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o CNNE 835t sht s4e-yat A& S4HgS Adsk= AE7IAAH9|
ot AQtek= AE/MAARLS CNNS 7[5to 2 72E9)y, A 538 9 4
95%°1, EIAE Tlolgof 86.25%F Hth & A9 ANE 7|2E B4 452 HS
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I.M E

AZA 5ol 7A7F QIZH9] s I mHloto] HolElE gkgolal Wikl w|EiE I
Sols 2102 7|olEHoR soju= HlolHe} HAFY w9 SVME 7I§te R 1 s¥at
8ol F= L Stk

55| A3A5Y] o #okl J&id(Deep Learning) oh5< &0l Holk= 2E oS5kl
sk u$- 985, AAFAIEHCNN, Convolution Neural Network)S o]-&3st 4
A B4o] ge] o]8E2 gtk CNN2 Yann LeCun et al. (1989)01] olsf| &2 £AE 4
ok Aloa AIRom[12], Krizhevsky et al(2012)7H8] ZAFE HA th3]9l ILSVRC

(ImageNet Large-Scale Visual Recognition Challenge)ollAl —ﬁ';—S Ailr g &9 A5t
o|% FA3E gA& okal Stk o]’k CNN 718 JARIAIS AlESolA ERfES 40t

3, RGN D G52 s, J1Ae] 1A AR5 ST 5 TRk ARk
H @80l R ol i TSl ATk BEANE Bt BRldlo] & 5 9
£ APAE CNNE 7 IBA5E B0 Ak T 5 gk $b 8 Zlols

ARz sl Sk Sk e %a D el SIHS ofdg
HAGLS Solet AU ATASS Fuh BAS A wetow

— U= [}y

A5 SYEoF 28 A7e WF S8/ 5 A

AN

B A7 Fol CNNG 2-gajo] A0 88 7Msd AE/MAARD) 752 o
;Lom o] uhriol L AL A=t Qs Qi Fhitme] A gety 91Ag nEPS v 7
ol et A7 & A AT ShIAA AEAA AT TR FAHOR Fa% B

OFOlEh qol =3t 7Pg Hole] gk SEaile QB sjdEobY a2 sjgHdo]
A5 FWSHe FO2 20184 7% YR o] Br S 100013 &= & A
Z5o] A&HoR WSt ek AT 97 F BT Fjolol] AFste] HAsH: o]
QUL 317 L HEARo] 1 ARE S glon], YR AES 95| BE A5 Aol B4

G SHAY g ST ol Yt SiF o R dste] Sto g Rlsk= wWio] fUsith
ol ¢ dEsfgo] sAFM] 3HEHE A FAU = sl stew EIT 4 Q=
A Ao S FS AHo] AgtEl= EAIGo] Qltt weEkA] o]st EAIME didsky] sl

1) A8 Fi, R0l JABAs A EWE =39, fXE 5A=(2020. 3.16.)

2) I7to] —X*HOFOH jste] 7} Mh AEHQ A4S st EFst] AFE ] 71JAZOZH,
AURIE o] HEXAS o]88 4= L= o= AA(EA : Y7]Htiop

3) QIEYl T4 H A4, A Ex 13*1 1003] o} &5, HYFH°](2019.10.10.)




AT BRG] THBNABS AW ALY AR AT 7E0] B AT

o SR BAo] CNNE 4 85to] FHE APEshs ALY T30 T
A2 WALt

2 @ 5 5oz 240l ek 28 Aol PHES CNNE Ao, T
ool CNNE A7t 7| =58 Alfict 34olds 7S sl 918 Juee 49
S, 4RAE ARE, 5ol BRI AT Yot AR AT Holk

ro
i

iﬂr%

m>* I

ot

Io. g

£ ol ARAPAAY T5L 95 ASkshs CNNel that 4742t @] CNNE ol 85t
of SHolo] A g3t ATE Ay Bt

1. SAAFAI7ZHConvoluton Neural Network)

CNNZ QIFAIGOlA oA A=) & SAdl4lof 24k dad 7|He= 19 113 2
o] ‘golof(layer) & A&EHO0E B2 IR E B AZHQ] QIR 25 HHRIE CNN2 =27
AEZE4AZ(Convolution Layen)dt & —(Poohng Layer), &AAZZ(Fully Connected
Layer) 2= F/J=]o] QUeH1]. HEFAHASE T A4S Bl oln|A|9] B4 3010, &
B oHA|9] ApZ SATIT U]'X]‘%} HHAAEZE 33+ oA E 12+ HE & HEk
sto] o|uXE FFOE ERT & =R ok @& AlSetth

