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2.1.1. Margin method
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2.1.2. Kernel method

HgAow Bt hsatA 9ok webd naE Au e
of A sEe] T

rUl
M
L)
Ol
=L
)
do
Ol
2

Kernel methodi= ZIAS vlAE AAHL

(29 2-2]= AF 2HA &= ooln.[18]

AY
X
X X X Yy X
........ x X
X et . X , %
O _|O \
@) o »n L // 0\\X X
Ve
% Op|c© Voo %X X T
........ 00y X >
......... X \ S V4 >
X o/ X
X N o7OX
X X X4
z

2 HEErd A2 o2 F class vectore= A
FHoz FEHe= AS B F Ak gy x o Aoz W



flz)=a"p+ ﬁAO, B=Y oy, (2-8)
i=1
R N
= f(x) Zalyi< x,x; > + 0,

Aol Wael e BREe) de

Yi (2-9)
i=1

~ N ~

f@) =Yu, < hix), h(z;,) > +5, (2-10)
1=1

2 e 4 gt

Kernel $t=9] o2& 2] 2-11, 2-129F 2t}

d=} t}sk2 (14 <z >)! (2-11)
WALE 7] A (Radial basis) @ exp(—dll z—z" |2 (2-12)
ol Al FPE SVM HA 3t =142 2 2-137 2}
1 N
ming 55 I 81° + CX& (2-13)

do
>
Lo,
i
(i

=2

Qi
8



2.2. Random Forest

Random Forest= 72912 F53 A8 55 ol &sto] B 9 9
HEAUFS 51 AAE o8 AU A 2d258 7HS
FAEtel HE SU2E Adde= &7 W olth Random Foresto] %
< A B2 o4 Arss A 24

it

(bootstrap) 71W& AHg3tel Fd AR YL BH 4F 79 o4
AURE W57 BEe] ted Gl el gayel

Random Forestoll 4] margine 2] 2-149} o] A o]k},

margin(X,Y) = P(Y,=Y) — max, . yP(Y,= 2) (2-14)

71 v, 29 e g2RH AY 27706l st d=d
X9 Z#2olth margin #Fo] ATHE AL BEFH7)7 XE ¢ & o =T
7bsAd ol v Aoty #7F F#3 & 7% Random Forest®]

Arkst @ o] e (risk)S A 2-15%F Zo] FH I

—1 2
risk < p(lizs) (2-15)
s

2 2-159014 p= UHFE ARl ] b AadAleln s& U BR[|
o] ZX&(strength)E Yet=d 77 F

marging T U Abel o] FaAAATE AAAY FE7E Fol=w A
Whsl @ o] Al fe Fheth dRks S R{RE =

olo] FUWAE =T FANEE o8& F Uk

“10 - ;_'! el



2.3. 71A%s 2 AA AE

ol
i
N

-

o

7F Al 2=El 7

el
JJo

B

el
N

—

;O‘_
o
wmo
™
file)
%
v

Nl

N

&

()
=

!

ol e}

bt 718

°©

<9

AZE AATHI5].
PARE:

1

)
yal

%9
o4 417] 91

-

T

]
“

R
e

k9
T

H
=

T

5|
<

i

al7]

o
Ae7h Al=gle]

a3 s)

ol

ol

Ho

el A

| Al g8 "Task( 7)ol

I
o
e
el

Efe]
[GREN=S

3T

IF

T EH1I4].

ARE 7

i
297 #o

g 2ol

hyA

A3}
}<5 (Reinforcement Learning),

<
o

2 vE g UnlEL

i Fo

R R
boo

=]
R

]

7

]jo],

17

hud

Y

ol A 713
A

1

=
RETA
[}

kel

|

T S Wl wEkM At
o

A &= 8t (Supervised Learning), H] A% <5 (Unsupervised Learning)

o v, 59

=

=
N
A& g

are]

=49 A7 "BVt Bol

cH28]. 714

ok
=

zagmel 7

3

<=0
ti']—HL_

b

H]| ]

AFdel At

)=
RN

o

%ol 7

59)

A

-
s

Tor

JEA)
=

A

o)

ol

g el (State)oll A olH 32

,11,



7]

3}
or

]_

S

2=
Wl B (vector) &

o)
yal

Apst sh

=

=
A FE5"S 9%

v}
=

) 7HReward)

ul Y7}
2 X9 57 (feature)

-

s

o

=

w ol
X7} Folz

fsig
=

=
o
.

=

(Action)
ol #TH1][19].
A=

)

[e)
=

H

©
=

o]
H

Fol 2l

o)
Nm

o

=)

o

0

gt [11119]

=

==

& o

Mo

0
yl

FOH1[9].

8E 3

i
=

o] 3

=<

= uk

=

,12,

A E- o]



2.4. HOG

2.4.1. HOG(Histogram of Oriented Gradient)
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Zeth AR oA

= 00] A

Fol7h Qi FiolA

x

spaxo] ghol

2] 2-233F (11141,

GBS

(2-23)

i 1_]| '.-f;]I_ 0

2] <

,15,



oJu A A hel Hg e gre lelth A A%H<
g olgEl= AN A 2-245h 2rH1I[14].

fla+1) = fl)

o] Lo digh thE BHL A 2-25 2-267 Zom,

.

h—0
. flz+h)— flx—h)
lim 2h

o] ¢ o]t Hl= A 2-27, 2-28% Pt}

fl@) = flz—1)
(f(z+1) = flz—1))

(2-24)

(2-25)

(2-26)

(2-27)
(2-28)

22k e] elm Rl did| A= AW (partial derivatives)e AF-E3FH,

71 € 7] (gradient) = 2 2-29¢} 72t}

4

oxr 0y

(2-29)

=ae I fley)dl dsiA 7 2 Frkeke B HE o

,16,



1 0f/oy
tan 1( af/a:c) (2-30)

I A7 = A 2-313

¢@§f+@§f 2-31)

Qe oA HE WWe 718719 27F Foha, o] Aze] B
Aeg A gat
sel mFgsel WA fla+l) - flo) AL AT 2ALY

)

(Scaling) &4 2 A 1 F2AwaFe] filters 4 2-323 7t}
—1

[—101] and 0 (2-32)
1

o] filter & FAolA 42t 4 oA} +=H A AE F=rh Gl
A o X 7F A7) WEkskE A goll & ol filterE AMESke] WO
o2 2% (smoothing) A ElE & 4 AH11(14].

