #HatHA OVA SVMY As& Fdstsiden, 43
£ 5 Adste WY &5 BA 2HE ZdE AHES Yaod) e HliElME &
o 2 2% 33 Ag A Fastsc
R L A
W 373 10 10 0 0 58 8
R 4 374 0 6 15
L 5 0 377 8 9 2 =F9A= NB #7719 OVA SVME aide
A 0 6 4 365 40 2 298 AFEF PEe Adsen, NIST Hol
T 1 8 15 % Epilolz 4o] tha) v1Ee) el uls] BE BF A%
< YS3HT. Eold, JAEA, FingerCode 59 t
4.4 HHTeol MEsH|m &3t 11%578% ol g8t 58 5 A sty
B =RoME Jain B8], Yao S[12), Park[9], Zhang  90.8%°] BF FHEL 4ZH2 BFH sl 949%
R L A T
0.80 1.95 75.1 16.05
-1.21 -1.16 0.07 0.34
0

The naive Bayes classifier using
singularities and pseudo ridges

OVA SVMs using Subsumption Architecture
FingerCode
SVM-{W,RLAT} b= SVM-1
0.18
SVM-{R,WLAT} - , 3 » SVM-2 S
e 0.16
Ly | SVM-{LWRAT} — - % N .ui SVM-3 S
/ d p "):“:.%\\., '
e - N 0.16
SVM-{A,WRLT} e e ., 2 SVM-4 S
."' .“‘
/ s
.f/ \“\
SVM-{T.WRLA} -zt ‘——5{_1_ SVM-5 S }H-»A:0.16
Dynamic ordering

% 8 Aetse WY RS AEFY BREAA



894

Test accuracy (%)

Test accuracy (%)

ARAII=ER: AZEY R && A 33 A A 10 Z(200610)

98 < S
96 -®
94
924
904
—a— Proposed method
—e— Jain, 1999
88 - .- | ~#-—Yao, 2003
e —v— Park, 2005
86 Ut ¢ Zhang, 2004
84 ? T T — T T T 1
[} 5 10 15 20 25 30 35
Rejection rate (%)
-3
99 e
A
- §
97
96
o5 —n— Proposed method
1 -—e— Jain, 1999
& Yao, 2003
94 —v-- Park, 2005
¢ Zhang, 2004
93 P
e
T T T T T T T 1
0 5 10 15 20 25 30 35

Rejection rate (%)

2% 9 NIST dlojepso]2 44 digh Asvlm

3952 gSadc ot v RREUL §
£5 4%l Hsl 4 ZAols, OVA SVM
549 2AE AnHoE asgc I

de Tud oERE BAll At e Hed)

[1]

[2]

(3]

[4}]

[5]

Holxa} gt

N. Yager and A. Amin, "Fingerprint classification:
A review,” Pattern Analysis and Applications, vol.
7, no. 1, pp. 77-93, 2004.

H. Nyongesa, S. Al-khayatt, S. Mohamed and M.
Mahmoud, "Fast robust fingerprint feature ex-
traction and classification,” J. Intelligent and
Robotic Systems, vol. 40, no. 1, pp. 103-112, 2004.
R. Cappelli, A. Lumini, D. Maio and D. Maltoni,
"Fingerprint classification by directional image
partitioning,” IEEE Trans. Pattern Analysis and
Machine Intelligence, vol. 21, no. 5, pp. 402-421,
1999.

A. Senior, "A combination fingerprint classifier,”
IEEE Trans. Pattern Analysis and Machine
Intelligence, vol. 23, no. 10, pp. 1165-1174. 2001.
K. Karu and A. Jain, "Fingerprint classification,”
Pattern Recognition, vol. 29, no. 3, pp. 389-404,

[6]

[71]

[8]

[9]

[10]

[11]

[12]

[13]

(14}

[15]

[16]

[17]

[18]

[19]

1996.

Q. Zhang and H. Yan, "Fingerprint classification
based on extraction and analysis of singularities
and pseudo ridges,” Pattern Recognition, vol. 37,
no. 11, pp. 2233-2243, 2004.

K. Nagaty, "Fingerprints classification using
artificial neural networks: A combined structural
and statistical approach,” Neural Networks, vol.
14, no. 9, pp. 1293-1305, 2001.

A. Jain, S Prabhakar and L. Hong, "A multichannel
approach to fingerprint classification,” IEEE
Trans. Pattern Analysis and Machine Intelligence,
vol. 21, no. 4, pp. 348-359, 1999.

C. Park and H. Park, "Fingerprint classification
using fast Fourier transform and nonlinear
discriminant analysis,” Pattern Recognition, vol.
38, no. 4, pp. 495-503, 2005.

