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Analysis of Factors influencing Berthing Velocity of Ship
using Machine Learning Prediction Algorithm

Lee, Hyeong Tak

Department of Offshore Plant Management
Graduate School of Korea Maritime and Ocean University

Abstract

When a ship is in contact with the dock facilities of the port, the ship
operator and the port manager shall consider the ship’s berthing energy.
Ships must meet within the allowable berthing energy of port facilities to
protect the hull and prevent damage to ports facilities. The factor that has
the greatest effect on the berthing energy is the berthing velocity, so it is
very important for ships to meet and maintain proper berthing velocity.

The ship’ s berthing velocity is determined by various factors including
weather, the location of the port and dock, the type of ships and human
factors. However, based on the domestic and overseas berthing velocity
criteria that had been studied and analyzed, the proper berthing velocity
was proposed based on the collected vessel berthing data, considering only
the size of the vessel. In addition, the analysis results using only statistical
techniques were presented based on data.
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In this study, I intend to use machine learning techniques, which are one
of big data analyses, not just statistical techniques, based on vessel
berthing velocity data, to suggest proper berthing velocity. Big data analysis
Is a method of comprehensively analyzing various variables to predict the
future and make decisions, and it can be analyzed and predicted using all
the various factors of ship’s berthing velocity. Therefore, the vessel
operator can prevent accidents by predicting the appropriate berthing
velocity, and from the point of view of the port manager, it can be a
safety management standard.

In this study, a prediction model was built by applying machine learning
techniques based on 206 actual data collected for 17 months from March
2017 to July 2018 through a ship berthing assist device at the local tanker
dock. Independent variables and dependent variables were selected by data
needed for analysis from the measured data, and significant variables were
adopted through correlation analysis and cross analysis.

Decision Tree, Random Forest, Logistic Regression, and Artistic Neural
Network were used as machine learning algorithms. The Hold-Out method
was adopted as a way to verify the accuracy of the prediction model. The
Train data set and Test data set were separated by 7:3.

Prediction model built through the Train data set was used to compare
performance with the indicators according to the Confusion matrix and ROC
curve by using the test data set. As a result, random forest performed best
and decision trees and logistic regression performed relatively low.
According to Random Forest, which showed good performance, factors
affecting the berthing velocity were shown in order of the loading condition
of the cargo, tonnage of the ship, location of the jetty and approach angle
of the vessel.

In this study, the machine learning technique, which is a  big data
analysis method, was applied based on actual data of the vessel’s berthing
velocity. As a result of the analysis, it was confirmed that the berthing
velocity prediction is possible through the analysis of big data, and that the
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factors affecting the berthing velocity could be identified to help prevent
accidents for ship operators, port and dock managers. Through this study, it
was shown that it 1is possible to utilize prediction model and
decision-making model in the field of ship and marine transportation by
using machine learning and artificial intelligence based on big data.
However, further research is needed through data collection at various
types of vessel and docks, and all factors affecting the berthing velocity
have not been utilized in the analysis. It also needs to collect data over a
long period of time to build more accurate prediction models.

KEY WORDS: Berthing Velocity of Ship, Measured Data, Big Data,

Machine Learning, Prediction Algorithm.
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E=—-MV*CC,C.C. (2.2)

Ey o ko) ekl | A(kN - m)

M, kel A7 ()

S

Voo dukel HekEx (m/s)

C, - HAA S (Eccentricity coefficient)

C 73 A=A ST (Mass coefficient)

C. : 974 A< (Softness factor, F&2 1.0)

C. : A9l g447A 4 (Berth configuration factor, £&F& 1.0)
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Table 2.1 Calculation M(t)

Ship Calculation
Cargo ship DT = 1.174DWT
Container DT = 1.385DWT
Tanker DT = 1.235DWT

Ro-Ro DT = 1.022GT

Car carrier DT = 0.751GT

LPG DT = 1.400GT

LNG DT = 1.118GT
Passenger DT = 0.573GT
Ferry (long distance) DT = 1.240GT
Ferry (short distance) DT = 1.279GT

Source: &9k 2 od HA 7|, 2017

e e dyAe] dig AgrE ¢ (HAA

<+, Eccentricity coefficient)o]th. AAAFE AlLbske= WH-S Fig 2.1 2(2.3)

~ (2.6)3 Ztho]AY, 2019). HAAAFE /}j‘:l.‘?% A= s ooz
"

A Aot e AA L Hotztxof ok



Fig. 2.1 Geometric parameters of ship’ s berthing

_ L e B
R—\/(2 x)+4

K=(019C,+0.11)L,,
. B
d=90—« OéSln(ﬁ)

_ K’+R*co0s(®)
‘ K*+R?

R

Hupe] RAFAT H-TEE Aolo FE AF Aolo WA

2.3)

(2.4)

2.5)

(2.6)

(The radius between the centre of mass of the ship and the point of

collision between the ship and the structure, m)
K : Aure] A3)uk4 (Radius of gyration of the ship, m)

o @ AP = (berthing angle, deg)
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2.2.1 PIANC

PIANC(The World Association for Waterborne Transport Infrastructure)=
1885l A=A Fgu, FF, ¥ S #H" 7|ed, AAH, 383
Al sl & B RN Hieol =AlF AZVtEe Eol ARH V<eF
xS AkstE @Aolty. PIANCelA 2383k Technical Report & WG33
(Working Group 33, Guidelines for the design of fender system, 2002), WG145
(Working Group 145, Draft Report of Berthing velocities in Sheltered
Environment, 201704 Het&E w9 71FS AASt Aot

B0 = (Fender) A A o ™ Technical Reportél WG33oA &= A
A A& s e 71ES AAIGTE PIANC WG339l A& HeEwrE &gk

HAE Adbst=t ol 7HE 9= A mA= 840H, HAUEREE 24

PIANC WG33(2002)o1 = BEA e HAAE g Aute] HAJEEE AESY
a8y HE dHoYA Y Had 5 AEe] 3453 d3dsiel SR s

FZA el AAl disto ZEs OA AAS 2 53
< A e HoE=Ro Uitk VEE AN "o Aol tFHAG. mEkA
PIANC= 2010 WG 1455 A H3et o2 =719 Tkt FFollA HAERE
=5t AT, AAET o]FojXr ¢Jom 2017 Draft ReportES E 3}
=3

o}
of
%
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Table 2.2 The factor of actual approach velocity

Factor

Remark

Prevailing physical

boundary conditions

the influence of waves, wind and current should be
considered

Ease of navigation

is the approach to the berth easy or difficult?