[22 1] CNN X OA|( LeNet-5 [12])

C3: . maps 16@&10x10
INFUT C1; feature maps 54: f. maps 16@5%5

6@2828
1232 S2: f. maps Ch: layer ..
B@1dx1d A e il

I
| Full conJlectian Gaussian connections

Convolutions Subsampling Convolutions ~ Subsampling Full connection
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CNN g2 FololE oh= 59 7is=et dlolo] W Ad, 8 5ol uhet tast =g
Eo] ZA3tt 2 oA A7fe S VGG16, ResNet, GoogLeNeto]th, M VGGNet
2 Oxford9] Visual Geometry Group ¥7-Ho] 7H&st Ao& 20144 ILSVRC tig]oA
952 g Bdojr}, Hdo] EAL2 3x3 AEZ o]8sto] AR f71H 08 &1l o]

1, 13709 AEFAE AAEA oY 34 bRt EAS FET + A= EF0] Ao

[11 ]. h22=& ResNetZ 2015 ILSVRCOA 953 RE=E S5350] WolA|H &1 g%
7} HojR= EA7} ¥hgsk=T|, o] Residual netS E3f 3125I4tH10]. Y¥HA0l CNN9J
AL Ak A G4 X7t AERAE AXH HX)E WHEA =Y Residual Net2 429
4 X5 oA &8930 AFste] HX)=X+FX)2 Fei= et kA A& o4t
FXORE 712 sk & Es vhso] 3539 g E &0 452 7IAe mdolt. uf
A2 2 GoogleNeti= 2014 ILSVRCOA 95 ZFA|gE BEZ Inception®]2t &&= A

2 0 3719 Adyt g7 HEA e dge] 23 EIEA multi-scaled SAlO

A= o = 40l AH9]

O

2. CNNE A&3 4ol g7

5‘4 = 5%”*‘:'0]:011/\1 CNN= & 06}@] = <4

AgRrA] Bt A2 AFE 52 WA PAHEANM A GG v e 2
sto] A AAske A5 AARIAALE], AW 52 Ak mloks AEsle 7S AA
SFATH5).

SSHA Hsiie e 52 Hore] &7IE CNN 7[Hte s oRE&F s, #R%

20
g 343 715FLE 7|52 ERcke BdS AAsISTHAL
H2of| gigt A1LE 1BH 52 Faster R-CNNZ 0]-8510] dfjdofla] 29 7153t 3k
13l A5 A 5 77 ZHEIEE £k S SHIHRIL TS -2 okt E A4
7 g S 1Eot] VGGNets 7|Who g At By 3ol izt A+5 X4t irHel.
7189 s G AAE QIAlskL ERshs Aol FEE ] st webs E87Ks/30 o
e A7 AE Rk AASHA] 3t eHAI o] et ERL sFHEZA] thgt A & I
Y EAS of 5=} gt & FE7E ohE T, A, oS ERdtke Aol &
AZ Folot. sHA|eE AR AR & o 7P $AA] Eojof s A motE AEs)

[‘IF o
>‘E




WY PR FHBAAYS A8 FHAE ALY T30 B AT

= Zole}. so} Ahgo] MAle Aute] FHE Ash Z0R S HAo] ek 4] A1 <
T @A Halste @ 4 ek

L 7% 28 AZAE 75 A7ES

2 Aol AR AT R HEFPALT] AR o (17 29t 2ok 5

= 9 IRl A T FHUA Furh AAE0] Q1A ke, o] $Eol Aol
JECH= 714 Sl 2 TS Al ek BAsol ik ZPgekn A2H] Bag
8}%} Y FPYRE Fo) AbSH PAEL Hglel FHG ek HFHO
27l E8ERe Aot

—|—‘

(23 2] 2= MRIUIAY He

e : Al
< Input > Aokl 2AE HpE)
F——————————— == .
| " |
=T 245 GAA ) 3: - > %14% :
| #3h r———————-
I [ A= | |
a3 || mw | 1| FPIRES
A= AFe YA B | A || Gl BFER)
!_ _____ ! {Output)

1] < g HEIHAIAE F ARboks =544 1l 50517 9
A= [T 313 Eh A5 9% AEeES HIAEES 1.4 vers backend= &
KerasE o]&35}9ion, PC 42 Ax$ 10, Intel Core i7 CPU, GeForce RTX 2060ti
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Step. 1 Step. 2 Step. 3 Step. 4 Step. b

