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Abstract

Deep-sea fishery in the Antarctic Ocean has been actively progressed by the developed countries including
Korea. In order to prevent the environmental destruction of the Antarctic Ocean, related countries have
established the Commission for the Conservation of Antarctic Marine Living Resources (CCAMLR) and
have monitored any illegal unreported or unregulated fishing. Fishing of tooth fish, an expensive fish, in the
Antarctic Ocean has increased recently and high catches per unit effort (CPUE) of fishing boats, which is
suspicious for an illegal activity, have been frequently reported. The data of CPUEs in a fishing area of the
Antarctic Ocean often show an extreme Distribution or a mixture of two extreme distributions. This paper
proposes an algorithm to detect an outlier of CPUEs by using the mixture of two extreme distributions.
The parameters of the mixture distribution are estimated by the EM algorithm. Log likelihood value and
posterior probabilities are used to detect an outlier. Experiments show that the proposed algorithm to detect

outlier of the data can be adopted instead of simple criteria such as a CPUE is greater than 1.
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3 FAEAY R =2 93] (Commission for the Conservation of Antarctic Marine Living Resources;
CCAMLR) S w1l E= s ol tieh HEat o] & i B A A7, Blxd 24 59 dFs
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A3AY 29 2AToIAS B 2Yolng D),

CCAMLRE 3t w7} o= oA & W 28-S Yo Y3t A4S tha3} 22 CPUE(catch per
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Figure 1.1. Partitioned fishing areas in Antarctic Ocean.

Figure 1.2. CPUE distribution of the fishing area 881 from 2008 to 2013.

Figure 1.3. CPUE distribution of the fishing area 486E from 2008 to 2013.
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CPUE dolel7t 23 22 3ejQ 49 $5¢) 2o s39s o85S 2L 248 $A% w3
<= 483717 dA] otk

# =22 Figure 1.33} Zo] Ho|H7} & Fx FEid BF o3 282 AT &A1 e o
Tt} stk 2-oAE dlolEe] A3 £3 By RYPYS FAH T 21 /M5 E34(likelihood
function) Ut ALF2HES o] &3 o] 4 B daEES AGTh 3-AM = o] SuEe TS A
Foll Agste] o] B s AJnt 4ZoM= 2 FFaA el tiEt Alke drt

o]/FA gAolgt HA| dlolE] FollA thFEEe thE dlolE e o] EYXH AV AeHA thE Hle]
HE e A gushetl (Lee, 2011; Kang 5, 2007), £/442] ghEo] 4nbA 3} A4ds] Aol 7t
2 kS 714 |} &4 (deviation, detection)BFal dH7)% 311, o9l @ o2 UERITIE oJu|olA] &g
7 w}o]d (exception mining)o]g} L2 7|% 3t} (Yong 5, 2007). Wo] o] &5+ 7hedhst W2 o]
E] 7t9] k-917 o] 7 e](k-nearest neighbor distance)& ZA|4Fste] A7} AA3] £ d|o]E= oA+
dow 73t} (Kim 5, 2010). o]¥tolx dol8 ] dxu #7E& Yot o33 g s7l= ot
1 A ZEHE 7] A (support vector machine)E ©]®3}7]% 3t} (Seo2t Yoon, 2011). &A%k o] &3}
upe A Ael AEe o] &3 Aoy EAR Talo] 273wy o] ot}

Aitkin?} Wilson (1980)-2 &3 B EE 23S o83k o] 3 &4 S AASHITE o] Y2

2

OEE theT 2e ¥ BEREY EF

~
—
8
N
Il
—
=
|
>
N
=
—
8
<
+
>
=8
—~
8
=
[en)
AN
>
A
u}—‘
—
)
=
=

71A fa(z)€ 737 tlolHE 9n]sh: %
HoleEe FEREZAN F5EE(uniform distribution)

o 2

oL
:LJ
S M
. MM
1o
Lo
rlo
oftt
ox,
o
s
i
Ae
b
i
_}I_J
ol
ok
&
P
&

Hofom o

3
2 W399 ol®17] CPUE Holel: fu(@)% fi(s) BF 040 $E Fej2n £F T8
Yo ol8e o4 BAL okl 488 AeF Gtk B Pl thew ge v BRe HEE
3 2go o4y RS A73IT.
1) o}o]&E(Weibull) 2. a: A (shape) 24, f: F = (scale) &4
a—1
afx _(g)“
= = e \P) . x>0,
flz)=4 B (5)
0, z <0

2) A4t (Normal) #3

-
—
8
N
|
N
q
|

1 a—1 —%
T e B
)= Moy
4) 23+ (Log-Normal) 2. p: 3FZI(meanlog), o: ZFHAIZE I (sdlog)
1 (Inz—p)2
f(z) = e 207