—_

[111] and [ ] (2-33)

ol % filter & -sAll A&ste] AFH filters A 2-349F Zu

[11[14].

- 17 - ] H ‘E 1_'_” ;-j.]l_ .T]'I



[

e
o O O
— =

} (2-34)

o] filter ¢ TSI o] £ JdAE AE3= Hwt filterEs oA A

=< 9% Prewitt filter 2tar gHoH[1][15],

1
0 (2-35)
1

p.o p7F @&l P9t PE AE&3to] @2 Gray level #iEol™, 1

71719 A7) A 2-36, 2-37, 2-38% o] d& F UTH1][20].

i+, (2-36)
=

maxlp,l; Ip,| (2-37)
E2
Il + Ip,| (2-38)

e T e R



ol o} FAFSE o #] = filter & 2 2-392] Robert filtere} 2] 2-409]
Sobel filter7} U TH20]. Sobel filter= Prewitt filtere} FAFSFA W A5
AL [121] FEE A3} ol 7F2d slaed ¢ B2 HFES T25

RE=UHLI7].

1 0 0 010
Robert filter [0 —1 0] -1 0 O} (2-39)
0 0 0 00O
-1 0 1] 1 2 1
Sobel filter [— 2 0 2} 0 0 0} (2-40)
-1 0 1/[—-1—2—1

ol¢l= e WHoE JAE HAEse WHE 22 =
= Zlolvh. ¥ 22k =3¢ & Laplaciano|2bal gt} o]= o}
g e} o] &% A Laplacian filter2 +& 2 4= ACH11[5].

F4E 2 2-419 Zo] Gaussian filter= =59 AHE|d & 1 AHE
2] 2-429} %ol Laplacian filter2 3] 4 €]
Gaussian) filter 2} gHoH[1][5].

et

8 AHs

i

O

}+= 2S5 LoG(Laplacian of

0 1 0] [0 —1 0]

Gaussian filter 1—-4 1| == [—1 4-1 (2-41)
0 1 0] | 0 —1 0]
1 1 1] [—2 1—2]

Laplacian filter 1-8 1| == 1 4 1 (2-42)
1 1 1] —2 1—2]

- ;‘“; ui 1_]| =



2.5. RGB 347

RGB A&7t Ae TVY BEYH & &85 3A7F ofd W& o] &3}
= gAg FHM ARESt= gXE AF kot dle] 304121 MM (R),
ZE5(Q), 3H4B)S 7|Eow WS E3ste AMS st 24H|E Y
BEU¥E e Aol Al 7FA] S 0l A 2657FA ] WM Foll sk 7FA] 5
A et Ao] ghsojzith, We] 3] ukyjo wmel ZF7; 0~255
A E=2AE AFESHe] FHAER, G, B2 xds [ 2-1]138 2] (0, 0,
0)2 24 (255,255,250)= 314 (255, 0, 0)= wW-7kAl - (0,255, 0) %
240, 0, 255)= wEkAoltl, rgla (100,100,100)7 o] A w A
Me] ghol e Y A= IS Uit

[ 2-1] RGB A4 %

T+ 2| R G B T 2| R G B | A%

= A 255 0 0 31 | 220 220 220

= Al 0 255 0 342 | 160 160 160

A A 0 255 343 | 100 100 100

Rk 0 0 0 3] A4 40 40 40

3 A 255 255 255 3] A5 | 210 200 195

= 255 255 0 346 | 150 140 155

Al ok 0 255 255 3] A7 | 100 80 95

oAl e | 255 0 255 3] A8 | 50 65 55

,20,
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ul

2.6. At F7 ¥

2.6.1. Ao FH

53

5 o [e) = O —
Ao, AR, T 5

27

QUG MY

Sulphur, Naphtha &

LPG, LNG

!,
oo
2

Combined Carrier

Ore/Bulk/Oil, Ore/Oil, Oil/Bulk &

Bulk Carrier

0

Ore, Coal, Grain, Cement, Log

General Cargo Carrier

[

Lumber %

Full Container Ship

Container ©]9] ¢ A3 &
Container

Pure Car Carrier

= - =
7E A 5

Mo o Y

Carrier

Multi Purpose Cargo

General Cargo/Bulk/Container

Reefer

¥ R ¥sst=

=AM, &, B4,

$uko] A Trawler, Stern Trawler,

HA G, A4, A, o PA=A, AJZAM
TFRESEA, GBS, AR ATFEL, A,

71% 714, Tug Boat, Supply Vessel, 2HA

,21,



2.6.2. A F7E 54

=5 S4e [F 2309 2k 3o AA AZe 540,

Bl Fr7kA] doldl g 30~300m7hA o]t o A 9

A A2

A A A 2

3 z @ o A
Azl 8 a4, 44
% 30~300m 1~50m

B | gy o
A 13 A

_22_




3. o729 HOG ¥ ¥ AR

2 =] APaAdE (29 3-103 2o 93 stEfEAE 8t

L &

QoA ouAZ dee k. dezed onxe HOGS A
Rz AgE

o
N

JH= SVMe] i

SVM,
o] & o A} 3 WA 54 &7 Rand
JROE I i L =78 W andom
A5 Graren || e 2| o s || Forest
o1 7 . SVM,
o H| A 54 7 Random
Ay A= eme :> (HOG A2 5) :> Forest,
* s A 74
(29 3-1] A8 aA
B oege duyEe [29 329 2
HOG
e

Rk 71 &7 EE 3 2E
N - e[ ]
= WEE AL a3 AL

N E R
= e = e = e
A )Zs]‘ ;g B

03 - A 2 ]



3.1. HOG Feature

HOG Featurex Cell 3| ~E2#E AAsta A3t Ao 2 e
.2 E=TdAE HOGE $1she] oln| A& 252x156 pixel= ¥ gh3}o]
todth, HOG Cell =7)o] uwla} SVMel AdAx gro] abr
o} % HOG Cell 275 2x2, 3x3, 4x4% AP o 2x22

o ojwjx o] Tt Srbel weEh HSFE RAM & @] #ot

=

i)

el
o
ofs

M+ mx o
%0

& 4= ¢lo] HOG Cell A7 8 3x3, 4x4, 6x6 A 7}A 2 BHa}o]

=

ot oot oot
to o o

>

B
HOG Feature®] 4= k2 [gll0l[ Cellsizelol™, HOG Feature® 2
7 [wllh ] 370 Vector® 3EAI= ™, gradient #3F W3 g,
HOG Cell Z7]¢] wa} wrapao)
g - gradient &t
6 W
Cell size © HOG Cell Z7]
w; + olm A o] Fo A Cell A
h; @ olm A& Folol A Cell A
b, © W 0~180°& 95 w(0°~19°, 20°~39°, 40°~59°---160° ~179°)

HOG Feature®] 23 z-& [wllhJb,]e] T8t= A4 [29 3-3]3
Zc}.