Tl e,

dolgl 4 3| mugy || em ek 3] mewt || o000
= UG |

21 E”oIE.I AII

shrg 9ol T Qo] SRy G4 dlolEvt Bastth wad Jkin: A
FAE AUHS Bof o2 U PR 2852 FY ARG RUER B Aol B
A2 votg Al Aolnz ¢ B4 5o wet PRI 4 Qe e 3L 1

2] orortt,

A A =mE F 671FC R 53 Y3t train set F 70%, HSS A3t validation
setZ OF 15%, F B B7lol7| 9t test setS F 15%=2 E-Fottt. YHHAQ training,
validation, test set®] F-2-2 8:1: 104 HL5H %%X]-iﬂ- Z3)7] glio] ndeo] A=
AT ASS Y9f validation setd} test set H[ES 15%2 =ojA AAA}. ESH [LSVRC
59 H3oM= FHERE sl T~ FIAES 7L ShEE Stk sEAIRE QI
ulo] 370E A= Aol ng SHI YYARE HICE A, Aot/ ols, S,
549 ol SAAAYL B9 ShEAES] 5 SR HSH R S ARE AR
= 2,555700]1L, validation set ¥ test setoli= 807§<] H|o]EE o]&5ttt. validation
9 test set< MO 52 HAE 517] 93t set0F FAfof| o] F214 2] glo| original
oju|AE I = o]&stqct. £Ao] ARERL HlolE Y AR We-2 <& 1)} At

@ 1) 278 YURE 2%

-+ 2 Z‘%}gg ;jt Validation Set Test Set (50 /Z/ =

L=l o 30 30 P

aEhd (759 >0 %0 (1959
A G559 80 80 s

4) 7=, (FHo] =AY, QENAFEIFFA), hitps://www.google.com.
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2.2, Mg 2E 2 X

A0 ARERE B2 Aol A ATRgE VGGNetQ VGG16, ResNet2] ResNet50, Goog-
LeNet®] InceptionV3 L@y} 7|5 mjol2 o|XEFSE Bd[4] F 47[0]t}t. & AtoA] X
T 83 BE2 o|EFH@7]9] Hof ) E‘?ili Z 17719 o= FAdEo] glom Fx
= [0 ol 2ok Hd9| AR 442 QRAEERE EAJS FE5ke 30l 57,
Maxpooling &°] 471, YSARE 1Y 2 vIYFE Flatten®, Y=HS G AEsH= 5
7] Densed, T4t YAE 918t 3719] Drop outd2& 4= 0] Qo). 2t 33 &3} ¢

(323 6] HEH2 S AF0A ALt BEELEY R 7X[4]
4 N

input: | [(None, 224, 224, 3)] i

conv2d_1_input: InputLayer

output: | [(None, 224, 224, 3)] input; | (None, 28, 28, 512)
max_pooling2d_4: MaxPooling2D

output: | (None, 14, 14, 512)

input: | (None, 224, 224, 3)

conv2d_l: Conv2D

output: | (None, 224, 224, 64) d - input: | (None, 14, 14, 512)
ropout_2: Dropout
output: | (None, 14, 14,512)

Y

input: | (None, 224, 224, 64)
max_peoling2d_I: MaxPooling2D Y
output: | (None, 112, 112, 64) " ) input: | (None, 14, 14, 512)

atten_1: Flatten

output: (None, 100352)

input: | (None, 112, 112, 64)
conv2d_2: Conv2D

output: | (None, 112, 112, 128) input: | (None, 100352)
dense_1: Dense
output: | (None, 1024)

input: | (None, 112, 112, 128)

max_pooling2d_2: MaxPooling2D

output: | (None, 56, 56, 128) input: | (None, 1024)
dense_2: Dense

output: | (None, 256)

input: | (None, 56, 56, 128)
dropout_I: Dropout Y
output: | (None, 56, 56, 128) input: | (None, 256)
dropout_3: Dropout

output: | (None, 256)

input: | (None, 56, 56, 128)

output: | (None, 56, 56, 256) input: | (None, 256)
dense_3: Dense

conv2d_3: Conv2D

output: | (None, 64)

input: | (None, 56, 56, 256)

max_peoling2d_3: MaxPooling2D

output: | (None, 28, 28, 256) 4 4D input: | (None, 64)
ense_4: Dense

output: | (None, 16)

Y
input: | (None, 28, 28, 256,
conv2d_4: Conv2D P ( ) Y
output: | (None, 28, 28, 512) input: | (None, 16)

| dense_5: Dense

output: | (None, 1)

v




BT FFEE FEFANFTE A8 FAAE AL 750 Bt A+

S ReLuol™, BERE-L o2 £RE 915 A0E 0% 12 Yehlt sigmoid T8 A6
stgick. oldl £ mde] 542 e mdo] vls) FdFSol SR o PAFS AUl

5o 4] 9ct.