850 Jung Jin Lee, Jae Kyoung Kim

=5 FEEE BYoIN FoZ BE HolH 21,22, zn ol HIR TheEdE v 2

kv

fl@i, o, ) H{l— )fa(@i) + Afo(wi)} - (2.2)

A3 olsh L B HBREI ASEFII A HE R4S F

7]
Aohe 22 g ey % Fste] YA ofh. SHAIE o)A A et 2% FEEY
E] z 5 ~

ERER
B HlolEt 9% BEol 48 49 e B4 B33 4ol A9 gk AT 4 ok 88
RE fu(0)9) fola)E B2E dolE AHE 27 A% BR B o Al Sk dloly 48 7
7 g, e S 919] AL Thet 2ol 2AE] EAS 5 Ytk

°] A% 2L 7R vt 2k

In f(z1,22,...,2n) = naIn(1 — X\) + Zlnfa i)+ npln X+ Zlnfb(mi). (2.4)
;€A z,€B
B eRolA] WeisHe U 7 BEgsol BT 1670 £F HERE 29 21 AsEgs B2
o3 2t

1) fa(z): Weibull, fy(z): Weibull

O\ 91
neln(l —A) +nelnag + (a1 — 1) Z Inz; —nga1In By — Z <&>

z;€A ;€A B

O\ @2
+npln A+ nplnas + (a2 — 1) Z Inz; — npazIn By — Z (&) .

z,€EB z;,EB 52

2) fa(z): Weibull, fy(x): Normal

neln(l —A) +nelna+ (a—1) Z Inz; —nealnfB — Z <&>

;€A ;€A ﬂ
+npln X — ( )1n27r—nblna— L Z(mi—u)2.
2 202 iy
3) fa(x): Weibull, fy(x): Gamma

ngIn(l—A) +nelnas + (a1 — 1) Zlnxi—naoqlnﬂl— <x1>
Tz, €A ;€A

,_\

+npIn A —np In(T(az)) — np In(B2?) + (a2 — 1) Z In(z;) — Z (%) .

z;,€EB z,€EB

4) fo(z): Weibull, fy(z): LogNormal

neIn(l —A) +nslna+ (a—1) Z Inz; — nealnf — Z <&>

z;,EA z;EA ﬁ
Inz; — 2
+npln\ — Z In(z;) — (%) In27 —npylno — ZzieB (202 H .

z;€B



6) fa(x):

10) fa(x):

11) fo(z):

A Study odf Outlier Detection

: Normal, fi(z): Weibull

N ln(1 — X) — (%) In 27 — nglno — (%) S (i — )

z; €A

+nplnA+nplna+ (a—1) Z Inz;, — npalnfB — Z (ﬁ) c.

z,€EB x,;€EB ’8

Normal, f3(z): Normal

naIn(1 — \) — (%) In27 — nglnoy — (%) 3 (@i —m)?

20
1 z;EA

+npln — (%) In27 —nplnos — (é) Z (x5 *H2)2-

x,€EB

: Normal, fp(z): Gamma

naIn(l — \) — (%") In27 — nglno — (Ti?) 3 (@i w)?

T €A
+npln A —ny In(C()) — np In(B*) + (. — 1) z In(z;) — Z (%) .
z,€B z;€B
: Normal, fp(z): LogNormal
neIn(l — ) — (%) In27 —nglnoy — (#) z; (25 — p1)?
e en (N — p2)?

+npyln\ — Z In(z;) — (%) In27 —nplnos —

z;,€EB

: Gamma, fp(z): Weibull

nan(l = A) = na In(D(a1)) = na m(B°1) + (a1 = 1) 3 ) — 3 <£>

zEA zeA P

+npln A+ nplnas + (a2 — 1) Z Inz; — npasIn B — Z (%) .

z;€EB z;€B 52
Gamma, fp(z): Normal
na (1 = A) = na In(0(@)) = na (%) + (@ —1) 3 In(z) = 3 (fi)
T, €EA T, EA ﬂ
Ny 1 L 2
+nb1n)\—(7)ln27r—nblna—<?) ZG:B(L w)°.