Method of berthing

are berthing aids used, is berthing always parallel,
when is the forward motion of the vessel stopped, etc

Type of vessel

is the vessel equipped with powerful engines,
reacting engines, bow thrusters, etc

quick

Use of tugs

are tug boats used, how many and of sufficient
capacity?

Frequency of

at berths with a high berthing frequency, generally

berthing higher berthing velocities are experienced
the approach velocity of larger vessels is generally
Size of less than the approach velocity of smaller vessels;
Vessel range of vessels expected at the berth must be
considered
Berth ship masters will berth more careful when approaching
appearance a desolate berth instead of a new, modem berth

Type of cargo

a vessel with hazardous cargo will ge-
berth under better controlled circumstances,
of berthing aids for example

nerally
the use

Windage area of
the vessel

a vessel with a windage area is considerably more
susceptible to wind

Human factor

a most important factor, this may cocern the level of
experience, etc

Source : PINAC Working Group 33, 2002

_12_




PIANC WG145Q017) AN A= A<t
o A3, A #7437 gl wet Group A9k Gr
&% o =X E Table 2.33%

|71E45 55 A8

WO ok

y

Table 2.3 The result of ship’ s berthing velocity analysis in PIANC WG145

Confidence Value

(0.086~0.146)

(0.093~0.139)

(0.210~0.243)

Group A Group B
(over 30,000DWT ship) (over 30,000DWT ship)
mls Non-Hazadous Hazadous Non-Hazadous Hazadous
Cargo Cargo Cargo Cargo
Average 0.040 0.050 0.071 0.076
Standard
o 0.023 0.022 0.042 0.038
Deviation
Coefficient
) 0.58 0.44 0.58 0.49
of Variance
95% 0.085 0.092 0.152 0.148
Confidence Value (0.062~0.099) (0.076~0.101) (0.150~0.179) (0.142~0.155)
99% 0.122 0.122 0.219 0.202

(0.196~0.210)

Max observed

0.140 0.170 0.246 0.320

Value
Max DWT 364,767 320,780 194,435 164,533
Data Number 422 377 854 164

Group B : normal berthing manourver

Group A : well-organized berthing manourver

Source : PIANC WG145, 2017
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Table 2.4 Proposed design berthing velocity in PIANC WG145

Vessel Type Group Berthing Velocity Confidence level
Group A 0.09m/s 95%
Non-Hazadous Cargo Confid Val
Group B 0.15m/s onhidence Value
Group A 0.13m/s 99%
Hazadous Cargo Confid val
Group B 0.20m/s ontidence Value

Group A : well-organized berthing manourver
Group B : normal berthing manourver

Source : PIANC WG145, 2017

=4 A5 5% Akl e HALKEE A EskH, BAAAL] 4

2o HAe weEst] 9% Aol T HUALE

w3 PIANC WG145(2017)0l 4 WG33(2012)0) At 5o] J&S mE &
2o Heb ®mx #AXQl ‘Berthing Aids’ @& 3&E&

(2012)9} WG145(2017)¢) HtEso] d&e s 245 va PEF wB:
Table 2.5¢} ZTHPIANC, 2017, o]/, 2019).
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Table 2.5 The factor of actual approach velocity between WG33 and WG145

Cateco Factor Factor Remark
Y1 wesd | wols)
- Current
Prevalling et | |
physical waves the influence of waves, wind and current should be
boundary Effect considered
conditions .
wind
iron- ship masters will berth more careful when
Environ Berth  |Closed/Open b , ,
ment , approaching a desolate berth instead of a new,
appearance | quay/jetty
modern berth
Ease of e
o - approach to the berth easy or difficult?
navigation
Berthing | Available(PPU, sonar, fixed-laser) and used as a tool
aids for berthing assistance
Type of vessel equipped with powerful engines, quick reacting
vessel engines, bow thrusters, etc.
Sz of approach velocity of larger vessels is generally less
ize 0
essel than the approach velocity of smaller vessels; range
Vi
Vessel of vessels expected at the berth must be considered.
Vessel vessel with hazardous cargo wil generally berth
Type of type ,
careo under better controlled circumstances, the use of
§ berth aids for example
Windage . . . :
¢ vessel with a large windage area is considerable
area o
more susceptible to wind
vessel
Method of | Berthing |berthing always parallel, when is forward motion of
berthing | manoeuvre |the vessel stopped, etc.
Use of | Equipment . .
Human tug boats used, how many and of sufficient capacity?
tugs | tugs
Human Human |most important factor, this may concern the level fo
factor factor  |experience, etc.

Source :

o], 2019
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222 Fe) HAEE 712 2 AT A

Brolsma® s chart® WG33(2002), WG145(2017) # ofygt A AAHo=
NdEL TE AA FxE= HGEES AUke] DWT Abele] #AE yehd
aaxzolt. 53] British standard(BS 6349-4, 201494+ Brolsma’ s chart&
Aeste] A HAEEE AP AL, PIANCel4+= Brolsma’ s charte] ¥+
HAUAEE 2 50% 418 53 A5ttt 53tk Fig 2.2 Brolsma’ s

chart= A etz FFo Ao mE 579 =4de g3

SEL.

Velocify, n/

1 2 5 10 S50 100 500
DW'T in 1000 tonne

Fig. 2.2 Brolsma’ s chart
a : good berthing conditions, sheltered
b : difficult berthing conditions, sheltered
C : easy berthing conditions, exposed
d : good berthing conditions, exposed
e : navigation difficult conditions, exposed

Source : Brolsma, 1977
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g =9] British Standard= Brolsma’ s chartE 7| =% 3}
Az AAE AHA HEE 7| "G A Y. 53], &
AA A" dEIeE Adgle]l 0.08m/sE A YT

Standard®] #Het&ER 7|FES UERTH

i
0.80
N
0.60 \\ =
\\‘ o
N
NN
0.40 TN
N \\
~N | b N
0.20 SN \\N‘\\“Q
= ~— e
H“"'---..E__ HM‘\\._:\__\:
0.08 =
0
1 2 5 10 50 100 500

Key
X  Water displacement, in 1000 t

Y Characteristic velocity, in m/s, perpendicular to the berth

Fig. 2.3 British Standard chart and berthing velocities

Source : British Standard, 2014

Beckett Rankine (2010)2 342l #&<¢l Brolsma’ s chart7} SAH o= gk
A o @A Mutol= AEsH] oH MAL 2ot Ao F4sA
t}. o]o] PIANC ¥ British Standardol A% ¥l HtEES] =L 7]
g AE Mt ok