1. CNN &g AA

Agol A8E CNN Zd2 3 4z 29 mdg 27] 98 WA Zdd 20035]9
epoche 539l A& ARt B9 batch sizex 32382 #4519 1319 200709
GAE A O PR 1 epoch@ 7319 iteration®] WAL RdE (X} AFAIE= (B
2%} Aty 2Yo] BR HFr = o]ARE wdl ) ResNet50 ) VGG16 ) InceptionV3 &2
2 =0 Training Losst O|AER 24 ) VGG16 ) ResNet50 ) InceptionV39] £0]
At VGGNet, ResNet, Inception V3+ ILSVRC tig]oflA] 10009 71x]9] 7H|E]E &
sks}7) Bt muo|xul HT} o] £ 7o Al B8 sl5A|7] Telo] opD g o]zl
257 RgE ALt Wt} Training Accuracy, Training LossS] Z23HE HIECE 7
=7t 87.67%% 7HY =1L Loss7t 0.358 7MY 22 oXER HdS & Aol A8
5 Tz Agsiott.

(B 2) 2 Training Accurracy & Loss

- = VGG16 ResNet 50 InceptionV3 O/FEE 25
Training 68.68% 75.68% £3.83% 87.67%
Accuracy
Training 136 7.56 6.59 0.35
Loss
2. Ol&I2A

Td9] FYrE =ol7] ol nARAES AXFTE B nNxALS 5354 SVt Drop
Outd 2%, L1, L2 7A1,9 Optimization 9 sk5E7) 24 52 53l 7FsoitH7]. AE

5) SSIAONA T Foverfitting S WASH] 915} HEAT FolA] R 39 AF B2 A2
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£ =ol7] 98l e5E2 0.0012 ¥AsIAL, L1, L2 7R #AIE S71oto] #EkS w
Aokt L1, L23 0.0012 4785kl epoch S5 S71ohH AYATE FE &
7003)714] epochE S7H 1A &Rt A3} 3003] ©] 7 training set= 95% U 2]9] <
TE HAPT validation setTe 96% °id2] FErE HojFtt

T 3) 70028] epochA| Accuracy & Loss Zut

-+ = Accuracy Loss
Training Set 95.00% 0.21
Validation Set 96.53% 0.23

HAG RS ERlst] flsfl sh53l S71° WE Accuracy®} Loss®| ¥slg 1 ZE
giels Hoktt. [ 713 Zo] ak53l4 S71ol weh A¥er}t =oAL, training loss@t
validation®] loss7} BAl°] #4sto] 0.2 W2 $HRS 2Relstytt. webA 7003] epoch
M S53l5 710 W BARte] EAl= e AoE wasilnh mebA FE BE o]

[22 7] epoch® Accuracy & Loss Znt

( A
train loss — frain accuracy y - 10
— wal_accuracy
-9
-08 o
el
g =
o7 rd
0.6
T T T T T T T T - 0.5
o 100 200 3040 400 500 00 J00
epoch
g J
A7l

6) 71 FA|(weight regularization)o|2kT 510, YEY|T0] £413k=0] 2 7150 ke ¥ 8L
F7fsto] BARMS WAk WY &=
7) ARSI S olsto] s sH4SF ] Adululao] WslE Z=ialo] st Al




Y FIEE IEAEGE A8 FEHAE ALY 50 Bt A

AR wdo] L1, L2 FAIE 37181 epochs 3003] oJAte] 9] mdlg Hrjwqich

[C19 8] validation setol4] 12]9] AR 1682 & HPS HAES 235 Uehdch A
2 99 FA= e A B Y AR Y €], Real T Es YR AA|
=7FE UEhdth Predict Hdof| o5 &% =71 23E etk 134 HolF+= At
X2 gt sf7o] 34, D& S0l 13402 olF BF 100% FgsHA e =7t ERFdt=
AIE HojErt

B 4) validation set test ZAz} (2] 16%)