Cog ___:rx E _ki_ -I_-]i



[gl[0][ Cell size] [w,][h,1[0.]

Gy Gup Gy oo
Cen
.

(23 [T X (16N (I3[ (1) [ (T68)
“Gradient] Magnitutie (/T2 “Gradient Diretion(-SF)

W / e * -~ -
g 290 35 23 13 21 171
vag O X @ & 100 1200 140 160
19° 39° 59° 79° 99°  119°  139° 159° 179°
Histogram of Gradients
350
300 90
250
Gradient - 17!
B0 )
0 1] . . = : 1] ‘ ﬂ 1]
oo mws | wm s e e e

[1¥ 3-3] HOG Feature ¥4

o A 20 8




i, j 82 HOG Cell ol we} g@ebAal z g2 & 97/olt}. Cello]
3x3, 4x4, 6x6 4 W F Cell =+ [E 3-1]% 2ot

[ 3-1] HOG Cell ZL7]o]| W& Cell

T 1 J % CELL +
3 %3 252/3 = 84 156/3 = 52 84x52 = 4368
4 x 4 252/4 = 63 156/4 = 39 63x39 = 2457
6 x6 252/6 = 42 156/6 = 26 84x52 = 1092

- % - ! "H {l 1_'.” fe



3.2. HOGE 1% oA AR H=

HOGE 98 ®A olwx& ZeojxAldz Wehs sfofditt. o]

=

nAE adelaAYR WEd wf RGBS Hit g ol &ttt olnA

l

S o] AAYE WHEe = 7} o # AR FEXE &l 4709 filter 7k

< A&stlen, [29 3-4]9 2

ay

F % @

Prewitt
filter

Robert
filter

Sobel
filter

LoG
filter

[1¥ 3-4] Filtero] W& o= &3 ojux

b ! -1 "'
~ 97 - .':l'\-\."i e ] I [w])



colvA W M A

Fol weh T e Avtem TR 5 g Aolth wAAAR of
mA ol A A A A go] wow gte] obd A9t =2 Zlolth

3.3.1. 3|8 2 AN A&

A2 RGBAA R, G, B #o] &Lttt ey ojulx] oAl Algh
o] o Holx 3Mo] BFE R=G=B#} & 4 & Aoltt. = R, G, B
ol dF gz2dets oju x| uld 3| Mol Qtii= Zolth o]m|A]of A
IME AE3s7] 9all R, G, BY S AAGoF sl B =Roae
R>220, G>220, B>220 duj+= #1784, R<30, G<30, B<30 dul+= 24
o7 7+ g a I Ae |R-GIK20, |G-BI<20, IB-RI<200.2 A A
gt olmxJo| A I A gho] dwut; JA=7HE HESH] fAElA ZF oln
Ao 7k 4o A A s FI
olm|X|ol A A Al kS F3Hr] H% = Z=E [29 3-5]9
gy
int width ~ // o]v]x] 2] & T4 =7]
int heigt  // oW x| ¢] o] HA A7
for(i = 0; i<width; i++)
# white_pixel = 0 /D EE AEE
total_#_white_pixel = 0 /s A
for(G = 0; j<height; j++)
if R<30 and G<30 and B<30 // T Alo] 3 M

\1>\‘

total_#_white_pixel = #_gray_pixel

(19 3-5] v A e A4 g Fakr] A% fE ==

,28,



(28 3-61€ ollAelA S4 #a ge Fa] 9
o

ot
3>
k1
kU
[
o,

int width  // o]"| X 2] #% pixel 27|
int heigt  // oW #] 9] o] pixel 7]
for(i = 0; i<width; i++)

#_gray_pixel = 0  // 7} €& A1#& Hzx 3 g

total_#_gray_pixel = 0  // Zt €& A2 o Hx N F3F
for(G = 0; j<height; j++)

if R>220 and G>220 and B>220 // Aol AAANYA o

total_#_gray_pixel = # gray_pixel
VAT R ) B & S BT S e e
if R<30 and G<30 and B<30 // ZAlo] s uj
total_#_gray_pixel = # gray_pixel
J7AEA T R T RS B S 27}5};(] %=
if IR-GI<20 and |G-BI<20 and |IB-RI<20 // o Al o]
#_gray_pixel = #_gray_pixel + 1  // Z €9 Qéﬂ W =7t
total_#_gray_pixel = #_gray_pixel // 74 gl 3| g F3t

(

(213 3-6] oW A9 84 ghe a7 AP fw e

[ 3-7]= olv Aol M 33} A4 ghe HEF Aol

T # T % e

2
£
)
>,

- 29 - -u_,-‘_'.]i




3.3.2. AN 9 JN A&

A AE 2 A AEe AL fAbsth A RGBeIA] (255,

0, O)oltt. olm A A AAMS HEsH7] 9l R>150, G<90, B9 =

<2 [19 3-8]7 2t HA2 RGBoIA]

0, 0, 255)°]th, AMHEF H| =g Uyo g oA HME 71E35}

7] 9l& R<90, G<90, B>1500.2 W& AAstodon, [719 3-9]¢%
Fdn=

(150, 0, 90) (150, 90, 0) (0, 90, 150)

(79 3-8] Ao A wWel (1" 3-9] B A

f

(29 3-101& omAA A4 N e Telr] A% fE Hmeo]

o},

int width  // olv]A| 9] & A A7
int heigt  // ol"x]¢] Eo] Al =7]
for(i = 0; i<width; i++)
for(j = 0; j<height; j++)
if R>1500 and G<90 and B<90 /) 2ol A
# red_pixel = # red_pixel + 1 V/AREA R R

A
total_# red_pixel = # red_pixel // ZF 49 A pixel =3

[Z2¥ 3-10] olvxe] A4 ghe 387 A% 7= A=

- 30 - ! "H {l 1_'.” fe



(29 3-111€ olmAelx F4 4 e Fa7] 08 Fm Aol
.

