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Research Trends in CNN-based Fingerprint Classification
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Abstract Recently, various researches have been made on a fingerprint classification method using Convolutional
Neural Networks (CNN), which is widely used for multidimensional and complex pattern recognition such as
images. The CNN-based fingerprint classification method can be executed by integrating the two-step process,
which is generally divided into feature extraction and classification steps. Therefore, since the CNN-based
methods can automatically extract features of fingerprint images, they have an advantage of shortening the
process. In addition, since they can learn various features of incomplete or low-quality fingerprints, they have
flexibility for feature extraction in exceptional situations. In this paper, we intend to identify the research trends
of CNN-based fingerprint classification and discuss future direction of research through the analysis of

experimental methods and results.

Key words : Fingerprint Classification, Pattern Recognition, Feature Extraction, CNN, Deep Learning

.M 2 ok ZAyH AL gy At 2UE ElolE o)
S Alshs 25 =oli 149 A9EE P
Aberel A ARE Bek Az RISl AL ) gls) el A ddlelA Are) FejauE s
U= FQlshtl gol ol gshal vk Aghe] Al AR Rfehs X#?jo}v}[l].
% SRl A& AFRE Hufe] 9] QI HF B AREEF] gk At AR §

2
=
i
2
offt
rO

ojsta} e Fokdll FHLSHA ARSI Q7] witell Ao HjE EE}F/} 47W(Arch, Left Loop, Right Loop,
AR olv At wAE 71918 97 % Whorl) B 570(Arch, Tented Arch, Left Loop, Right
*38) 9, A7t A uF gt weFshy Fug Received: July 31, 2022 / Revised: August 25, 2022

(A1A )
Hed: 20229 749 31Y, FHL4sY:
AA GG 2022 99 8Y

Accepted: September 8, 2022

*Corresponding Author: wukj@kyonggi.ac.kr

Dept. of College of Liberal Arts and Interdisciplinary Studies,
Kyonggi University, Korea

- 653 -



Research Trends in CNN—based Fingerprint Classification

Loop, Whorl)9] E#|l4Z &573st= Wie] Aok HA
oH2].

ARERE §A9 BT 4R 5 59 94T 3
3L )% JJoR f3W FUAE Biels $4L
AR AR §HOR Y 54 248 FEHE
We Al AEANE JBoR ARN A
A B4 REse Wn F4H 548 A%
o ek WMo U 4 el

Abgol gelsk B4ol uke e AR Al
W gt Sold AR FEL 9% FuelE A7 o
@ o] rk W ABOR ERL FEde
W oleld e A 5 7] WEe A 34
& BEAY & g el drk = B
$g0] we ARe] 54% vashl 9% ¥ & 9o
BE o9 4] 5 FE

Networks)S 283+ X85 WHo| @o] Ayxu

X0,
O,
2
rlo
o
E Of
N
L
e
rlo
O,
2l
o,
lo
1
i)
(oL
=y
i)
o

S| -
FEsa BFeke T Ao B4 stz Fgsol
% @ 4+ Ak

2] CNN2 s Al%&(convolution layer), &

9

O

E T =

R 5L FEHE 402 Ik 2 AZL @
A3t A% Hel SRS, HolEe] AL Fashs o
B Ak FYY FROIE AYRS A AY F

<
(max pooling), H a2 Fske= Hi E3(average

pooling) 5°] $lth. MEH L] v ASY & <
A AZNME= 2z arddo] ofd AT EE el o
% d dez W

dote] BF 49714 +8% 5 UeH5L

1. CNN =&

1. AlexNet

AlexNet2 it dlolgj o] 22 A% ImageNet
= o]&g omA <14 3]l ILSVRC(ImageNet
Large Scale Visual Recognition Challenge) 2012914
5% AEFA A THCNN) oty

Rde g 13 o] 8/ AFGH w AF,
MY b A7 AF)ol WEAE T2 Ho Stk
A A AlSAAME 27x227x3 A719] ¥E dHoHE
11x11x3 27]9] BEjo} ~Egol=t 4% F4F A
S 3to] 967l EAWES =9 ¢l F WA AR
oAl A Ao ~Ego|Ee B 12 gtal =Y

A gAe] SR A e ks @tk e
7y AlFolA AHEE O 7|9 EHE 5
N 7 WAl Al (Gx5x48, 256), Al HAl Al
(3x3x256, 384), ul MAl AZ(3x3x192, 384), ThAl ®
AF(3x3x19%, 256) 0.8 TAAY BE dAF ATS
ReLU ¥z &gststa A WA, + A, osl |

flo
NI

o K

=

=]
Aol Zzkal 2R Ho) 47 40679
g wpA e AZAE A BAle) rad 9

a2 1. AlexNete| LESIZ F=[f]
Figure 1. Network structure of AlexNet[6]