Spanish ROM¢| 7% w7t A| = Addkel wjeaEat Htxzxdze] #AE v
o7 7AEAME, 3=, Zf/)ol wal favourable conditions, intermediate
conditions, very unfavorable conditions®] 37§ IFA o2 FHA&HET o J|EES

Uetg st} o]o] wZ Chart= Fig. 2.4¢9F 2t}
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TABLE 3.4.2.35.2 BERTHING VELOCITIES FOR ALONGSIDE BERTHING WITH
PREPONDERANT TRANSVERSE APPROACH IN A DIREC-
TION PRACTICALLY PERPENDICULAR TO THE BERTH.
WITH TUG ASSISTANCE

- 07 T 0.7
;) . |
E 08 o e 06 [y
il ) | A
= 05 . —— 17 ) S W SN N—
5 b, [~ \
(&) e i 5 | ESsss Eessd
S 04} ] . 04 ‘s.\_\\ HEE
— — -
| -~ ~— LY
> 03 B - 0.3 A
@ i '1-.-\-.‘____‘. =)l LY "l-_.‘__ Saan
% I —-‘-h"-"'“—--_._ . |
= 0.1 0.1 = e S
;"] |
=2 4 6 8 W 12 14 16 B 20(x107 20 40 60 80 =100 (x10%
SHIP DISPLACEMENT (1) SHIP DISPLACEMENT (t)

Fig. 2.4 Spanish ROM berthing velocities

Source : Spanish ROM 3.1-99

= HORAS RE A6 mE 6o FHoE yehhdch =3 58 )
Horsmo Ad JFS vHtE HE B2t Moriya et al.&
A

=4, Ao, A-sak R ek Hd He&E =S Table 2.63%
E
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[

mooring facilities being sheltered or not

Difficulty of ship maneuvering /

Difficult berthing
exposed

Good berthing
exposed

Easy berthing
exposed

Difficult berthing
sheltered

Good berthing
sheltered

Berthing velocity (cm/s)

40 60

B0

Fig. 2.5 Japanese Technical Standard chart and berthing velocity

Source :

Table 2.6 Berthing velocities depending on ship types

Japanese Technical Stadard, 2009

Dead Weight

Berthing velocity (cm/s)

Tonnage General Cargo Container Pure ]
(DWT) ships ships car carriers All ships
1,000class 8.1 - - 8.1
5,000class 6.7 7.8 - 7.2
10,000class 5.0 7.2 4.6 5.3
15,000class 4.5 4.9 4.7 4.6
30,000class 3.9 4.1 4.4 4.1
50,000class 3.5 3.4 - 3.4
All ships 5.2 5.0 4.6 5.0
Source : Japanese Technical Stadard, 2009
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Ueda(198D)= 1971@ 5B 19733d7HA] L £9] tanker FF¢ A= HAdEHE
deolHE A8t 1 23 HUAE=EE Fig 263 2ol 210 A4 FEL

2 gE2gdE A4S ¢ F Avk =3 Ueda et al.(1975)= A Auko] Helk A

200 25%
7 Number of Occurrence
--------- Normal Distribution 1 20%
§ Log- Normal Didtribution E‘
5 2
3 115% =
2 [=}
2 £
: z
2 1 10% 5.
£ Z
z a
4 5%
e E— L L I L | 0[!/1]
01 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20
Berthing Speed (cm/s)
Fig. 2.6 Berthing velocity at Crude Oil Tanker Berth
(Keiyo Sea Berth in 1971~73)
Source : S. Ueda, 1981
Fule Pk % oG HAYZe] A HAERe sFe] HE ABE JB
o A AFAAE 2z Wds) wdTh =Y AN HAEE B S)F
4 AF7F EEEtA o] FAR I e A 2y g HUdSE #d dF
£ REeY] fEe] By A7 20 ool Bart Ut
2% FQ19S HUAEE 43 olEE o g3 HUALTS HAA=E 7
W, AMFREE PR RS oA HUEES HUAGEE gy



A 3 & HHolE < HAHY

3.1 Hlgo]E]

HlH o] Ej(Big Data)v= T3] 1E7F & HolHYS oF|ste AL oy
H ol o] 3Vsoll A 32Vso] o] 27]71A] Alztel whel th2(Fig. 3.3 2
2 EA & 7HAH WH3lstgth(Caser Wu et al., 2016).

Gartner= HlHlolHE 3Veta A gt o]A o] dvtdoz AdHA e =
7] Bldolg 9] EA 37FA o]t} o]+ d"lolE 2] =7](Volume), < =(Velocity), Tf
YA (Variety) o =2 ol A 4 ok Bogtklaney, 2001). o]z gk S3 o
wrel Yol E Aot wE S5E A4 A A¥HE d&FY ZF - HA
g HolHE E&3o=2 3 9 AHAsa, g B4 /IHES &8 I
o, o, oA AA T Adst] f% Jisolgtn Ao & F IS
5, 2019).

[BMol| A= Hldlo]E & Gartnerd] 3V 34 ‘Veracity’ & F715t9 8 ©]
= Holge EFAAS 9uFtt Yuri Demchenko= 20130l BldolEle] A
ol IBMe] AHolol &4 ‘Value’ & F7}ste] 5Vsehal A bskAth

Microsoft= ®ldlo|E|¢] 3V <£Ao] ©dte] 371x] V(Variability, Veracity,
Visibility) & © F7tsted 6Vs2 st 67149 ¥dole 54 HAWsiH
o= 2o

7}. Volume : H°o|H 9 &

L. Velocity @ Hl°o]lH &4 £%

o} Variety : A3 - BB Y dloly T, Y3 dolE FH

g}. Variability : dlo|g o] B33 A=

n}. Veracity : dlo|El 9] ZX] o] th3l A=A

vl Visibility : Hlo]EollA HEE =F317] AT Alok



Microsoft's BVs

Douglas Laney's 3Vs

Visibility ) Velocity

WValue Variety

nko's SVs

Yuri Dem

Fig. 3.1 From 3Vs, 4Vs, 5Vs and 6Vs Big Data characteristics

Source : Caser Wu et al., 2016
Caser Wu et al.(2016)2 719 HldlolH e AHoJE nIE o2 HlHolHe =

E EXNESo] x5 TZAQ Hu ol U3 HoE 3PVse EXozm LRI}
™ Fig. 3.2¢} o] etk
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Data domain-3V