int width  // olv]A| 9] & A A7
int heigt  // o7 ¢ Fo] A =7]
for(i = 0; i<width; i++)
for( = 0; j<height; j++)
if R<90 and G<90 and B>150 "
# _blue_pixel = # blue_pixel + 1  // ZF €2 A 3 F7}
total_# blue_pixel = # blue pixel // 2 49 HA A %3

(29 3-11] olmlAe] B4 kg o] A% 7% ==

2 A o o e 8l =

A o= i

dlo

[ 3-12] olmA ) A4 2 P4 Az

o 1

it

. im 2t



4. A% 2 27

SS SVMe| gEzE R ARE3tth. Qko A ArElel o] olmux] e of A
TE AHE dolul7] 9138l Sobel filter & 471¢] filter #ko]l A& T}
AT+ WEKA(Waikato Environment for Knowledge Analysis)
695 Ab&sith. WEKA 2 381 HAZEA] yUgkA vk SVM-2 36.9
W A7A T 2 Yo] w3 gr}t. a8l SVME A%5S vlwdlr] ¢35+

Naive Bayes Classification(t}e] B #jo]= £35%) J48, RandomForest &

w

DHEE 2ol AP, B AW JAVA Zzadw dojm S

At

4.1. A3 do]y

gt o)A olMAE dezEsE el e oA

£ GR% 5 e Aol e v A =IF B ofu A el =4}

- 32 - Sk ‘_]l
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4.2. 2437

B Aol golA Ausgzel YoM L= oln A A
=

=3k ojm A= 252x156 A7 ® 1Y 3 F A HE§

= T
sttt AE 374 CPU Intel(R) 64bit core(TM) 2 Quad CPU 2.5GHz
RAM 8GE At&stsivh 22 oM v=2=3 4800702 olv A=
ARGt e 2400709k Z1EE A 240070 ol vt o] M A& gk 3,000

A, 718 A 300070 5 & 600070 °l %S AMERE W= FHFE

RAM &) zto} 49€ o dadax 28 A& ob4A Az ar,

4.3. HI7IA &

TP+ TN
=z = = — —
8l & (Accuracy) = 5 pp TN FV “4-1)

g X i ui 1_]|



[ 4-1] =532 (Confusion Matrix)

o =
T
T A O
2 True Positive False Negative
- (TP) (FN)
A A
B False Positive True Negative
- (FP) (TN)
&4 & (recall rate, TPR, True Positive Rate) = T (4-2)
- ’ ’ TP+ FN
AA A& (FNR, False Negative Rate) = N (4-3)
- ’ TP+ FN
TP
Al 11 = -
4 2 & (Precision) TP+ 7P (4-4)
AA & E(FPR, False Positive Rate) = P (4-5)
’ FP+ TN
#F 24 E(TNR, True Negative Rate) = _IN (4-6)
won ’ TN+ FP
P
e — _
ol &1 & (Error rate) TP PPt TNT N (4-7)
o714 TP & ‘% FAow Az 2¥AH FnFAAE
02 dF3 A9, FN & A3l FA'o2 AAZ F&Ad +&o] ofdd
Aoz o3 49 FP & AR TH' o2 AAZE #3o] ofdd
oz oS3 49, TN & 'F FA'o=Z HAAZE 3ol ofdd
gto] ol FHoz oF3t F9-5 on|str
B =R A 4-12 AN E( TP+ TN/( TP+ FP+ TN+ FN), 2

,36,



ool

=
=

4-2 F FABES(1P/(TP+FN)), 2 4-4 AL (TP/(TP+FP))

el

o]

~

;OL
gl

—

<
B

Ton

!
as
o)
o

fvze)

Mo

o

0SS
B
gl

—

<

b5

av

[
ot o

J|

g A Tl

e

3|

T AR DolAE FAEE olol

(TP/TP+FNe©°l t &

= — [e]
5 3 SA8E

’

2

o
Gl

—

<

TioR

[ai3
=

AN (T7P/(TP+FP))%E 8

gk

-

o] ot

}7]

%
Nlo

ok

A

oH

I
7

|

!

b5

o]7] wEeltt.
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4.4. 2923

4.4.1. A & (Accuracy)

o
fr
>
e
o
_O‘lll
8
=

4.4.1.1. HOGWE 0] 83 ¢33 F Hr)

HOG®] Cell 4x4, BINZ 95 AF&3aL o|mA= F 240070, = &
o olm Al 1,2007H, 718k M olwAl 120070 & o] &3t AdS St
Ae Ay A Eo] 55.7~687%= HAWtH oz =% ¢rgktl. Random
Forest7} 4t 675% =2 7 =k J48¢] 66.4%, SVM- 59%, Naive
Bayest 57.9% o & A7l ygkom [19 4-3]3 2t}

mPrewitt filter ®Sobel filter »Robert filter ®LoG filter #3383
80

68.7
70 671 s 67

L]

60
3350-
) 40 -
30

20 -

10

Naive Baves Ja8 SVM Random Forest

[ 4-3] HOGHHE o] 83 filterd 23] %F A&



ARE =2 o LoHE AR FZo] AL o)
Bayes¢} Random Forest”} 3%

o= Jp &Sk J48e WAt 124 50x
SVMZ 33+ 20%2= 7V Alew [ 4-4]¢F 2o

uPrewitt filter ®Sobel mask ®Robert filter ®LoG filter =3
40

131, 13713128

Naive Baves J48 SVM Random Forest

[1¥ 4-4] HOGWHs o] &3t filterd &alels 48 AIZE

HOGYHS o]&3S v AHAEY 284S 133 S w Random
Forest7} 7 Adso] 3ttt SVM2 A& Al HAAA S A

2 7HE ®ol 285

rlo

5 A2



4.4.1.2. HOGS} M A< o] 43 &2 F A7}

HOGSF A& o] &3 APS tpefst wo= AAs T wA
HOG®| Cell 3x3, 4x4, 6x6 37IA& A& on, HOG® BINZ 9&
AR&3EA T HOGS] 2x2 Cell o|m] A1 7<=7F 30070, 60071 & ui+=
3ol Zhsstd oy 1,20000d vl FHFFE RAM &% Aoz A
= oA el A el A ALqAH Y =& ol x] Ji=E 3007H, 600
A, 120070 2 FEate] AAstlon, ojux|e] oA FX HHE do}
W= 4709] filter, Prewitt filter, Robert filter, Sobel filter, LoG filter=

217k Apgshsint.