Gamma, fp(z): Gamma

ngIn(l —A) — ng In(T(a1)) — ne In(B1*Y) + (a1 — 1) Z In(xz;) — Z <ﬁ)

z,€A z;€A P

+noIn A = In(T(az)) — o In(B2°2) + (a2 — 1) 3 In(ai) = 3 (‘L>

x;EB z;EB 52

851



852 Jung Jin Lee, Jae Kyoung Kim

12) fa(z): Gamma, fi(x): LogNormal
ngIn(1 —A) — ne In(T'(@)) — na In(B%) + (. — 1) Z In(z;) — Z <%)
z;€EA z;EA

Yep (nzi — p)?
202 ’

+nyln\ — Z In(z;) — (%) In27r —npylno —

z;,€EB
13) fa(z): LogNormal, fy(x): Weibull

Sapea (i — )’

oIn(1 — X z—( *) n2r — nq
ng In( Zlnm In27 —nglno — 957
;€A
::L‘~ «@
+npyInA+npylna+ (o —1 Inz; — npaln g — (i>
b b ( )x;g b x;g 8

14) fa(z): LogNormal, fi(x): Normal

Y e ea (Inmi — )

neln(l —\) — Z In(z;) — (%) In27 —nglnoy —

2
z;€EA 201
1 2
+npln ) — ( 5 ) In27 —nplnos — (ﬁ) Z (zi — p2)”.
xz, EB
15) fa(z): LogNormal, fp(z): Gamma
2
Na 2aea (In2i —p)
ngln(l —X) — z In(z;) — (7) In27 —nglno — 557
;€A
+npIn X — np In(T'(a)) — np In(BY) + (a — 1) Z In(z;) — Z (&) .
x;EB z,EB 6
16) fa(z): LogNormal, f3(z): LogNormal
>asea (nzi — )’
ng In(1 — Z In(z;) ( )1n27r nelno; — P
z; €A
Inz; — p2)?
+npln )\ — Z In(z;) — (n—) In27 —nplnos — ZziEB( 5 H2) .
2 202
z;,€EB
0|9} e B FUEE BAL 018D o4 VAL JSE 8 Aol o8 TLAZH AT
152 ol e Azke 4+ o

WolE 1,25, 28] EEEE BH(A (LD)AA fu(0)E B B8 R, fi(2)F o4 dle]
Bel 22} shat 2l vlolE ai0] )4 d

HOIL, g, o] A4 HloEER S
f@)oIN 22HYE BB WS AL 201D fi(2)olN FEFAL BBE AHoz 2 Aotk

S BE Ol arms, . ano] fo(x) BRI FEHHCT AT AoE FEE THE 1l
(13)5} 22 £ FBRES 7F5E 5L wLstu o]z} ol U Grh o9 2L B of

%
2
3|

oo fo o



A Study odf Outlier Detection 853

Disk 22| Al0|2 0|88t 0|AF B ot ve|E]

(2 1) ZE dlolHE ZAAQ diolE 7 Ao &t 7Hg3stal 7] 23 7He =84 3 Lo A
Ab i =1.
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Figure 3.1. CPUE distribution of the fishing area 486E from 2008 to 2013.

Figure 3.2. CPUE distribution of the fishing area 5842A from 2008 to 2013.

Table 3.1. x2 goodness of fit tests for the mixture distribution models at each fishing area

31 £ E= =Y -3

Weibull-Weibull 0.9335

Weibull-Normal 0.9184

Weibull-LogNormal 0.8900

Normal-Normal 0.8412

Normal-LogNormal 0.7908

486E .

Gamma-Weibull 0.6847

Gamma-Normal 0.6711

Gamma-Gamma 0.6545

Gamma-LogNormal 0.6376

LogNormal-Normal 0.2179

Weibull-LogNormal 0.9961

Weibull-Normal 0.9960

Gamma-Gamma 0.9953

Gamma-LogNormal 0.9952

A Gamma-Normal 0.9950
o842 Weibull-Weibull 0.9949
Gamma-Weibull 0.9938

LogNormal-LogNormal 0.9921

LogNormal-Normal 0.9920

Normal-Normal 0.9889

3 AW 242 @ A% pgrol 2 ¢ 7 o] AW 10749 £ FELE Bo| Table

x> A AR A3 486E Aol A= Weibull-Weibull 239] p-gto] 71 H11, 5842A ] ojA]
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Table 3.2. Parameter estimation for a mixture distribution of the fishing area 486E

3Ry paal A7k 25 A7 lambda
2.3355 6.8264

Weibull-Weibull o o2 0.1894
B 0.3048 Ba 1.0022

Table 3.3. Parameter estimation for a mixture distribution of the fishing area 5842A

SR 24 3% 2 8%k lambda
R « 1.7953 “w 0.8820
Weibull-LogNormal 0.1667
B8 0.2275 o 0.1502

Figure 3.3. A mixture of extreme distribution model for the CPUE data of the fishing area 486E.