2. GoogLeNet
sbo]# GoogLeNet& ILSVRC 2014914 %8 =}
A BdR A ABFH AFY Tz Q44

inception) 2E5& AFEATE Al A 4w AU,
.
[e)



The Journal of the Convergence on Culture Technology (JCCT)
Vol. 8, No. 5, pp.653—662, September 30, 2022, pISSN 2384—0358, elSSN 2384—0366

Sibll= F Y] Bx E571E ARESte] A Sk
o] & ool A & A slaL, v w AT
7] ¢

(o}
ol
52
yo ©

o]} GoogleNete & 227 AlZo 2 A H

0 BE PAF AF0IE RelU B2 48319

o

RS
=~

3. VGGNet-VGG16

ILSVRC 2014914 #$-%52 3 VGGNet> AlexNet
I} AR FejolAwt 4 HEE 3x39] 2 A7)
2 ARt AAWE Z2A wE Zolde] Atk F 6
Aol =d A1141%), A-LRN(1141%), B(1341%),
AZ), DU6A1%), EQ9AIS) 2] AeS nwst 2
dof| sdsli= 16741591 VGGI6e] 7 E&
YERQITE VGGI69] 3= 3x3 ZEHZ FAF
S 7O A Al W AdEtar s EYE 2x2, 2~
Egfolu=e 28 MAsIh ARHos 54 ol A
7|7F Anko & ZolEal ol 7 R FTFAIFTHEL

ox ®

4. ResNet

ResNet ILSVRC 20150014 $-53t F 15271¢] 7
207 7Ase] g A= AW wdo|). o] wdl
< w AT A H-”(ldentlty mapping) AZE=2
TAE A= 17 29 22 FAHEE(residual block)

2 AHgstch

—GHL

weight layer \\

) relu 1
F(x) _ | =%
e
Fix)+x Ge—

relu

12l 2. ResNete| ZXIHEZ[9]
Figure 2. Residual Block of ResNet[9]

J?‘J
o oy o
a
2,
=
0,
g
£ 0
o
i
ol
o,
X,

Peraltal10] 5-& % ov]x|9] Hgg weie &
Hog 355

oM dw AT &

o
e

o e ] A Sy

2 oh al9la, 9 39 2ol A
F A% 4MA1x11x48, 5x5x128, 3x3x192, 3x3x128),
3x3 2719 A 9 AZ 3, 94 A7 Az )
(2,006, 256, 5)= TAsHATE 7wl = F 51529712
Zo] A F0E Bl el g A% e
el 84z 2275027 24 A7)e] A% ol
Aol 4 (global) B S A F A Bitol 00] ¥

=) o = S =L Pt e
£2 St H4e B E9a Ssaael £ 7
2~=] =) [

&3} a3ich o] WS FEoR A R A
=] = 5.2~ =) &) 3 =
o] 718 728 & Sastal 12 4gEE UEile
: == =5 O =
v HE (runtime) FElE &% A3E ey
Ak
Layer type Size Stride Grouping Activation
Convolutional 11 11 > 48 1 RelLU
Pooling 3x3 2
Convolutional x5 x 128 1 2 ReLU
Pooling 4.%'3 2
Convolutional 3x3x192 1 RelU
Convolutional 3 3 %128 1 2 ReLU
Pooling 3x3 2
Fully connected 2006 ReLU+Dropout
Fully connected 256 ReLU+Dropout
Fully conuected 5 SoftMax

a2l 3. Peralta 50| A etst CNN F#=[10]
Figure 3. CNN structure proposed by Peralta et al.[10]

Gelll] <& s
olm A (global)l 54
THE T PEE ARt Ak AR
Res—FingerNet> 13 49} 7o) 4719] A H A=, 3
o 4 AS, & d4 AS(ch), softmax AlZ2
Hofglty. A WA 3 AT Ad 277 Tx70)a
2Edto| == 20]th ym ] Al 79 A AT A
g A7)E 3x3, 2Ego|=e 1o BE EY golo
o Ad A7]= 2x22 ARk 256x256 A A7]9]
A olmAE Nk Py ATolAMe Ak
(residual) wi3 #4& B3t Axtmt E5 ASelA
e 2AskE Histelr] 98 Ao EHS AdEske