32y

Statistics
Domain-3V

Business Intelligence (BI)
Domain-3V

Fig. 3.2 3°Vs Venn diagrams in hierarchical model

Source : Caser Wu et al., 2016

Fig. 329} #Z-& 3*Vs7h "dHolE e <9uE yehdtd udoly £4(Big
data analysis)x= HElolE o] 4437 ouE yehdth ¥H ol E4e 32Vs9
golg dY, EAAY, Blgdo] zZ+zt Massive datasets, Machine Learning,

Cloud computing®.2 A™ =™, Fig. 3.3 ©]= YehdtHCaser Wu et al., 2016).
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Semantic meaning of Big Data
transforming to progmatic
meaning of Big Data analytics

Fig. 3.3 Correlation of 3?Vs to machine learning Venn diagrams

Source : Caser Wu et al., 2016

olglgt Hlu|olE Ao oJF AT P Fgo] EHAHAHA FA] HolEE
T3 dZo] JheAlAA HAoH, gAEARA JAME EHAE AEE FHE
T A HAAT ol& =, otvtE T o8 JAHU AlolE, VY, VIS T
o] AHEIE ol &MAE HA Fol B F ATHEHT T, 2012). =3, Addr A
3l &k A= B ol &8 g BadEs AXste #A AFrt &
AZE Ol QT

Ornulf Jan Rodseth et al.(2016)2 3f-& &oFollAl Ak AlAe} doly +3
A, f14d A T Huleoly Fo gk Aofe] dom, HEL ZEEIFO
gl &ioke oy 3, 74 AAS des & 5 Ao AASAT

Aut g ook B4l MA Fol WAl mel doly FAol AA T4
Ho} Wulolg B4 FEHTA gAY FIYS A2 5 UL oy
F4sact
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3.2 #HAZY

Al 2 (Machine Learning)e] 71&2] ou]= ‘ZAFEH E= 7|AA T2
A HA Fa vl £ Ae TEE FAseE Fol’ 9 thSamuel, 1959).
=g HAHY Y ou= vlholy #4 7 S hUEHA HolH 9
EHEJ% AFo 2 AAsta, 1 HHES o]g3 Hdd g o
S st oz AHoHthKevin P. Murphy, 2016). w4l
EA(Table 3.DEZ 1 3i4d& AEE 4 U

~ &
-

O
dde thed e

Table 3.1 Interpretation of Machine Learning

Data Information Knowledge Intelligence
o Information Real-time _ )
Data mining _ _ Business analysis
analytics analytics
) Information Predictive Business
Data science , o , ) )
visualization analytics intelligence
Information cre
) ) Artificial
Data warehouse system Machine Learning | . i
intelligence
management

Learning from

Text analytics

Knowledge base

Decision support

data system system
o Pattern Actionable
Data smart Text mining . ) )
recognition intelligence
) ) Statistical Business
Data analytics Web analytics o )
application forecasting
Making sense Web semantic Knowledge Business
of data analysis discovery strategy
) ) ) Business
Data ingestion Web searching Expert systems ]
transformation

Source :

Caser Wu et al.,

2016
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Table 3.1 #Z2 EA we} wAilgd2 HHolHE 7|We =23 1FA
(artificial intelligence, AD9] ¥d¥atx & ¢
e ol e £AE dYgsted x2x2
ot A Lotr] wEolth ol e |
o] gk Hofo] Ak ofzke] ol o] vt HEd> HFH E= 7AY
AE AA2 ddstd ddsty v de

dqzE= A AAZE FE53 2016@ 3€ Hrldd= AHA ofx)(Google
Deepmind Challenge match)ollA] B2 <3} a(AlphaGo)et olAlE 9vke] =
o] Aot HHolH, AFA e, HAHY, HeWe #A == Fig 349 o] A

g EH (sl e, 2018).
/Big N\

Data

e

Al

Artificial Intelligence

Machine Deep
Learning\_ Learning

\_ /

Fig. 3.4 Relationship diagram of Big Data, Machine Learning

and Deep Learning
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HAHY e gFFFR wgt VHAZR BEFSte=dl A =85 (Supervised
Learning)®}  ®| A =38t (Unsupervised  Learning), 73} 8t<5(Reinforcement
Learning) © & v} 2thRaghav Bali et al., 2017; ¥l %, 2019).

- B5F ¢agl&(Classification algorithm) : 7HH 28]y #lo]l &S 7% dlolH
S vy o R oESndS tED A2 dolHrE d¥EEIE W I 7HE ag

g odlol B BF37] AT S AHgHL

|
I—JO

Z A 7 " (Artificial Neural Network, ANN) : ¢17F T3 9] 3<% HAAHS F
&

A3l woo 9 5 B3 A4 FPOB FEe wEoln BE, = ny

o] &3t sk JlH| g2 3 == 18 (Groupingsts garglZoltt
BEF dugEd g2 Je A3 #e =357 AR 2 golEg &
ATt
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o8] 9] & Y-S ol & uwf AFEHCT ©olE W Zr] gE W
3 1 Abolel BAE L Anar

_l

Ip

ox,

tlo 4
ML
1%

313

&

bt

(Y

=4 ¢ ElFDimensionality Reduction algorithm) : 2 F4 €31
& B3 dolHrl HReta =2 AdS 7HA 24 2 A1AE 5o oE e
o AFEETE ol HlolH Al AT wHAled 7IHe 2] ol z7|wA
= =5
o

P2
. 3A £A AE(feature selection)d} £A FZ=(feature extraction)

oJH 7 <tolA HoH oo|HEI}L Ao S U A

T T P mE BHAAES dA WA

gt oI T, 2019). ol¢F #E wAHY e 7R T
a|

S 2)
ol wle} YueZe| FFHE Table 325 o] ATt
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Table 3.2 Machine Learning algorithm

Learning

Analysis

Algorithm

Supervised
Learning

Classification

KNN (K-Nearest Neighbors)
NBC (Naive Bayes Classification)
Surpport Vector Machine
Desicion Tree

Random Forest
Cross-Validation

Ensemble Learning

Boosting

Hidden Markov model

Regression

Linear Regression
Logistic Regression
Ridge Regression
Lasso Regression
Jackknife Regression

Artificial Neural
Network, ANN

CNN (Convolutional Neural Network)
RNN (Recurrent Neural Network)
DON (Deep Q-Network)

Unsupervised
Learning

Clustering

K-means Clustering
Density-based Clustering
Fuzzy Clustering

SOM, Self-Organization Map

Association
rules

Association rules
Navie Bayes

Dimensionality
Reduction

PCA (Principle Component Analysis)

ICA (Independent Component Analysis)
NNMF (Non-negative matrix factorization)
SVD (Singular Value Decomposition)

