20034 117 EFITREHGE # 40 & Clif % 6 %

FM32003-40C1-6-11

A QA S8 Gradiente] 28 B olgst 418 /124
A% W 54 2%

(Robust Reference Point and Feature Extraction Method for
Fingerprint Verification using Gradient Probabilistic Model)

g EC, mEST

(Junbum Park and Hanseok Ko)

fo
2

B mgollie AEelE Azl )1F A5E A7) A% 71ER AE daeiEst 53 326l JoiA
A 2L filterbank®Hd-& Aok} Akl 7153 7% <w2]E GPM(Gradient Probabilistic Method)-2 47}
2] WA R-g £E35l0] WEIR-S TR WUsHA 7w 23S AEss whelH, 7182] Poincare index
3} o] b A uhg AR “HE | x]Ee] gAdell oigh AlAo) . AdgE A=) FAjo] £ a3,
arch®@ el )29 7|54 715 ozt 3-& s d3icl w3k AL filterbank B2 712 filterbank#H ol A]
Ao Bt B2 A= e °dfﬂ FEE uhge] &0y fAdgicl Alekat GPMe ’%fﬂﬁi}
7]&¢] Poincare index®el] vl x], GubA oz} A8 oY) B S8 A7) QAFEolli] 94~
HolEl 53] Aok GPM<- Pomcare mdex o)) Bla)4, arch typed] Aol gk FARS 44l 34 °1W
49%, ¥7| A-e87dela] 39.2%, salt and pepper 3H-2&ell4] 157%2] kg RoiFT) wE 71EY HE
Al7kel] o)), AlRkst GPMHEPES 7]229) Poincare index8H B} 0.07%2] 7H4aE HojFn Exl2Z X7l
glolA) e Agkst filterbank 23e]Z&8 7122 filterbank Wl H]a)4] 0.06sec?} 7F4g HojFch

—

Abstract

A novel reference point detection method is proposed by exploiting the gradient probabilistic model
that captures the curvature information of fingerprint. The detection of reference point is accomplished
through searching and locating the points of occurrence of the most evenly distributed gradient in a
probabilistic sense. The uniformly distributed gradient texture represents either the core point itself or
those of similar points that can be used to establish the rigid reference from which to map the features
for recognition. Key benefits are reductions in preprocessing and consistency of locating the same points
as the reference points even when processing arch type fingerprints. Moreover, the new feature extraction
method is proposed by improving the existing feature extraction using filterbank method. Experimental
results indicate the superiority of the proposed scheme in terms of computational time in feature extraction
and verification rate in various noisy environments. In particular, the proposed gradient probabilistic
model achieved 49% improvement under ambient noise, 39.2% under brightness noise and 15.7%6 under
a salt and pepper noise environment, respectively, in FAR for the arch type fingerprints. Moreover, a
reduction of 0.07sec in reference point detection time of the GPM is shown possible compared to using
the leading the Poincare index method and a reduction of 0.06sec in code extraction time of the new
filterbank method 1s shown possible compared to using the leading the existing filterbank method.
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Fingerprint verification system diagram.
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el acharhel Aol A AEE 1EES

71EAdeleka Aok )<t
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® 1. QbAoA 7} 2182 e o
g A=lel BF3
Table 1. Distance mean value of each finger-
print type under general environment.
Loop | Double loop| Whorl Arch
GPM  |5.12(pixel) | 6.39(pixel) | 6.14(pixel) | 6.08(pixel)
Poincare . . . A(pixel)
index 708(pixel) | 2.78(pixel) | 5.3Hpixel) o4

(a)

(b)

T2 11 Arch¥3e)e) A Fol gk A<kt GPMH
7]&9] Poincare index#3e] 7154 7%
9] vl (a) Akt GPMHHE 2 (b)
Poincare index®H <] A3}

Reference point detection position com-
parison between proposing GPM  and
existing Poincare index method for arch
type fingerprint.

Fig. 11.

B 2. A58 (471 732-(brightness  noise))
ol o] 7 A& efol gk Al
B

Table 2. Mean distance of each fingerprint

type under brightness noise environ-

ment.
Loop |Double loop] Whorl Arch
GPM | 7.22(pixel) | 7.33(pixel) |6.87(pixel) | 6.74(pixel)
Poincare . . . 20(pixel)
index 7.14(pixel) | 3.72(pixel) |7.68(pixel) o4}
= 3. A2-3H74(salt and pepper noise)ell4]2|

7k A9 Hefol oigt A=|e] JFE
Table 3. Mean distance of each fingerprint
type under salt and pepper noise

environment.
Loop |Double loop| Whorl Arch
GPM | 6.07(pixel) | 6.47(pixel) | 6.53(pixel) | 7.4(pixel)
Poincare . . . . 20(pixel)
index 7.32(pixel) | 3.65(pixel) | 6.89(pixel) o]}

(d)

(c)
a2 12, “Jr" GAFe] o (a) A (b w234t (o)
T (D Salt and pepperd-3- 94
Fig. 12. Examples of noise image. (a) Original

image. (b) Bright image. (¢) Dark image.
(d) Salt and pepper noise image.
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o] Aol Z S 7IAIel <29 12b), 12(c)>