AA o) Zezke AEA) o] FHoIA A o]n|e]

- 655 -



Research Trends in CNN—based Fingerprint Classification

s Folal F4
AZ{B)el AZE
Ef=9] wiAr AlFell =
&3t B AYgEE
loss)= &-&-3to] A
T A sk

’C*e](center
£ ZHdd &

image

7*7conv.16,/2

pool,/2

3*3conv,32

1*1conv32

3*3conv,128

1*1cony128

pool,/2

fc5,320

12! 4. Res-FingerNete| F=[11]
Figure 4. Structure of Res-FingerNet[11]

AlexNet? frARgE CNN 2=
T A $x7b W2 VGG-FeF A8 E7t %2 VGG-S
£ AMgEnh Ao Y2t 470(Arch, Left Loop,
Right Loop, Whor)®] & o= Wil HES A &
T il dEEE AR olnAl= 3, g %
ZRFAIRE tmolz=ef Tglo] el vige 4-g-sto]
3}3’— A7) o|WA Y] T4 400x400 HA Fiell A A
24x224 T A% 248, 7 B2 T7 59 2

749l "‘“31 74]0, 7he] Hd =21 Al
197H«] Aoz 5o 3lor
& ARtk MEQ A S5S 7t
&3lslr] S8l HHX] Airst AsS F7keta F 719

Michelsanti[12]5<

softmax

o = =] S
gl AZL ALgdle] HAZE BaAAY. ol
IS FS AR GATE A AT 2l
= 5 = L
A Az ARl BEE L A3Es} s AdE
EbTt
VGG-F
layer 0 1 2 3 4 5 6 T 8 9
type input conv relu pool conv  relu pool conv  relu conv
support - 11 1 3 1 3 3 1 3
filt dim 3 - 64 - 256 - 256
num filts 64 - - 256 - - 256 - 256
stride 4 1 2 1 1 2 1 1 1
pad - 0 0 0x1x0xl 2 0 0 1 0 1
layer 10 11 12 13 14 15 16 17 18 19
type relu  conv relu pool conv  relu conv relu  cony  softMax
support 1 3 i 3 6 1 1 1 1 -
filt dim - 256 - - 256 - 4096 - 4096 =
num filts - 256 - - 4096 4096 - 1000 -
stride 1 1 1 2 1 1 1 1 1 1
pad 0 1 0 0 0 0 0 0 0 0
VGG-S
layer 0 1 2 3 4 5 6 7 8 9
type input conv relu pool conv relu pool conv  relu conv
support - 7 1 3 5 1 2 3 1 3
filt dim 3 - 96 - 256 - 512
num filts 96 - 256 512 - 512
stride 2 1 2 1 1 2 1 1 1
pad - 0 0 0x2x0x2 0 0 0x1x0xl 1 0 1
layer 10 11 12 13 14 15 16 17 18 19
type relu  conv relu pool conv relu conv relu  conv  softMax
support 1 3 1 3 6 1 1 1 1 -
filt dim - 512 - - 512 4096 - 4096 -
num filts 512 - - 4096 4096 - 1000 -
stride 1 1 1 3 1 1 1 1 1 1
pad 0 1 0 0x1x0xl 0 0 0 0 0 0

a8l 5. VGG-F2F VGG-S Z2&[12]
Figure 5. VGG-F and VGG-S models[12]

Imput
1650x%1x32x32

1

Convolution
64: 3x3 filters

1

Convolution
64: 3x3 filters

[

Max-pooling
%2, stride: 2

1

Convolution
128: 3x3 filters

I

Convolution
128: 3x3 filters

!

Max-pooling
2%2, stride: 2

1

Flatten
8192 Neurans

I

Dropout
40%

I

Fully Connected
32 Neurons

1

Fully Connected
4-5 Neurons

I

Output
Softmax Probabilities

2! 6. Shreino| A ekst CNN T=[13]
Figure 6. CNN structure proposed by Shrein[13]

- 656 -



The Journal of the Convergence on Culture Technology (JCCT)
Vol. 8, No. 5, pp.653—662, September 30, 2022, pISSN 2384—0358, elSSN 2384—0366

Shrein[13]& °o]w]A] A7 7]HSl feature-wiseE
gt g5 o|mx] HAle] Wity gFAAE T8

1 olg o3 B
ISl RS B ek ONN FRE Aeks
(keras) ol 22212 & 83192 7 ‘%“4—% a9 63}
2 7 el GAF AFIAE Qe EE of
2o] 24 ovldsh 33 Aele 74 A £ 7
2 e AEgo|sE 28 AMd