Reinforcement

Learning

Monte Carlo Method
TD-Learning, Temporal Difference Learning

Policy Gradient Algorithm
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< 53] Axsky darglEe] vl gk A =e] Jhsst
} 2 ginrt 7hssk] Wil 7 Abd Eokel A= HAlEY
Y-S o] 83k Ayt ks M E Ut

G (2018)2 ©lolEufolyd Z|HE o] &3l J|PFEA A=y HAAYE

Hlwstdth HAEY Axskyg duEEed ZA2¥ 3 A (Logistic Regression),
JAA A UG (Decision Tree), <1&4174 7 (Artificial Neural Network, ANN)S o]
£t A7 A7l tg 7gFEA &Sy e] AAE vl ATk

AA 8 (2018)> =4 A4 Bl=E Y d&5S /% 7AIEgE YHES A5
o} gdlolg 7]Hke] wAley ¢arg Aokl A= ol
el

FolAAL oy At FHANM AF7E vlFstga dFskde. 2440
A

-
-
N
[
¢ v
i
o
1o
ﬂl.u

o A8 dFrds T

PEAHQ018)E A &4 FutE s ZARAFAY 714 2 A9 &

PRETA
BEA H87bsHE AMSAT

B o=Ro BHe Mute HUELEE OB Y HULE QSRS
WEL AR vAE 29 BASE otk dIiad HAEE’
}H2EHE gog Aoun dZRAL YA st PASEd] FFS
MAE 295 YAROE AT me] B EReIAE Wady AW F
ASGgEe Agon I FAAE dZel BEAY FuYZA JAAYUT

Regression), 13417 "H(Artificial Neural Network, ANN)S o] &3la] o=rd
< =R o gFEE S o] &sl HAEE A= 820E BAT

T}, MW JMe o] g3 B =Rl ol B4 3}He Fig 359 2
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Data
Collection

( Prediction of Ship’s \

Berthing Velocity

* Collection of DAS
(Dock mounted
docking aid systems)
Data

*  (Collection of
Weather Data

Data
Processing

Selection of

independent variable,

dependent variable

Missing value

processing

Correlation analysis

& Cross analysis

Select significant

variable

Model
Construction

~

AN

K Classification of \

Train data, Test data.

Machine Learning
algorithm

(Decision Tree,
Random Forest,
Logistic Regression,
Artificial Neural
Network)

J

Fig. 3.5 Data analysis process
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Confusion Matrix \
(Accuracy,
Error rate,
Sensitivity,
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F-measure)

ROC curve




3.3 JAEAUYT

oJAPA A UF-(Decision tree)= FHE tlolHES 43t EXst= AU

TH EAS £A49 3oz Y= EF(Classification) ¥ ¢ Z(Prediction)

2oty AEAUR= 1 ARE BEsta osfistr] gA ABE £ Se
Aol dem gy EfE 84FE o|Fof3 Ui (Tree) FEHZ TE0
At tlolHE HERZ BRale Yoz AFEte, b

7 wEolH 27
JHE EFEE ol Aol
gstl Bk AT Y
2019; 1W< &5, 2018; o] A, 201D.

S 327|744 7}A X 7)(pruning) & E3+
A9l T Fig 3.63 ZoH(EIT %5,

N\
1 Root Node
—
I
| . 1
2 Parent Node 3
Branch

[

4 5 6 7

H

Leaf Node Child Node

8 9 Depth

-‘———————————————————

Fig. 3.6 Example of Decision Tree
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QARG UF-= Fig 3.63 Zo] ==kl &l TAHRLESE oFoH L
o, O3 2ol ERE RS 5, 2018).

mor

1. g x==Root Node)= YF7F AlFE = =(1W)E 23,

2. A4==(Child Node)= st ===28EH Eod 27 o4 =8 2
gt} 8, 9 ==& 6W =T A solth

>~
mg
F
(@)
o
51
Z,
o
([@N
@
rlr
_;
N
N
L
i
2
“©
N
ol
i
r
b
I
o
o
g»-lk
o

7, 8, 9 =7} o] 6]]1%}%&[:},

5. Tt E=(nternal Node)= UFTFx2 Tt = 9 =27} ofd X0
3

, 6 =7} 7)o &3
6. 7FA(Branch)&= =29 =E& oloF+= 94T & T

zZol(Depth)= B E2HE A7t 7HAE o|Fi e =&
Z AUYS gu)gith o]24 1, 3, 6, 8, 9 T} e A E o] F
9}232 zZol= 3o] HAth

(impurity)ol]l 93] SAHE Y. EZHEF7E o]4bgd
Hl = (frequency)ell <J3] &&=, o] w AL = <

1 ZEE JlolAF FA ZH(Chi-square statistics)e] F & &-E(p-value), A UA
2~(Gini index), <1E 23] 2 4(entropy index) So] AtHAH S =, 2018).

2a7)Fo wel AAA YT o daelZo|= D3, CART(Classification and
Regression tree), C4.5(C5.0) T2 o3t ¢uelFo] &A1y, O 2+7e] &4
S Table 3.49} 2t}
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Table 3.4 Basic characteristic of decision tree algorithms

Characteristic(—) Splitting Attribute Missing Pruning Outlier
Algorithm( | ) Criteria type values Strategy Detection
Handles Do not )
. No Susceptible
Information only handle )
ID3 ] ) o pruning on
Gain Categorical | missing ) )
is done outliers
value values.
Handles
both Cost-
i ) Handle _
Towing Categorical o Complexity | Can handle
CART o missing ) )
Criteria and pruning outliers
) values ,
Numeric is used.
value
Handles
both Error ,
) Handle Susceptible
C4.5 ) ) Categorical o Based
Gain Ratio missing ] on
(C5.0) and pruning ,
i values _ outliers
Numeric is used.
value
Source : Sonia Singh et al, 2014
2 dFoA s JAEARA U duglE T C5.0e AH&stded C5.02 C4.5
oA g GA o THE ¢ae]F o2 A Ross Quinlandl] o]&] THEoI X th. Ross

Quinlan& 19861 o] ARA A}
MdQl C45&

1993\ A=

As okl A e Ed
ShZopoll A ANREE A H

L
YgEFe

=
ZIRo el

Sl =)
A erslgdh D3, C4.5, C5.0 =5
CARTE H| &3 thE <&

2 Hopol A

pCAR S

ID3&

o melA B AToAE ol

Aoz Albsklar

o] %
MAlE, Qg
ngEe £
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34 AYEH2E

AP g ~ERandom Forest)= AAFAAUFo gFH /MFdozA t49

U (tree)7} &(forest)S o] FElS Ayzstd @ AGUIHAEE B ¢

(|

A4 08 5 glon AREs B wWol AR UT Hal A% o
He ojge Wolth ARAYURE A3 B Ao WEZo W 5
ool el AAHE URe Fesh 2 debd AwsEsls] ofue HA%

(Overfitting)e] &AI7} Aot =3 AR U= ASH
o2 T A R/ T A Uy =E7MA 1 L7/ 7 o] A= EAIVF
AT o]y oAEA YT FAFORE Rty HYZYE
HAGCRJAZ 5, 2019).