4 B St=2ollA U=3HA
3= SEGA) 3(100%) 0(0%)
4dE FHFH133) 0 13(100%)

[ 8] validation set image test Z1}

(mwnm Raalsjapan Predice:japan

#a.20% Realjapan Fradicijapan 1000 Real 'F.dk‘:pplli\

10€.00% FealiKersa P ©7.22% Realilapan Predictjapan
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DAY} nMRAS Bol AE ojXERT BES test set Bl XE HSOIU test
set OF5 I 5 o M= SR5HA] %= oJu|X|= o]& Ef BE9] HF HEEE SIS
o} HIAE oju|X]= 251 olu]A] 30, Y& 14 ] 1A 50712 & 807lleltt. BIAESH]
I3t batch sizew 322 AAst testdt 23}t F= 86.25%%H Tt ©l= training set,
validation set®th= @2 $X|o|X|qut Hgo| gl= ] A7l Adsks ARt 959 &
B3 Aol

(& b) test set Z5ZAN

Accuracy Loss
3 =
86.25% 25.74

2|E Aeld 2dloA 1-sample O|v|A|Z2 HAESE A3} 19 9]9F 2ol Y& 575 85%
o] SR YE sjHor ERolk= 2= YESt

[22! 9] 1-sample image test Zu}

Al Probability Result (0.85)

1o

H

Eregiczion Prababilby
H

I

BT 0 B0 BT B 120

2

71 0= S5IgolA T ST Y& siEEolA Sofis B ERIsH ] ¢
3 sh5IHY F7toll convolution Flo] $&%= feature map O|U[AIE AHHESICE [O19
101 1°* convolution layerof| A XH"*% 2% Aotk ™04 Hol= Hie} o] 39
oMol FA Edt). webA ZF S ARREE= o]A] BE fE4AAS Rolfle Aol &
T Qe AeE FHEY, 13 ol-gsto] gt ST Y HAHTES Eelok=
o7 dgHEch

>ﬁi )
mlo




Y FIEE IEAEGE A8 FEHAE ALY 50 Bt A

[J2 10] Convolution?| feature map FEZ1K1st SAMER)

4. Q2L vl FEatdel 7 @9

AR B T Lokl CNNE B8SH] SARel 3 g0l 5T el
FAT} ) ale] 7 ol theat dek 3, ABASE P
3@1— PPAA 2 5 Stk 43 AT Aol FEH: o], 2R 5 9] A1)
44 SOl of2iak Abelo] T4 ZE ABAo] YRFCHE 05 3 3]
g Zolth. A, Ut AR 7149] 4T BAo] stk Aol 2L
At 714 ol8ste] tixgskel Fokpg 273k oleist tixE Ha
ol M2e AR BEECHE. web FPAAE A

e
tlo r

>~—lNoﬁ.-‘r"“

¢

N
or
1z
n)
E
T

bt 10 of rr o 1o %2
2
112

)

2

b

o)

o

19 o

ol

1

fjo

fi

rd

U
o 4 9

%0,

2 dqs T g oY AR €8 71ee ARTHIAE 50 BeE Aol
5| 2] IEFHR1 ZHAIZF eFstal g - A7t Zso] Algt SedofolA Tt s Y

2 YFPEE BoliA Aok AS BHH0E CNNS ﬂﬁﬁ]"ﬂ‘:} = A
2 95l Ao &8st nEl2 VGGNet, ResNet, GoogleNet¥} #7| o|xEF dl 471X]

of

57



58

o, 7z BdERE 13} HAESH Ay} o|X BF Rde] Aot 7FY 2ot siATEY =
= AEshe Bdg AAsiqith ol AYEE wo|7] fIsl 71 E3l L1, L2 71A]
AE F7otal sh53leE S7HIA HE Bds 150190t AS 299 training ==
95%, validation HZT 96.53%, test FT= 86.25%F test F& = Tha Lot

2 A9 &8 7S that Erk WA £ A9F U] A EokelAY |
SF FoFE gl o] & fAlste] s 7EA Aol &8 4 U= AT HAIAE Y T

&S AASHAT. S Feof FRIFsH ez A HAY 513719 ofs 5k
AA7E 7hssl Aok Ajteks WHES A-8-ste] ShsfHollA ekt Y=9] s 4
k= ARl A7 7Fsd Aolth F HAIR CNNZ &85t siiehd ] 4% Al
Sk= 2EE AAIGE Aoldh 9] fB= THEske BEo] ofyzl, =4S AEse RdR
SS7EA Ao F 83t mopA o] CNNZ 83k Aojth. Al ¥R = 7]&2] CNN HHE
= Od2 H83t Zo] ofyz}, sy & A8 At CNN 2dZ A=ste] AQkek 4
ojct. siAY FH A Holl= 7122 CNN HHES] 0] A AU A8 Bl ¢