AET A9s s 243} = ReLUE A
th Flattenoll M= o) 7A15-2] E#4ko] s B
o] AZH™ Dropouts AHEate] A= B
X*Ff@rﬁ}b 2o ol-aromt} 9 A2 Az

(

o o
r.°L “XJ

b oo 2 ofe of

rlr rU[o A ot

_uﬂlr‘_‘-',

& e 2k

Conv_1 Max_Pooling_1 Conv_2 Max_Pooling_2 Conv_3 Max_Pooling_3 Conv_4

Original Radon  5x3/1 2/2 2 w/2 33/2 /2 /2
"

Left loop
Right loop
Whorl

Clssifeation InnerProduct InnerProduct
4 160

1l 7. El Hamdi S0| A otst CNN +=[14]
Figure 7. CNN structure proposed by El Hamdi et al.[14]

El Hamdi[14]'52 o]} oA & HEgto s Heks)
+ RT(Radon Transform)& €733 CRT(Conic Radon
Transform)E 92 3]A%0] i ofm| || 283 &
CNN9| 8 onx|(170x170)2 AFgslich A %
£ AT

W
A Bk AF g9 5A& FEen B @
A% Hold 5

o] B AdE FFIL 17 77 Zo] UAYAE
Mz T2 =27)(5x5, 4x4, 3x3, 2x2)9] FE|9} 1 T 2
o] ~Egol=R 4o A AT 39 Hd E

AZ(22= TAsti e g TAES BAE] Al

dropoutS AHESFATE &8 &
sko] A ol x| ) Fex T S
olg]d HL wpAle 2 FE B
AIZRS SEA7I g et
Wull5]5& Al &
Whorl(W), Double Whorl(DW), Ulnar Loop(UL), Radial

Loop(RL), Peacock Eye(PE)¢} Zo] 6712 Y1
Caffenets W33 FCTP-Net 2dS Aot} =&
o|mA = 256x256 HAle] A= Faste] 9= dHlo]

B2 Al83n YEYaE=
?M 5 AF 3, w(norm) 74]%

% 3MEFECS~FCN F 1345 %l 83 o]
gkl A3} = ReLUE *}J%Mﬂr. 5 Bl~
o] 3w Y] A7]= ZHt 1111, 5x5, 3x3, 3x3
= 7 £ AT 3x3 2714 e 2EfGo|=E 1
& AAste] AikE FAsial AT £ AT

7 wdZ AXEY 370 9bd A4 AEe 7zt

?SL/H o

AZ 470(B1~B4),
N, &H A4 A

S

ONI

4,09, 4,09, 671 o|t}. o]H st FCTP-Net> A2 2
Qe oA e A oluAe] 67) Felzel vhal 0%
o WMEA AP # A3} wAA AR BF A

Feature maps ~ Feature maps
384@6x6 384@2x2

Feature maps
256@14x14 r r
96@30x30 r l r

Layer 4096  Layer 4096

Feature maps Output 6

B4: Conv4 Relu4 |

B1: ConviRelul B2: Conv2Reluz ~ B3: Convd

Pool1 Norm1 Pool2 Norm2 Relu3 Pool4 FC5  FC6 FC7

a2l 8. FCTP-Net 22| F=[15]
Figure 8. Structure of FCTP-Net model[15]

Zial16]'s Peralta[10] o] AIFgH CNN#} o] =]
QF mdo] E8AgES o83 E&AY AT W
< ARFATE JE A o] A= 254x254 FA o] A7)
olx UES A 1AL 11 99} 2] 3x3 A2 3~67)
o A AT drte] =R 232 =279 Hdf =1 7
T E AT Tl A8dk 2433F 3 ReLUS

LReLUx= 27119 &4 A4 AS %ﬂ H2E 51 7|
93l dropout

- 657 -



Research Trends in CNN—based Fingerprint Classification

(heurisic) 71’5 olgstel ) Felsol ol A%
BRE FUe 23 o Pl vs) dussEa 43

¢ = des HAth
SR [IT0 ) Speesret™
SRR R )
NI 10§
@ fw “” E e
| '“'“{;*tﬁ
ol A NW HE s

'e_h.-‘l-w ,u-l-u-u._- o M/Mn-  Preicoen 'im-ui-q

agl 9. Zia S0| Hetst CNN T =[16]
Figure 9. CNN structure proposed by Zia et al.[16]