= W akee) 20 dF BeFy <ad 12Ad>e
salt and pepperite A9l oS BHojFEch

2. AZ§ AY

7‘]1‘4 dlolElE A AldE gl TLIZAR

LCD¥ee] 33hg AlME ARg3le] 256X 256Ak0] 2,
A00dpiai s, zEle] #HMe] oAk 2379 AR
3e) Zb2} arch, loop, double, whorl type 51, 68, 46,
46708 vz A FL diolelE & 21170 FAsksich

mqE dnt 2 ARgEelxe] AFES ARk 2t
o4 53] arch type®] Aol Al Albetk whiie)

AFZEe] S ¢ F Uk <F 45 652 A4 o
g vl 28 27, salt and pepperit-S- #7304
2} GPM3} Poincare index¥Pe] 2+ A& oigk =
£} oleig-s epdn 2] FellA FRR¥ FARS
AA 211709 A dlelelol] dhall 22t Fdle |
B Aol AREE ollelEst el el wHsiA
gk olelg-g vielich

s ATeld ARF GPME
indexol] B]314] Arch 2 Loop¥eie] A&l iAo
& A%g, Whorl ¥ Double loop3eie] A&l o
s Aol ohh HeAe A G9r) o] F ¥

efe] Ao thsia] Ad-gol HolAle= olf= Arch %

7122}  Poincare

x 4. dulgAdeAe]  GPM3}  Poincare
indexH}y 9] olZA =}

Table 4. Verification result between GPM and
Poincare index method under general

environment.
(a) GPM 1543}
GPM
Loop | P2 | \Whorl | Arch | Total | Verification
loop rate
FRR 58 10.8 152 137 | 109
(%)
FAR N33
(90 0 0 0 0 0
(b) Poincare index#8 2] ¢l Z7 3}
Double Poincare
Loop Whorl | Arch | Total | Verification
loop rate
FRR 147 6.8 87 62.7 | 242
(%) _
FAR BB
%) 0 0 0 0 0

WB‘

(419)

%408 Clis # 6% 103

E: 5. 97} &AL Al GPM} Poin-

care index* “d-»] el =A3}

Table 5. Verification result between GPM and
Poincare index method under bright-

ness noise environment.

(a) GPM &A%}
GPM
Loop Double Whorl | Arch | Total | Verification
loop rate
FRR 103 239 196 | 275 | 194
(%)
FAR 9N.16
) 0 0 0 0 0
(b) Poincare index®ge] g7 s}
Poincare
Loop Double Whorl | Arch | Total | Verification
loop
rate
FRR
%) 19.1 109 152 | 667 | 280
FAR R
(%) 0 0 0 0 0
I 6. Salt and pepper3hs #7342 GPM
3} Poincare index®#¢] 1542}
Table 6. Verification result between GPM and
Poincare index method under salt and
pepper neise environment.
(a) GPM <=7 3}
GPM
Loop | 2P| Whorl | Arch | Total | Verification
loop rate
FRR) 47 | 226 | 196 | 412 | 261
(%)
FAR WE7
©0) 0 0 0 0 0
(b) Poincare indext#e] lZAs}
Poincare
Loop | PP | Whort | Arch | Total | Verification
loop rate
FRR 191 130 152 | 569 | 6.1
(96)
9R.87
FAR 0 0 0 0 0
(%)
Lol ATE BIE A1 TEIA 2ok
AAe] coreAlAe] TA A 7AEE X% Double loop
Hel= corel o] FW7) ixﬂﬁ}ﬂ “H—c"ﬂ, 70

coreA oA Z3EE ™, Whorl¥2
of, &1 Ao Alds] w
e g, Aokt GPMS F

o Helolr] o
AQelM A& 2 5 ek
el Altell dhsix] s
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o] A¥HL GPMSE AHE3l] Parzen WindowAle]=
S W3AA s AA QFES A2 A
o disi4] FRR(%)3} FAR(%)% w|wslr] $13k A
ok <I1¥ 13> ©]¢] AFE ek

re -
I [
" o ek e
] e
o l e
kl © Tatal AR (%)
 Vurtinssn o0
€ "
5 I
“ i g
A i r
P i Mk
3 H
; H |
I H
e | e w | | e v | o
0443 emdase Borbt camdone 8 i 707 el e

22 13. 4782] Parzen windowAle]Z2E AHE-&H GPM
9 QFE v

Fig. 13. Verification rate of the GPM method using
4 Parzen window sizes.

E2 A& A7k vlwAly
PM3} Poincare index®iel] o
g 713" A2A7 2129 filterbankdH 3 AlgkEt

filterbank¥FH 9] codedZ AlZHE vlaslr] 3 MY
2z 7. 718" Z&A9l GPM# Poincare

index¥'d &) A7k
Table 7. Detection time comparison of Novel
GPM and Existing Poincare index

method.
7153 A&
GPM 0.88sec
Poincare index method 0.9%sec

z 8. BEAFZ A9 7|&9] filterbankH} =t
Aekst filterbank®H o] SAFEA|7k

Table 8. Feature extraction time comparison
of Existing filterbank method and
Novel filterbank method.
l-ET‘;‘Q‘_(code) EA(code) RESP
FEA7k uj A7k e

Existing

flterbant 0.7 sec 0.01 sec 0.71 sec

Novel
filterbank 0.64 sec 60.01 sec 0.65 sec
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