st
rok

WA HOG Cell 3x3% Prewitt filterE o83 A3 A= [27
4-5]¢F A2 olwA] JHgTE St A A7) o] dare]lEe] Aol =
olxt}. 34Tk Naive Bayes®t Random Forest @@ 120071 ol A]
AalEo] tha ol A& SVM dagFolAl oA 1,20071 Y

u| 77.2%%2 7F =k}

530071 =60070 = 12007

90
20 L T2
70
60
30 7
40 1
30 7
& 20 -
10 -

Naive Bayes ‘ J48 SVM Random Forest

[2¥ 4-5] HOG Cell 3x3, Prewitt filter

HOG Cell 4x4%} Prewitt filterS o3+ A3 ZAx+s= [1¥ 4-6]3
2tk HOG Cell 3x39 wje} npzrpx] 2 oju|x]o] 7|47} &ofdol ulz}

o im 2t s



AalEol Eobxlth SVM &ag|FollA ofw A 120071 4 @l 76.3% =
A go] 7H =%kou HOG Cell 3x39 ) Hu+= AsjEo] 0.9% %
Skt

530070 =6007 =12007

20 5 q 74.976.3
70
Ao
50
= 40
%30 1
20
10
0
Naive Bayes J48 SVM Random Forest
¢ F

[72¥] 4-6] HOG Cell 3x3, Prewitt filter

HOG Cell 6x6% Prewitt filters ©o]-§3 23g Ay [29 4-7]9
2y o7& oW X9 JfFTE Folgel wE AelEe] oA
J48%} SVMe] A& &S HOG Cell 3x3, 4x4H = Axrp Aoz
vroro 1} Naive Bayes®t Random Forest®] Aal&S HOG Cell 3x3,
4x4°] A ERT O EA ysith J48 LaE el olwAl 1200 ¢
o A} Eol 745%= 7HF =Skt

60.862.261.5

Naive Bayes ‘ J438 I SVM Random Forest
d3F

[19 4-7] HOG Cell 6x6, Prewitt filter

o A 20 8



t}52 Robert filter 28 Z3tolt}, HOG Cell 3x3, Robert filter 2
S 4 7}

=
= [2Y 4-8]9F a1, Prewitt filter2} mFE7FA 2 ojulx| o] 7<=

7V F7bEel web Gl Eo]l otk SVM & are|Fel Al oln A 1,200
(<))
=

o) 771% = 7V E=9kal, Prewitt filter .t s E o] 0.1% k).

=30070 =6007F =120074

HOG Cell 4x4, Robert filterg ©]&3% A3d Ay+= [19 4-9]¢ 2
th, SVM & ag]Zol Al olmx] 12007 4 wj AHsjEo] 76.3%=E 7+

®3007] w6007 = 12007

Naijve Baves J48

SVM
dxdF

Random Forest

[28 4-9] HOG Cell 4x4, Robert filter

- n A2 ek



HOG Cell 6x6, Robert filterg ©]-&3st A3 Axp= [29 4-10]7 2
t}. Prewitt filtere} vF7FA| 2 J483% SVM-2 HOG Cell 3x3, 4x4X T}
= A3 oz ko Naive Bayes®t Random Forest: =7
uhstth, SVM &arg]Fol A olm A 1200 4 W gefEe] 73.8%= 7Hd
p=g

H

230071 =60071 = 120071

80
70
60 -
50 -
B 40 |
30 -
20 -
10 |

Naijve Baves J48 SVM Random Forest
G F

[29 4-10] HOG Cell 6x6, Robert filter

Al HAZ Sobel filter 23 ZA¥o]ty. HOG Cell 3x3, Sobel filter 2
AA4N= [29 4-111% 23, A& SVM dagFelA ojun A
=

1,20070 & W 77.2%= 7}

90
20
70
A6
50 1
40
30 1
o
10 -

Naijve Baves JA8 SVM Random Forest
G F

[Z29 4-11] HOG Cell 3x3, Sobel filter

5 A &) 8



HOG Cell 4x4, Sobel filter 2@ A= [19 4-12]¢F #a1, 4
SVM &ag] oA ojnx] 120078 <& wf 76.3%= 713 =koh

&

ol
rlo

230071 =60071 = 120071

Naijve Baves J48 SVM Random Forest
G F

[Z1¥ 4-12] HOG Cell 4x4, Sobel filter
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Abstract

Support Vector Machine< ©]-8gt
T8 U T A=

Cho, Chang Sung
Industrial Engineering
The Graduate School

Seoul National University

One could call the modern age an age of artificial intelligence. One such
example is automatic recognition of license plate numbers and faces through
installing camera. Even the military is replacing it decreaing number of
personnel by increasing its number of security cameras. Even the Navy is
installing fences with cameras for monitoring islands and the waters. If such
equipment are able to differentiate military ships from other objects that
come into contact it would significantly help security. Support Vector

Machine algorithms are used in order to detect military ships in imagery.

Footage can capture and save images real time. All that needs to be
done is determine whether the image is that of a military vessel. Objects
that could come into contact out at sea include merchant vessels, ocean
liners, fishing vessels, military ships and other floating objects. Accuracy of
the SVM test using Histogram of Oriented(HOG) based on edge distribution
information revealed that the highest percentage was only a relatively low

62.7%
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Most military ships have grey hulls. On the other hand, merchant
vessels, cruise ships and fishing vessels are usually painted white, red, blue
colors. That is why they have color information as well as HOG inputted in
their SVM. The results of accuracy and precision showed 77.2 and 80.6

percent differentiation rate but it takes much time of showing the results.

Maximum value of recall rate showed 81.9 percent of in Random Forest.

but precision of Random Forext showed 69.1 percent.

Security is crucial to the military. One mistake made during a security
patrol determined the success or failure of a mission of a mission on
numerous occasions. Security missions must always guarantee a 100 percent
success rate. However tests show only 77.2 and 81.9 percent with a long
way to go , a number that is simply unacceptable in SVM and Random
Forest algorithms. However, implementation of military ship detection system

could improve the success rate.