= At 7129 JidE CNN HHES I ARES 5= Q= Alo] ofyz}, H-&salA}l of
& ool o} Uik 72} uRolof B o 4 U,

2 A AP AA, s He YRR thar Atk Aotk wEkA o] o]y
ot BEO AFEE #0)7] foiAe vS B2 A= 283t & Ao ol=gt
Alte FESH] flsiA $E FEE HFE Fol4 FAHEE FAsI o o] WU
< HAZE Q7] Whizol] YUARE VIR FSoll T3 AlA HdS A&HoR Ad 3
7} Aot EAIE 2 Aie T4 AEstked St 429 s S R S
R 1 e ) A U s e R *—7#7P7P A&7t QU= Zo] oty 7] wiEol v, S, Aok &
% 5o F91% 0] FUL A PYRE asich ol 4 b ciare o
Aol izt YFHEE 5t oI5 SdlA TRt =39 & AT 4= Sl SAE T

rE Elol'

e

ot




BT FFEE FEFANFTE A8 FAAE AL 750 Bt A+

TGA, AFE. 2017 Hefd2 ol 8%t AAET R HE VI AARsSEAL, 44(11): 26-33.
&, HHE, HYs, F2H. 2017, Faster R-CNNE o83t sfoflAo] Aet

o
A9, AEW 2010, PHBAAY 7 W27 9 ARG FEAA B AAH AR

goldsts] statls] =24 45-45.

A, AES, F5A, 2020, YHBAAGE 018% W) Told B AT TEARE
xgiwlﬁl 25(3): 33-42.
ARV, el e, AT 2018, THFAAY 7S] nl3 9 S0 FeA Ad A2, A

113 :HL M&S %Xﬂo“ Aluy: 162-163.

SFE. 2020. 47 ASHTARONNY A T} Relu, AJAT 4302): 73-9.
S, ubgE. 2019, oK L AN VAL TeF AFNFY 7Iure] Ak BF P4

o gt At I=CDESS] =4, 24(3): 320-328.

el &9, ARk 2019, FARA Hie= HEld, 29, A=

A. Krizhevsky, 1. Sutskever, and G. E. Hinton. 2012. ImageNet classification with
deep convolutional neural networks. /n Proc. NIPS.

C. Szegedy, V. Vanhoucke, S. Ioffe, J. Shlens, and Z. Wojna. 2016. Rethinking the
inception architecture for computer vision. /n Proc. CVPR.

K. He, X. Zhang, S. Ren, and J. Sun. 2016. Deep residual learning for image
recognition. /n Proc. CVPR.

K. Simonyan and A. Zisserman. 2015. Very deep convolutional networks for
large-scale image recognition. /n Proc. ICLR.

Yann LeCun et al. 1989. Backpropagation Applied to Handwritten Zip Code
Recognition. Neural Computation(MIT), 1, pp. 541-551.

59



A Study on Expert System for Nationality Classification of

Coast Guard Ship using Convolution Neural Nnetwork

Jinyoung Park* - Junghwan Kim** - Hoseok Moon™**

— P ABSTRACT

This study is about an expert system for nationality classification of coast guard
ship in Korea or Japan using the convolution neural network (CNN). Dokdo Sea
area, which is experiencing territorial disputes with Japan, is a sea area where
military surveillance is weak, and the appearance of the Japan coast guard ships
is frequent, it is necessary to improve maritime surveillance. Currently, dispatched
with Dokdo workers, identifies coast guard ship by human or wireless communication.
This has the disadvantage of not being able to discern the nationality of coast
guard ship from a long distance, and the response is slow. Therefore, in this study,
to reinforce this, we applied CNN to the image information obtained from the
imaging equipment, and studied the construction of an expert system that identifies
coast guard ship belonging to the Korean coast guard and the Japan coast guard.
The proposed classification model was built based on CNN, and accuracy was 95%
for training and verification data and 86.25% for test data. Based on the results of
this study, if the performance of the model is further improved, it is expected that

a fast and accurate maritime surveillance will be possible in Dokdo Sea area.
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