Ad L 2EE w7 (bagging)”| M3} F-~E(boosting), o == HH3IF
(randomized node optimization) 7Hd-& E3Fstar At} 8f 7 (bagging)ol &, Foi
2l HolHE F3l o2 el RE=Ed](bootstrap)e A3t 2+ RAEF

=
BUE BEAYE RS DI oAY4 B
7

DAY F AGse] 4% A3
~EFOIF B B Yo FHPS 53 /129 HolHERE 25T A%t
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Train Train e New

— : — Classifier —
Bootstrap Data 1 Algorithm assitier Data
Train | Train | | Classif Combined
Data 2 Algorithm assitier Classifier
Train | Train Prediction

— Classifier —

Data 3 Algorithm

Fig. 3.7 Bagging Algorithm

919 =t HZAH3Hrandomized node optimization)& #2jo] A}&
dojHom FZE3te AS it mdS FHE)
=l gl Wizl MERY] HF
5, 2019). T8 MUIESEE AA XU 2EE E /9 EZ FAEAE
Aste XH|2E9 A7), HO & Zo], Y49 Fo] Atk

AUXYE= o EA-FS 7FA 3 Fig. 383 e ¢aglE&E 7129, A
HA A2 Train data seto]l A B =0 93] o8 M RAEZA fgoly
5 AAdIY I bBF AR F2EF 101131% A A UF g s A

ﬂl

5% QlojE Auste] URE A
W BYE Aolo] FRBATL FolE7] W my 4%

o Mo gasts ARt Yok vhAY GAR A AN WE o AAAY
= 2

E daugFo] S4dH

_36_



Repeat until
specified
number
of trees is
obtained

Sample Data

using bootstrap draws

[

Train Data

Data set to grow the single trees

A 4

] Out-of-bag (OOB)

Data to estimate the error of

The grown tree

4 N\
Feature selection
Random selection of ‘mtry’

prediction Repeat until

\ / criteria for
stopping

- X ~ tree growth

T are fulfilled

Split data using the best predictors
\ J
(_ k4 _\
Estimate OOB error
by applying the tree to <
the OOB data

. J

as collection of all trees

Random forest

Fig. 3.8 Flow of Random Forest algorithm
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3.5 EX2H3H

2x 28 3] A(Logistic Regression) &S dubzel 3|fHE-AI}= TEHTT
HFE B d5Y BT B4 BEYoE AT g Atk SyHS = o] &3
o Aol WA TS dSshe WA o EA IubEQl IAEN T Pl
T7F F AGo®E Yrolzl oY w & ik E4l(ogit)HEH A8}
Wolth, FEHSTE 20 we ol EX2E, I oY we A2
A&l gt
1.0 .
/
0.8 4 {/
/
!
0.6 - /
/
Jlln'
i
y

0.4 - /

/

f/

/
0.2 7 /
/
.-'"/
0.0 pe—
T T T T T T T T
2 8 4 2 0 2 4 e

Fig. 3.9 Example of Logistic curve
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7T _ eﬁo +ﬁ1Xl +ﬁ2Xz + o +@Xz

3.D

1—m

2 41614 EEE £2(0dd Ratio, ORNEA Abdo] W48 S8 A7
o WASA % FEO ML Uitk FAYM FARIE A =
Argor WHHL SPRS] Ud AFBAG 327 AFAHETA,
2018).

1M_Lg=%+m&+@&+-~+m¥ (3.2)

exp (3, + B, X, + B, X, + -+ +5.X)
P(Y:1|X1,X2, Xz): By + 8, X + By, B 3.3)
1+eXp(ﬁo+51AX1+52*Xz+ +BZXZ)

oo) myAo 24E AFHEL 03 1410]9] g A HEz 72
& Asto] 03} 12 BFaA BATHIES 5, 2018; oA, 2011, £ =FlA
£ 00] Ao

1 8

= 10cm/s ®]5F, 1o] HFEE 10cm/s OO EA =& =
(ex]

AR

b
m&
flo
-
Ay
ol
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21 F A7 "HANN, Artificial Neural Network) o]y &4 dug= F A A
s A7 9 FEEHI e BoFEA A FH9 g5 AAE wHH =29 W T
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Qutput Layer

Input Layer

Hidden Layer

Fig. 3.10 Structure of ANN

Zl, 201D).
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A 4F A2 doly BA

41 dolg 3 R AHA

411 g°|8 <3

2 ATl A= DASTE A= aHE 5 Jetty 1302 F+&H &7 H
oy BT Hotdkx A= fo]HE sty

DASE Adubo] FFo Heb Al HIZetes At £=&
2 2o 87 gujdo] dAHo AMHI Jdom UdwkHo=w Lasers ©|
g3l =A3T BE M4 F 2709 Laser sensor® =A3dtH, oA Ho)
200m o]AH AMu} HeETE lcm/sec 7|Eo 2 SASHA 3
st HA EAATE o R st Het st WAlH o
Ho| 7H5st s AA ST, 2019).

Ship's Berthing

d

Laser Distance Meter

Fig. 4.1 Arrangement of Dock mounted docking aid system
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_Z,._O

Fig. 4.2 SmartDock system

. Trelleborg(2010)

Source
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=il &#7 Evde] DASE Fdl 32 dHelel= 2017d 3d5FH 2018
7%77}11 oF 17714 3+ i F-Foll ekt dutolA SAH3 dlolHE AP sk
Attt Adre] 2= ¢F 10,000 DWTel A 320,000 DWT7EA] th&Fsim =
A dol 2 dF2 "7 dAHAUY. =T HIFEE FF BSA

d Az A5T BAS SEE AFoE HREHTable 41,

Table 4.1 Particulars of measured data

Periods March 2017 ~ July 2018

The subject of terminal One of Tanker terminal in Republic of Korea, Jetty 1~3

Type of ship Tanker (10,000 DWT ~ 320,000 DWT)