Key words : Navy ship, SVM, Support Vector Machine, HOG, detection,

machine learning
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Appendix A

Main.java

import java.awt.Color;

import java.awt.image.Bufferedimage;

import java.util.ArrayList;

import java.util.List:

public class Main {
static int[][] Zx = {{0, 1, O}, {1, -4, 1}, {0, 1, O}}: // LoG mask Lx
static int[][] Ly = {1, 1, 1}, {1, -8, 1}, {1, 1, 1} // LoG mask Ly
static int[][] Lx = {{-1, 72 -1}, {0, 0, O}, {1, 2, 1}}: // Sobel mask Lx
static int[][] Ly = {{1, -1}, {2, 0, -2}, {1, 0, -1}} // Sobel mask Lx
static int[][] Lx = {{1, 0, 0}, {0, -1, 0}, {0, O, O}: //  Robert mask Lx
static int[][] Ly = {{0, -1, 0}, {1, 0, 0}, {0, O, O} //  Robert mask Ly
static int[][] Lx = {{-1, -1, ,1} {O O. 0}, {1, 1, 1}h // Prewitt mask Lx
static int[][] Ly = {{-1, 0, 1}, { 0, 1}, {-1, 0, 1} // Prewitt mask Ly

static int[][] getMatrix(Bufferedimage img) {

int w = img.getWidth(); // ©|0]x|] = =7] F
int h = img.getHeight(); // ©J0]A] ‘=o] F7] ZF

int[][] mat = new int{w][h]; // w. h % 4 mat <&

for (int i = 0; i < w; i++) {
for (int j = 0; j < h; j++) {

Color © = new Color(img.getRGB(i, j)); // c= i,j¥#)e] RGBQ] 3t
int v = (c.getRed() + c. getGreen() + c.getBlue()) / 3; // v= RGBe] "4 %
mat[i][j] = v: // mat 8IG : i, j¥IA RGBS Hite 247 A%

}

return mat;

}

static 1nt[][] getGradient(int[][] input, int[][] filter){

int w = input.length;

int h = input[0].length;

int[][] output = new int[w][h];

for (int i = 1; 1 < w-1; i++) {

for(mtJ—l j < h-1; j++) {
int v = filter[0][0] * input[i-1][j-1] + filter[O][1] * input[i-1][j] + filter[0][2] * input[i-1][j+1]
+ filter[1][0] * input[i][j-1] + filter[1][1] * input[i][j] + filter[1][2] * input[i][j+1]

+ filter[2][0] * input[i+1][j-1] + filter[2][1] * input[i+1][j] + filter[2][2] *input[i+1][j+1];

outputl[i][j] = v:
}

return output;

}

static int[][] getMagnitude(int[][] ix, int[][] iy){
int w = ix.length;
int h = ix[0].length:
int[][] output = new int[w][h]:

for (int i = 1; 1 < w-1; i++) {
for(intJ:I j < h-1; j++) {
int v = (int) Math.sqgrf((double)(ix[i][j] = ix[i][j] + iy[i]li] = iy[i][i]):
output[i][j] = v;

return output;
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static int[][] getTheta(int[][] ix, int[][] iy){

int w = ix.length;

int h = ix[0].length;

int[][] output = new int[w][h]:

output[i][j]
for (int i = 1; 1 < w-1: i++) {
for (int j = 1; j < h-1: j++) {

double radian = Math.atan(iy[il[j] / (ix[i][j]] == 0 ? 0.001 : (double) ix[i][j])):
= (int) Math.toDegrees(radian);

}

return output;

static double[][][] createHistograms(int[][] g, int[][] theta, int cellsize) {
int w = g.length;
int h = g[0].length:
int nWCell = w / cellsize:
int nHCell = h / cellsize;
int nBin = 9;

double[][][] histograms = new double[nWCell][nHCell][nBin]:
for (int wCellldx = 0; wCellldx < nWCell; wCellldx++) {
for (int hCellldx = 0: hCellldx < nHCell: hCellldx++) {
for (int i=0: i<cellsize: i++) {
for (int j=0; j<cellsize; j++) {
int x = cellsize * wCellldx + i;
int y = cellsize * hCellldx + j;

int bin = (theta[x][y] + 90) / (180 / nBin):
histograms[wCellldx|[hCellldx][bin] += g[x][y]:

}

return histograms;

4

static void globalNormalization(double[][][] histograms) {
double maxv = 0.001;
for (int i=0; i<histograms.length; i++) {
for (int j=0; j<histogramsli].length; j++) {
for (int z=0; z<histogramsli][j].length; z++) {
double v = histogramsl[i][j][z]:
maxv = Math.max(v, maxv);

}

double normalizationRate = 1.0 / maxv;
for (int i=0: i<histograms.length; i++)
for (int j=0: j<histogramsl|i].length; j++)
for (int z=0; z<histogramsli][j].length; z++)
histograms|i][j][z] *= normalizationRate;
return;

static double[] num_column_Gray_Value(Bufferedlmage img){
int w = img.getWidth(); // ©|0]x] = =7] g
int h = img.getHeight(); // ©]0]x] ‘=o] 27| g
int[][] eachRed = new int[w][h];
int[][] eachGreen = new int[w]h]:
int[][] eachBlue = new int[w][h]:
i | r_g = new int[w][h];
| g_b = new int{w][h];
] b_r = new int[w][h]
double[] column_gray_Value = new double[w]:

5
o

for (int i=0; i<w: i++){
int column_Gray_Value = 0;
int update_column_Gray_Value = 0
for (int j=0; j<h; j++){
Color ¢ = new Color(img.getRGB(i, j));
eachRedli][j]=c.getRed():
eachGreenli][j]=c.getGreen():

=5 “' -
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eachBlueli][j]=c.getBlue();

r_glilli] = Math.abs(eachRed|i][j]-eachGreen[i][j]);

g_bli]li] = Math.abs{eachGreenl|i][j]-eachBlue[i][j]):
b_r[i][j] = Math.abs(eachBlueli][j]-eachRed[i][j]):

if(eachRed[i][j]<30 && eachGreenli][j]<30 && eachBlue[i][j]<30 ){
update_column_Gray_Value = column_Gray_Value;

telse if(eachRed[i][j]>220 && eachGreen[1][1]>220 && eachBlueli][j]>220 )}

update_column_Gray_Value = column_Gray_Value;
lelse 1f(r glillj1<20 && g_blil[j]<20 && b_rli][j]l<20 )}
column_Gray_Value = column_Gray_Value + 1 ;
update_column_Gray_Value = column_Gray_Value;
Jelse update_column_Gray_Value = column_Gray_Value:
} column_gray_Value[i] = update_column_Gray_Value:

} return column_gray_Value;

static double[] num_column_White_ Value(BufferedImage img){
int w = img.getWidth(); // °ol0]x] % =7] 3t
int h = img.getHeight(); // ©]0]A| L=0] A7) 3k 7r
int[][] eachRed = new int[w][h];
int[][] eachGreen = new int[w]h]:
int[][] eachBlue = new int[w][h]:
double[] column_White_Value = new double[w]:

for (int i=0: i<w; i++){
int White_Value = 0;
int update_column_White_Value = 0 ;
for (int j=0: j<h: j++){
Color ¢ = new Color(img.getRGB(i, j));
eachRedli][j]=c.getRed();
eachGreenli][j]=c.getGreen();
eachBlueli][j]=c.getBlue():
if(eachRed|i][j]>220 && eachGreen[ll[J]>220 && eachBlueli][j]>220){
White_Value = White_Value + 1 ;
update_column_White_Value = Whlte_Value

} column_White_Value[i] = update_column_White_Value:

return column_White_Value;

static double[] num_column_Blue_ Value(BufferedImage img){
int w = img. getWidth(); // o|o|x] = =7] 3
int h = img.getHeight(); // ©]0]#]| iO] 7] 3k
int[][] eachRed = new int[w][h];
int[][] eachGreen = new int[w]h]:
int[][] eachBlue = new int[w][h];
double[] column_Blue_Value = new double[w];

for (int i=0; i<w: i++){
int Blue_Value = 0;
int update_column_Blue_Value = 0 ;
for (int j=0; j<h; j++){
Color ¢ = new Color(img.getRGB(i, j)):
eachRed[i][j]=c.getRed():
eachGreenli|[j]=c.getGreen():
eachBlueli][j|=c.getBlue():
if(eachRed[i][j]<90 && eachGreen[1][1]<90 && eachBlueli][j]>150 )}
Blue_Value = Blue_Value + 1 ;
update_column_Blue_ Value = Blue_Value;

} column_Blue_Value[i] = update_column_Blue_Value;

return column_Blue_Value;
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static double[] num_column_Red_ Value(BufferedImage img){
int w = img.getWidth(); ~// °o|0]x] % =7] 3f
int h = img.getHeight(); // ©]0]A| L=0] A7) 3k 7r
int[][] eachRed = new int[w][h];
int[][] eachGreen = new int[w]h]:
int[][] eachBlue = new int[w][h]:
double[] column_Red_Value = new double[w];

for (int i=0: i<w; i++){
int Red_Value = 0;
int update_column_Red_Value = 0 ;
for (int j=0: j<h: j++){
Color ¢ = new Color(img.getRGB(i, j)):
eachRedli][j]=c.getRed();
eachGreenli][j]=c.getGreen();
eachBlueli][j]=c.getBlue():
if(eachRed[i][j]> 150 && eachGreen[1][;]<90 && eachBlueli][j]<90 )
Red_Value = Red_Value + 1 ;
update_column_Red_Value = Red_Value;

} column_Red_Valueli] = update_column_Red_Value;

return column_Red_Value;

static double[] processimage(Bufferedimage orilmage) {
int[][] mat = getMatrix(orilmage);
int[][] sobelx = getGradient{mat, Lx): // i_x ogag
int[][] sobely = getGradient{mat, Ly). // i_y si=
int[][] g = getMagnitude(sobelx, sobely): // G 6“‘”-5 oy
int[][] theta = getTheta(sobelx, sobely); // theta siZ F=
double[][][] hog = createHistograms(g, theta, 6); // hog T]x ZF
globalNormalization(hog); // hog ©f tjsl global normalization %%‘

double[] column_gray_Value = num_column_Gray_Valuelorilmage): // & Gray %t ¥ &
double[] column_white_Value = num_column_White_ Valuelorilmage): // % white 3f g =&
double[] column_red_Value = num_column_Red_Valuelorilmage): // & Red 3f Wi F&
double[] column_blue_Value = num_column_Blue_Valuelorilmage); // & Blue 3L ¥ =&

List<Double> featlist = new ArrayList<Double>():
for (int i=0: i< hog.length: i++)
for (int j=0: j<hogli].length; j++)
for (int k=0: k<hogl[i][j].length: k++)
featList.add(hog[i][j][k]):

for (int i=0; i< column_gray_Value.length; i++)
featList.add(column_gray_Value[i]);

for (int i=0: i< column_white_Value.length: i++)
featList.add(column_white_Valueli]);

for (int i=0: i< column_blue_Value.length: i++)
featList.add(column_blue_Value[i]);

for (int i=0: i< column_red_Value.length: i++)
featList.add(column_red_Valueli]);

double[] featVec = new double[featList.size()]:
for (int i=0; i<featlList.size(); i++)

featVec[i] = featList.get(i):
return featVec;
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Appendix B
MycClassifier.java

import java.awt.image.Bufferedlmage:
import java.io.BufferedWriter;

import java.io.File;

import java.io.FileOutputStream;

import java.io.FileWriter;

import java.io.lOException;

import java.io.ObjectOutputStream:
import java.util.ArrayList;

import java.util.List;

import javax.imageio.ImagelO;

import weka.classifiers.Classifier;

import weka.classifiers.Evaluation;
import weka.classifiers.bayes.NaiveBayes;
import weka.classifiers.functions.Logistic;
import weka.classifiers.functions.LibSVM;
import weka.classifiers.trees.J48;

import weka.classifiers.trees.RandomForest;
import weka.core. Attribute;

import weka.core.FastVector;

import weka.core.Instance;

import weka.core.Instances;

import weka.core.converters.ConverterUtils.DataSource;
import java.util.Calendar;

public class MyClassifier {

static void toCSV(List<double[]> X, List<Boolean> y, String csvpath) throws IOException {
int nAtts = X.get(0).length:
BufferedWriter fw = new BufferedWriter(new FileWriter(csvpath)):
StringBuilder sb = new StringBuilder():

for (int i = 0; i < nAtts; i++)
sb.append('f" + 1 + ""):

sb.append("theClass\n"):

fw.write(sb.toString()):

for (int idx = 0; idx < X.size(); idx++) {
double[] x = X.get(idx);
sb = new StringBuilder();
for (int i = 0; i < nAtts; i++)
sb.append(x[i] + ""):
sb.append((y.get(idx) ? "pos" : "neg") + "\n"):
y fw.write(sb.toString());

fw.flush():
fw.close();

static Instances tolnstances(List<double[]> X, List<Boolean> y) {
// Declare two numeric attributes
int nAtts = X.get(0).length:
List<Attribute> attList = new ArrayList<Attribute>():
for (int i = 0: i < nAtts; i++)
attList.add(new Attribute("f" + i));