Nur-A-Alam[17] 52 7}2 Z¥(gabor filters)e}
CNNE o]&sto] F=3 Ao 54s §%st 570
o] Z#~(Arch, Tented Arch, Left Loop, Right Loop,
Whorl) 2 #5735t WS X] FaC}, 227x227 A7) A
wolmr Aol 7tE ZHE A&kl STFT(Short Term
Fourier Transformation) "' o.% §4(ridges)¥ =
(valleys) RE 7| 5 whek @ Ful Zhs o]8-3)
of APE AT oW B Y §F 54 9
HE % % PCA(Principle Component Analysis)E
283 AHS Faske] CNNE Shssoll A8
CNN2 1% 103 Zo] 43+ AT Hd £4 7
S Zgste] A W A AT ASS 11x11 2719
e /it ~Ege|= 4 F W A Py AT
5<5 A71¢ dH 206719} ~Egte|= 12 A5t
Al AR oA A e AlSS 3x3 A71¢] ZE
334, 334, 25670 & E3Fetal stridew 201tk B 4
w AT FHele= Hd E8 glololE w8kl ReLU

g AL

_4

el ofu

(]
e
all s e
\ »
CI Convd+ \ o
el
384 filters
lnp nage Convl+pooll ﬁ”m S 384 /4096 classes
Size:227x227 96 filters filters

EENE ;
[ ] | "

Feature Learning Classificatiof

2! 10. Nur-A-Alam 0| |2kt CNN T+=[17]
Figure 10. CNN structure proposed by Nur-A-Alam et al.[17]

9 A7 AE 2 29 AzoINE 4006719 e
o] 3ol gLow softmax P4 A& ool
o] A& olmlA|e] BA g3 CNNE ol fate] A&
BRE @ 49 ARED Foln ARES WEE A%
= welth

ol A AT o

ARupy 2 A8sd ga ee ¥ 13} 2k

ZW oJrlAe] EAFEN FFE JF mde
j‘

r
-
il
o,
oX,
off
I
=
il
do
ot

‘Q_ Hﬂ ]/\ﬁ_o] Dtﬂa
HESA] 8hg £t 7 Loy $2 Ass
Kol AlexNets W g CaffeNetS At o|w|#] 9]
7)ok i Fell ol Bl st AR skl
[10][15][16], AlexNet¥} -FAFsH VGG-F¢ VGG-S&
o]-g3to] CNNS A tH12].
A olm| A8 EAFES HRY AAYE sHA] &

< AEE CNNoj|A Zps oz A PA|rt - ol

A AR A PR TS oA A A
F9 A4 AL TIANA Az 452 A
ATHISI4I017)

28-S 9e dloj o] A Aokl F14
o2 AHEH L ) NIST(National Institute of Standards
and Technology)E AHE-3Ith NIST-DB4+= 512x512
A7)0 A oluA] 2000%4¢] 57/ FeaRE EEE o]
QL o] F 30708 AR 279 v Fgir BF
Ho] JquH18]. NIST-DB300S &2 F3% 8337
o] A#S SHIE 3|z Al 714 &lAdE(500, 1,000,
20002 ~7ste] Assker AT on|A] o]tH19]. &
st A3 HlolEle] TS sl 7 8070 A
oln|x1&2 A Eo] = FVC(Fingerprint Verification
Competition) ®lo]EI#lo]2~ 2000, 2002, 20042 <H-=
A8 ALH20-22], SFinGe AZE]o]E o] &-3lo] 37}
A EA AE olux] 10000702 skl AL&-EITh
[23]. M2 T A7]9] AF ouAEL CNN9| oE
A71E aEste] AT onA| 9] A7|E A4S

- 658 -



The Journal of the Convergence on Culture Technology (JCCT)
Vol. 8, No. 5, pp.653—662, September 30, 2022, pISSN 2384—0358, elSSN 2384—0366

E 1. X22F 7= ds dHn
Table 1. Performance comparison of fingerprint classification studies
A2k woj e}l BY ZAe do]Ejuo] 2~ S AEE(%)
SFinGe 5 98.02
Peralta[10] CaffeNet NIST-DBA 5 9100
Gel11] - - NIST-DB4 4 979
. . VGG-F - NIST-DB4 4 944
Michelsanti[12] VGG S - NIST-DB4 4 9%.06
Shrein(13] - uer o] Yiteh NIST-DBA 4 B>
5 HU.45
El Hamdi[14] - CRT NIST-DB4 4 95.0
Wul15] CaffeNet - NIST-DB4 6 A8
A e 4 29
. NIST-DB4 5 9.1
Zial16] CaffeNet VOO0 1 53
NIST-300
A B 7tH FEHE o] §¢ FVC2000
Nur-A-Alam(17] AoluA] 74A FVC2002 5 99.87
FVC2004

a8 118 B4 (optical senson)Z 558 FVC2002
tlelgHo] 2~ DB29] A< oW A] % 57H(Arch, Tented
Arch, Left Loop, Right Loop, Whorl) Zd|29] dE
HolFTH21].