Method of measurement Dock mounted docking aid system

Table 4.2 Berth particular and operation regulations

Jetty 1 Jetty 2 Jetty 3
Depth 170 m 18.0 m 195 m
Capacity 80,000 DWT 120,000 DWT 320,000 DWT
Max LOA 295 m 321 m 382 m
Berthing velocity
, 12 cm/s 15 cm/s 15 cm/s
(Designed)

Safety : 5cm/s
Warning : 6~10 cm/s
Dangerous : 11~15 cm/s

Berthing velocity
(Operated)

Max 6 deg. within 30 m

Berthing angle _
Max 3 deg. at touching
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HAAdSE Hd AZFtoly ol9o] T X)) tlolH = 71748 (Korea

Meteorological Administration)ell = a3 A< 71

oh Aduke] Hb Al AJZtol| sjEsleE FE5S TRk A skE Aol A gsh,

AZdoly 3 Al kel Heb Azt 7S5 A gol sF HAYY Hd F
o

sk,

I T T P T T
Ly Al [mtd Ede) BEuT Biien) 2flde BEUT
anhgip
[=Rit L5
= T EEriwl
LR L L
= ot S
enowe
..'-'.:'i
m e _EiE 25
!"H."J"-'I' .
B b ST memewe W FL |
“JIIJ-'H | X/
PR bl L I T L S B
kR _i'-_qlnﬁ,n; by
e W mE® & 05 M Wy
i) T
L) bie 1L
frmni gy [N Pc
MR | MSEReY
AT P S
Ny ey
p— {84
Bl | gty
| ok | 5 2] AaE it

Fig. 4.3 Weather(wind) data

Source : Korea Meteorological Administration

412 Hloly A3

Aul Ht Al DASOlA F3E HA=dolHe HFoA AFH Asd=
Table 4.33 & ARV =F AT
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Table 4.3 DAS data information

Information

Jetty No.

Vessel Name

Date

In & Out
DWT
LOA

Breath Extreme

Max Direction

Max Fender Touch(cm/s)

North Fender Deflection

South Fender Deflection

Max Angle

Pilot (main)
Pilot (Assist)
Draft(m)

Cargo Operation

Tug

B oATM 288 SYusY 4
=

PIANC WG333% WG145¢9]

d

o 9FL v

dolHE AE3HtHTable 4.4).

- Jetty No. : Jetty Number= 3719 Jetty & Aulo] Hetd AL Jehd
o2 WG33¢] Berth appearancee} WG145¢] Closed/Open quayl/jettyell sH
3tk

-

o wEbA FHobERe TS VA= 842 SHHFE AYSiinh
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Table 4.4 Selection of Variables

DAS & Weather data

Wind
(Based on Korea
Meteorological Administration)

Jetty No.

DAS

DWT,
STATE (IN & OUT)

MaxAngle

Factor Factor
QN | wox) | wous)
. Current
prevaling e
physical waves
boundary - peeey
conditions wind
Environ=| - p Closed/Open
ment appearance | quayljetty
Ease of
navigation i
Berthing
) aids
Type of
vessel
Size of
vessel
Vessel
Vessel
Type of type
cargo
Windage
area of
vessel
Method of Berthing
berthing | manoeuvre
Human Use of Equipment
tugs | tugs
Human Human
factor factor

Pilot




S vlgr o 2 Adle] Laden, Ballast
= DWT<e} Zo] PIANCE] Vessel
F5%E YR Laden A4to]

- STATE : DAS dl°]E{¢] IN & OUT &=
JHE SHASFZE QYA o] W
Typeoll sl@d3st= Moy, st&E9 A3
w4 o] ™, Ballast:® 7 3} g o) o}

- Pilot : DAS ®]o]E 2] Pilot(main)3} Pilot(assist) & W<l Z=XALE nigto 2
EAAY] 5485 SHHTE AASAT. ol= PIANCS] Human & 3f
Fete Q1o g EAARe Ado] FHAEKEC IFS vHteE 785
AR 19 EAATE A5 E4AA7EA] 4719 HaE AR sk

W
il
7}

- MaxAngle : A¥to] Wr=zj(Fender)ol]l et wjeo] HelkAd=E
o]t}. PIANC®] Method of berthing, Berthing manoeuvreol 3| s}

ot} o EPWFE HAREI HAEEe HAE FFo| YEA

stel A esAT)

(T —
o )y L

- Wind : Adlo] kgt @& ntg o g |4 e 8t T FFY
A Wind HlolH®E F=xste] WMsE AUt Weather HlolE F
Current$} Waveol| 3]@sl= dlolEl: Hzalz] &gt g HE=o] 9
2| 7F Current$} Waveo] g&o] E3t7] wj&ol A2)stidet. Wind dlolE =
e ol sidste A 5= WHEE AAsiA. ol WG33H
WG1459] Weather dlo] el 3l gge}.

o
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- Berthing Velocity : £ oA &EA3sla1A}st=

=
o
Zen] e 27n AN ZRe s Aute] WEA ] HAESE A

- Berthing Aids : ¥ oA DASE o] &3] 2A=dolE xS st
HE:o] nkt /?_HLo] ok Al DASE 15_3]] HAorE T =
°

Monitoringat™ 7 Fal &

Sw AAL AL 2k

© owr sa

o MaxAngle

&) Jetty No.
O wind
O i

Factors of
Berthing
Velocity
(WG145)

Fig. 4.4 Selection of Variables in PIANC WG145

PIANCol A 53 &R dFS PA= 8% F A (Tugd] 2 -7l
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= AZdoly 4 Tug namevt 7|d=o|glo] WA AAA ALttt whehA
PIANC WG337} WG1459] HA&EE o 43S vx= 82ldd oAt A8
EZYWHEE Jetty No., STATE, Pilot, DWT, MaxAngle, Wind2 A & 3} thFig.
4.4). 67¢] F&W = Jetty No., STATE. Pilot2 32o] AHajA e HFF
H 4=(Categorical Variables)o]™, DWT, MaxAngle, Wind®] 7-$o= A48 W

2=, 2 43 W<S(Continuous Variables)o] ot

zge Azstat BHAER P Wse] REERY ERS A4sL, 7
o7 E¥ YA BZRE A A2 DAANE Adsts PR 2D
oA E fEE FYe @ SACEA FAHRoR, $4