// Declare the class attribute along with its values
FastVector fvClassVal = new FastVector(2):
fvClassVal.addElement('pos"):
fvClassVal.addElement('neg"):

Attribute classAtt = new Attribute("theClass", fvClassVal);

// Declare the feature vector

FastVector fvWekaAttributes = new FastVector(nAtts + 1):

for (Attribute att : attList)
fvWekaAttributes.addElement(att);

fvWekaAttributes.addElement(classAtt);
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// Create an empty dataset

Instances instances = new Instances("Relation”, fvWekaAttributes, X.size()):
// Set class index

instances.setClassIindex(nAtts):

for (int idx = 0; idx < X.size(); idx++) {
double[] x = X.get(idx);
// Create the instance
Instance inst = new Instance(nAtts + 1);

for (int i = 0; i < x.length: i++)

inst.setValue((Attribute) fvWekaAttributes.elementAt(i), x[i]);
inst.setValue((Attribute) fvWekaAttributes.elementAt(nAtts), y.get(idx) ? "pos" : "neg"):
// add the instance
instances.add(inst):

}

return instances;

4

static void listFiles(File dir, List<File> files) {
for (File file : dir.listFiles()) {
if (file.isDirectory())
IstFiles(file, files);
else
files.add(file);

}

static Instances tolnstances(String posDirPath, String negDirPath, String csvpath) throws Exception {
List<File> posFiles = new ArrayList<File>();
listFilestnew File(posDirPath), posFiles):

List<File> negFiles = new ArrayList<File>():
listFilesinew File(negDirPath), negFiles):

System. out.printin(posFiles.size() + " pos,

+ negFiles.size() + " negs."):
List<double[]> X = new ArrayList<double[]>():
List<Boolean> y = new ArrayList<Boolean>():

for (File f : posFiles) {
Bufferedlmage img = ImagelO.readf);
double[] featVec = Main.processimage(img);
X.add(featVec):

y y.add(true):

for (File f : negFiles) {
Bufferedlmage img = ImagelO.readf);
double[] featVec = Main.processimage(img);
X.add(featVec):
y.add(false):

System. out.println("extract hog features."):

Instances dataset = null;
if (csvpath == null) {
dataset = tolnstances(X, y):
} else {
toCSUX, y, csvpath):
System. out.printin("save instances to csv file.");

DataSource source = new DataSource(csvpath);

dataset = source.getDataSet():

if (dataset.classIndex() == -1)
dataset.setClassIndex(dataset.numAttributes() - 1):

}

System.out.println("changed to weka instances.");
return dataset;

}

public String formatTime(long [Time){
Calendar ¢ = Calendar.get/nstance();
c.setTimelnMillis(ITime);
return(c.get(Calendar. HOUR_OF_DAY)+"A]" +
c.get(Calendar. MINUTE)+"2"+c .get(Calendar. SECOND)+"."+ c.get(Calendar. MILLISECOND)+"%").
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public static void main(String[] args) throws Exception {
long startTime = System.currentTimeMillis);
String trPosDirPath = "C /Users/Sung_Young/Desktop/data/600.training_set_MS";
String trNegDirPath = "C:/Users/Sung_ Young/Desktop/data/GOO training_set_ETC";
String trCSVPath = "resources/csv/training.csv';

Instances trainingSet = tolnstances(trPosDirPath, trNegDirPath, trCSVPath);
String tePosDirPath = "C:/Users/Sung_Young/Desktop/data/600.test_set_MS";

String teNegDirPath = "C:/Users/Sung_Young/Desktop/data/600.test_set_ETC";
String teCSVPath = "resources/csv/test.csv";

Instances testSet = tolnstances(tePosDirPath, teNegDirPath, teCSVPath):

Create a classifier

Classifier clf = new NaiveBayes();
Classifier clf = new J48();

Classifier clf = new LibSVM():
Classifier clf = new RandomForest();
Classifier clf = new Logistic();

Q

clf .buildClassifier(trainingSet);

// serialize model
String modelpath = "resources/models/NaiveBayes.model";
ObjectOutputStream oos = new ObjectOutputStream(new FileOutputStream(modelpath));

oos.writeObject(clf);
00s.flush():
00s.close():

System. out.printin();
Classifier savedClf = (Classifier) weka.core.SerializationHelper.readimodelpath);
System. out.printin("load saved model from " + modelpath);

Evaluation evalCls = new Evaluation(testSet):
evalCls.evaluateModel(savedClf, testSet):

double[][] confusionMat = evalCls.confusionMatrix():
double TPR = confusionMat[0][0] / (confusionMat[0][0]+confusionMat[0][1]);
double Precision = confusionMat[0][0] / (confusionMat[0][0]+confusionMat[1][0]):
double TNR = confusmnMat[l][l] / (confusmnMat[1][O]+confu31onMat[1][ 1):
System. out.printIn("TP : " + confusionMat[0][0] + " " + "FN : " + confusionMat[
System. out.printIn("FP : " + confusionMat[1][0] + " " + "TN : " + confusionMat[
System. outprmtlng"ﬁ%,q-x S _Recall(TP/(TP+FN)) : " + TPR +"(23r2 t&rolat1 st

g
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System. out.printin("Z& _Recall(TP/(TP+FN)) : " + TNR +"(#*gto] opd 7S +§to] ofyzta sk 7
System. out.println(evalCls.toSummaryString());

long endTime = System.currentTimeMillis):

System. out.printin("## A|ZFA]7F : " + new MyClassifier().formatTime(startTime));
System.out.printin("## &= A|7F : " + new MyClassifier().formatTime(endTime)):

float a = (endTime - startTime) / 1000.0f;
int fS = (int) a;

int H;

int M;

int fM

int S

1f(fS<60){

gunl

Loutprintin(## AQAIZE : "+ H o+ A"+ M+ B+ S+ "E);
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=9

by

ND —
oo

TWB ST

lelse i

O/

wnwn

<
=@ n o
[0
~
D
o

fS -60*M:;
em.outprintin("## AQA|Zt "+ H+ "AI"+ M + "&" + S +"X"):
S>=3600){

S / 3600:

fS - 3600xH:
>=60){
M =M / 60 ;
S =M - 60*M ;
System.out.printin("## AQA|ZF "+ H + "A]" + M + "&" + S + "x");
Jelse if(fh%<60){

M =0
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S = fM;

System.out.printin("## AQA1ZF "+ H+ "A" + M + "&" +

S +

"

S

"
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