@

Left Loop

Tented Arch

J& 1. X2 olo|x|e| 574 SaiA[21]
Figure 11. Five classes of fingerprint images[21]

Arch®} Tented Arch®] 7-9- frAkg HElS Ho|B =
F e sk Fdag ekl 47 E22(Arch,
Left Loop, Right Loop, Whor) & & & 4= lth =
3+ Whorl#} Right LoopE A3} sle] 678 S~
(Arch, Whorl, Double Whorl, Ulnar Loop, Radial Loop,
Peacock Eye)E& & 7|To=2 ARES7| = dith

57 Fefl A el tiek Aehes 99.87%9] A
S Hel Nur-A-Alam(17]9] #Ho] 7Hg -3t

o] W A A FL2 FH AR oMAE

A
Fella ZirelM e i) A sAde] §lo] e &
el &

ojmA| & R 1123k Zia[16] Fo] AltE

Hol 96.1%= Peralta[10]4} Shrein[13]e]] H]3l] =&
AY=E YA, FVC0028 43 47 Ze~
FolME 95.8%9] A4S HTh

NIST-DB4¢] Arch$} Tented Arch S ~E H
4Z9 2~ BERAAAME 979%E Rl Gelll]el Wio] 7}
4 =2 43es etk Shrein(13]2 471 Saf2-9}
S5/ FElzol A ZH7E B545%, HAS%E 47 A=

RS W o F2 42 Btk

ot
rot

v Wullble 470 Zes 25 A4 Archet
Left Loop B+ Right Loop”} £

i
23l 670 sz Mws)t o W
S 22(92.9%)0l HlFl =2 H87%2] HeeE
Michelsanti[12]-> 47§ S 704 VGG-F
VGG-SE o]&3t] 242 944%, 95H.06%2] s B
A=t Left Loop®t Right Loop7} S&EF H& 37}
B9tk El Hamdi[14]2 d#2] #le= CNN ZEo]
g 9 HAE B34S kst AlA A A 40
2 7ol g8l B.0% AEEE AUt
Peralta[10] 5o] A|¢Fet WS SFinGeo = AJ/d gt
A& do]g o] zo] thak 57 S~
ol 4 98.02%2] AFEE Woln CNNS |83 #|
7 e s S AAEh
Militello[24] 5-& 7] CNN -4 W] o 2 wof Q=
AlexNet, GoogLeNet, ResNetS- ]3] A& dlo|H
Hlo]2 PolyU, NISTZ F¥ #A&g 470, 570 18]
Whorl 2825 a9 Sej22 Alsts 79 S22

)
F HE AE 1
W %

- 659 -




Research Trends in CNN—based Fingerprint Classification

o\ off
do o o KN

[e)

[e) =
8 JEZY £2(cross entropy loss)S AFESFITE 1
g 12¢ ATE 374 734, 5, 8)9] Fe~= 573}

T 2 2R 48 s FEH
® 2v AME o2 CNN 2ES AMs) A% &/E
gat Aol et AU Z(precision) s HolErh A
ojujx]e] FHo] EL PolyU dlo]Ejmlo]xi= 5
= M Tl tal BF AR w8 AYE

LFERITE NIST ulefefulo] 9] 4, 532~ &FHolA

2

i

Yepllal 8F 2~ EFel dig AU = AlexNeto]
7 e des 2ok

oje} e AT A= Y& AF oux|] F4 )
AR Ay 24, A9 22 7]seA W
o A w7 Al e A & 9
A A e,
AlexNet-based GoogleNet- ] ResNet-based

Fingerprint based Fingerprint Fingerprint
Classifier \ Classifier Classifier

Select Classifier

Select Classification
Type

Select Fingerprint
Image

oo | Classity Fingeprint
Fingerprint magyL-[ plins J
/ )

/ /
/ /
/ Fingerprint Class /
/ /
/

——_—J

a2l 12. CNN 3712t HlolEfs|o| A 2712 X 2|=h™[24]
Figure 12. Process of three CNNs and two databases[24]
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