M. Chong, T. Ngee, L. Jun and R. Gay, "Geometric
framework for fingerprint image classification,”
Pattern Recognition, vol. 30, no. 9, pp. 1475-1488,
1997. )

J. Chang and K. Fan, "A new model for fingerprint
classification by ridge distribution sequences,”
Pattern Recognition, vol. 35, no. 6, pp. 1209-1223,
2002.

Y. Yao, G. Marcialis, M. Pontil, P. Frasconi and F.
Roli, "Combining flat and structured represen—

tations for fingerprint classification with recursive

neural networks and support vector machines,”
Pattern Recognition, vol. 36, no. 2, pp. 397-406,
2003.

C. Watson and C. Wilson, Fingerprint Database,
National Institute of Standard and Technology,
Special Database 4, FPDB, April 1992,

E. Bredensteiner and K. Bennett, "Multicategory
classification by support vector machines,” Com-
putational Optimization and Applications, vol. 12,
no. 1-3, pp. 53-79, 1999.

D. Sebald and J. Bucklew, "Support vector mach-
ines and the multiple hypothesis test problem,”
IEEE Trans. Signal Processing, vol. 49, no. 11,
pp. 2865-2872, 2001.

C. Hsu and C. Lin, "A comparison of methods for
multiclass support vector machines,” IEEE Trans.
Neural Networks, vol. 13, no. 2, pp. 415-425,
2002. .

L. Xu, A Krzyzak and C. Suen, "Methods of
combining multiple classifiers and their applica-
tions to handwriting recognition,” IEEE Trans.
Systems, Man, and Cybernetics, vol. 22, no. 3, pp.
418-435, 1992. .
D. Ruta and B. Gabrys, "Classifier selection for
majority voting,” Information Fusion, vol. 6, no. 1,
pp. 63-81, 2005.

P. Boland, "Majority systems and the condorcet
jury theorem,” Statistician, vol. 38, pp. 181-189,



{201

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

ZATZ duith AAHYE 1A 9} Naive Bayes 5718 o] &3 2393Q NE2EF . 8%

1989.

J. Kittler, M. Hatef, R. Duin and J. Matas, "On
combining classifiers,” IEEE Trans. Pattern
Analysis and Machine Intelligence, vol. 20, no. 3,
pp. 226-239, 1998.

L. Kuncheva, "A theoretical study on six classifier
fusion strategies,” IEEE Trans. Pattern Analysis
and Machine Intelligence, vol. 24, no. 2, pp.
281-286, 2002.

K. Crammer and Y. Singer, "On the learnability
and design of output codes for multiclass
problems,” Machine Learning, vol. 47, no. 2-3, pp.
201-233, 2002.

T. Gestel, J. Suykens, G. Lanckriet, A. Lambrechts,
B. Moor and J. Vandewalle, "Multiclass LS-
SVMs: Moderated outputs and coding-decoding
schemes,” Neural Processing Letters, vol. 15, no.
1, pp. 45-58, 2002.

S. Raudys and F. Roli, "The behavior knowledge
space fusion method: Analysis of generalization
error and strategies for performance improve-
ment,” Lecture Notes in Computer Science, vol.
2709, pp. 55-64, 2003.

L. Kuncheva, et al., "Decision templates for multiple
classifier fusion: An experimental comparison,”
Pattern Recognition, vol. 34, no. 2, pp. 299-314,
2001.

L. Kuncheva, "Using measures of similarity and
inclusion for multiple classifier fusion by decision
templates,” Fuzzy Sets and Systems, vol. 122, no.
3, pp. 401-407, 2001.

R. Brooks, "A robust layered control system for a
mobile robot,” IEEE J. of Robotics and Auto-
mation, vol. 2, no. 1, pp. 14-23, 1986.

J. Liuy, B. Li and T. Dillon, "An improved naive
Bayesian classifier technique coupled with a novel
input solution method,” IEEE Trans. Systems,
Man, and Cybernetics-Part C: Applications and
Reviews, vol. 31, no. 2, pp. 249-256, 2001.

M. Ramoni and P. Sebastiani, "Robust Bayes
classifiers,” Artifictal Intelligence, vol. 125, no.
1-2, pp. 209-226, 2001.

S. Keerthi and C.-]. Lin, "Asymptotic behaviors
of support vector machines with Gaussian kernel,”
Neural Computation, vol. 15, no. 7, pp. 1667-1689,
2003.

3Ry
ARANSEEER] : AZEYo] B S8
A3BAA3IE F=

2 & 7l

20043 @AdEa ANAARFEE FB
APRF 2. 20049~2006d AAH
st AFEAst HAE 2006~ 8A
AN PFEFHEH 2. B
Foke HAAH, JsAY, F4A, 4
A A4

z¢2
20054 29 JAHSkE HFE T eko(e
Ab). 200549 38 ~¥A Az AF
Batets AAEAg. BARoks A
A, @4,

|

AR5 =T AZEYo] L L&
A3BAANIE A=