Figure 3.4. A mixture of extreme distribution model for the CPUE data of the fishing area 5842A.
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| 20 SRS (Lo ALT. T3 2 B2 % a7} ol 4RIk AT o

o 21 ASERS L) ARSIl F ghe] Aol Loo) 5% ol A ehbe 498 Fech
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Table 3.4. Comparison of the initial log-likelihood and log-likelihood of the mixture distribution

3 =Ry Z7] 27V 3Ry 23 7% CPUE
—207.5280 1.1989
—208.3893 1.1725
—208.7972 1.1603
—209.4216 1.1418
. . —209.4735 1.1403
486 E ‘Weibull-Weibull —226.2602
—211.2065 1.0902
—213.5336 1.0242
—213.8737 1.0145
—213.8807 1.0143
—214.2873 1.0028
—235.6047 2.8940
—244.4709 2.7336
5842A Weibull-LogNormal —315.4898 —257.4627 2.4883
—272.8878 2.1810
—285.6048 1.9164

Table 3.5. Outlier detection rate by using the difference of log-likelihood ratios

A dolHT =1 leswds @ A0 94 o4 £(CPUE> 1) @48 (CPUE > 1)
1% 10 100%
486E 133 5% 10 100%
10% 0 0%
1% 5 100%
5842A 30 5% 5 100%
10% 4 80%

Table 3.6. Outlier detection rate by using the posterior probabilities

sl HeHs AR 7IER " d s o uE AY o)4F ¥HE(CPUE > 1)
486E 133 0.6651 25 18.7% 100%
5842A 30 1.9163 5 17.7% 100%

gAstth & A Hel Ao g AMEE A 9 CPUE gho] 1Xoh 2 g oy oR dh= 212 Lot
L; 2] Aol 7} LoA 5%E 71EL R s ‘Holr’ S 4 gtk njojth
Table 3.5 27] 21 7523843 £ 2239 21 7238 g2 Aol7t Lo 1%, 5%,
383 10%<] 472 €3 o] 4" (CPUE > 1) &4 ZAxjoltt.
g 1% ALE f:ﬂ;ffﬁ OVC}@% Z gAE] A 10% Y A BF gAsRE 2otk 3
10% 714 w] A48 o] /43 dlolEl7} AA R o] AR o] FAE Kol

ZAARE APt of ﬂ—tﬂ 2 AFoME o)} e RAE T 5 ¢l
wj 7} 748 AAeR o thst A7t o F .3

~—

l

2749 BY FVRE 2FS o3l A FEL 8% o4 BH(228)e & B} Table
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A FEE o] 83t o] BT A 486E ol A= 25709 HolH 7t ol er ERF UL
I 71&%2 CPUE > 0.66510|t}. o] sje] HlolH+ F 2227t £ JejololA o4 vlolH
7F ol BRESATE o] U= @Y o)A 7I€(CPUE > 1)°ll 5t dolH« & 43 2o ye
gtk A ojdd e s BEYE dolHrt # EHxYS SdEAE B A7dA 22U £ gl
g 2AFE & Holok & 5 A& Zolrh 5842A 3 AlA= 5719 rﬂOlEM oo r FRHEAL
1 71¥%2 CPUE > 1.91630|th. @3 7|9 o] BF SASAA T AZ5S o835t &
A AHEEHE 7Rt B 25 7] Hof e F7F A7 A Zasitt

Ao ALt 9% wje] CPUE7} 18t 2 4% 224 7Fs4o] 9er =
A BTh R mRelAt BE dode] $E40s 485 Ted ol BN 4 slge] doly
o SEVLE 2T o143 B A5 E AN FAY 298 1890 FF AN 2
B 2Qlehe vle) B 2 @ 4 98 Aoz A,
2 Rol At HolE st Aoz ol #AN A gt EF FURE RIS BE o o PHS B
t IuPES AGRAY. EFREY 27] V5w FBG Lot 2 dlolHe] 27 SRS gl 1
o2 o)g3to] o] AHE BHlEE Fal oA F1E(CPUE > 1)) = dojel 2 2halgh Aoz 1}
Ehgth E ChE BHOE AEHES o83 ol B4 ES AUtk o MR B o] 44
712(CPUE > 1)o] 2= tlolel & galgh Ao vepdl. sz walE ol 43 tloje)7} A
2 olAAAE of gk 7H WSl FH A 5 BUEYCIRE 2ASolof S £ Aol AL of

2 2NE TP GO WA, YR WP ol ABY A7 AT ATE AR 327}
o gesith. 293 CPUEY 92 wA: 290 sied, 29, w7, o7 5 ojg) 744 22

o] 9o} AU YA/ ES Fodd o Be A7 B st
B RoAE AolAE A9E olgtel EREE AYHL 2R H THLE A4 2
Aoz AolAF Aol o8 A0 BeA), ohu J|el WS o] §telok e FF Ave Bk
3 DAl o]k
Aol 2

B R0 AR Wot ALs o84 45 StolRAl AN AT GAS YU B3] EYRE

o NTHEL 0|87 ol VAL Ak F4 AX QA A=Y,
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