)
qeoz AREgdod A SASH Ay BoklAE B8 Ag 1

&% dlo]HE 10cm/s o]/¢# 10cm/s wRFe] W3 Wy HAs

Table 4.5 Terminal approaching Regulation

1) 5cm/sec or less : allowable speed

) 2) 6~10cm/sec : warning speed
Approaching L . :
o] 3) Over 11~15cm/sec : critical (the master & pilot will be
ee
& black-listed and held accountable if in case of fender

damage)
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SPus, FEUS Y 9B F NS 4AS] A, dolHE 29 9y
o ol B4o] golsta A3 s|4S tEFE A AEeltt. SsHHES, TS5
Mo AAASY Haed 393 ghS AestH Table 4.63 2o

Table 4.6 Variables and descriptions
(N=206)
Variable Type Description Mean
1 =Jetty 1
Categorical Jetty
Jetty No. ) 2 = Jetty 2 1.879
(Nominal scale)
3 = Jetty 3
Categorical ) )
STATE (Nominal le) 1, if Ballast; 0, otherwise 0.597
ominal scale
1 = 1% Class
Dilot Categorical 2 = 24 Class | 35
ilo )
(Ordinal scale) |3 = 3" Class
4 = 4" Class
Continuous )
DWT (Int 1 le) Deadweight tonnages 70088.762
nterval scale
Continuous o )
MaxAngle (Int 1 le) Ship’'s berting Angle (degrees) 7.519
nterval scale
) Continuous )
Wind Max wind speed (m/s) 7.883
(Interval scale)
Continuous L ) .
Max ship’'s Berthing Velocity (cm/s) 7.858

Velocity Categorical _ _

(Nominal scale) 1, if Underl0; 0, otherwise 0.242
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4.2 7|z Holg &4

2067)2] AZHolEE H}
ol oo MFY W

g
M3 W< (Categorical Variable)s #2& % A3}

= = HFo|th 9 F S0 A
, 74, A4 T Category® U= F J& HFE T3t B7d A5y £

[}
He 98] MERAL AT

Velocity(Nominal) Frequency Analysis

156 (75.73%)

50 (24.27%)

I Over10
[ Under10

Fig. 4.5 Berthing Velocity Frequency Analysis
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=
UERSTHEIg. 4.5). o= Brd A FdSEE 10cm/s o

JettyNo. Frequency Analysis

63 (30.58%

(28.16%)

B Jetty 1
] Jetty 2
B ety 3

85 (41.26%)

Fig. 4.6 Jetty No. Frequency Analysis

_54_



P Jetty No.ol A Jetty 1(853]), Jetty 2(633]), Jetty 3(583))o] #<]
3k B &2 Aldlo) ajo} Fe & 4 oHFig. 4.6). STATES] 7%= Laden

RN

FE(1233])9} Ballast ZJEl(833])7F ¢F 6tH49] ®l&E UAThFig. 4.7). Pilot2 1
SAAH1663))2] Hgo] 80%=E dEHo T we AY B 4 Qg g

=
=
1=

T

oAM= Adubo] Heb Al dhFE F@ol B2 =AMV sAdste] #<d
1

>

7} . &
% 9tFig. 4.8). 3 m SgusE NEEY Anet 54 B 5
]_

HetEE 10cm/s o)Al A2 10cm/s ©]s
(=]

State Frequency Analysis

3 (40.29%)

123 (59.71%

Fig. 4.7 STATE Frequency Analysis
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Pilot Frequency Analysis

166 (80.58%

(5.34%)
(5.83%)

I st Class
[ ] 2nd Class 17 (8.25%)
I 3rd Class
[ ]4th Class

Fig. 4.8 Pilot Frequency Analysis

Table 4.7 Cross anlaysis of JettyNo.-Berthing Velocity

(N=206)
JettyNo.
72
Jetty 1 Jetty 2 Jetty 3
13 26 11
Berthi Overl0 (26.0) (52.0) (22.0)
srims : : : 14.519""
Velocity 72 37 47
Underl0
(46.2) (23.7) (30.1)
Tt 85 63 58
ota
(41.3) (30.6) (28.2)

p <., p <.05 p <.01



Jetty No.& AH<¢tESE 10cm/s o) 4Hel 299 10cm/s =¥kl A$2 R sk
WAEAS AN S HTHTable 4.7). 2 A3 22 = 14.519, p = 0.0010.2 Hr<&
o g Jetty No.o| ztol7} frolstAl Uerwth HtEE 10cm/s o349 A
S ‘Jetty No.2' 263(52.0%), ‘Jetty No.1' 133(26.0%), ‘Jetty No.3' 113]
(22.0%) o2 =2 HIEE BT v HAESE 10cm/s ol3hl 45 ‘Jetty
No.1’ 723](46.2%), ‘Jetty No.3’ 473](30.1%), ‘Jetty No.2> 373](23.7%) 2
2 B2 UEE BT HSEE 10cm/s v 5l A 9-oll= Jetty No. Ao H
TSR3 v =% AES Holy 10cm/s ©]/3el Aol Jetty No. 29 W=7}
52%% ¥lnA F2 vE&& At thFig 4.9, Fig 4.10).

JettyNo. (Under10) Frequency Analysis

37 (23.72%

(30.13%)

72 (46.15%) I Jetty 1

[ Jetty 2
B Jetty 3

Fig. 4.9 Jetty No.(Underl0) Frequency Analysis
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JettyNo. (Over10) Frequency Anlaysis

26 (52%

1 (22%)

B ety |
L uety?2
B -ty 5

13 (26%)

Fig. 4.10 Jetty No.(Overl0) Frequency Analysis

Table 4.8 Cross anlaysis of STATE-Berthing Velocity

(N=206)
STATE
.’132
Ballast Laden
33 17
Berthi Overl0 (66.0) (34.0)
=i ' ' 18.140"
Velocity 50 106
Underl0
(32.1) (67.9)
83 123
Total
(40.3) (59.7)

p <., p <.05 p  <.01
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STATEE #He¢ES 10cm/sE 7]&Eo 2 BEshy
1

b
9
=
rt
(@)
—
o=
—
&3]
lo
El

(Table 4.8). A 2? = 18.140, p = 0.0000.2 H<F&

(e}
AR folal Ut HAEE 10cmfs o4

(66.0%), ‘Laden’ 173](34.0%) <o 2 Yelyror, H<E&% 10cm/s ©]3s}<l
£ ‘Laden’ 1063](67.9%), ‘Ballast’ 503](32.1%)°. Bl A3k zo)=

B A oHFig 4.11, Fig 4.12).

o
o
o
&
=
o
(@]
23
o
<o
tob

73

fru
iy

State (Under10) Frequency Analysis

(32.05%)

106 (67.9

[ |Ballast
I Laden

Fig. 4.11 STATE(Under10) Frequency Analysis
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State (Over10) Frequency Analysis

17 (34%)

33 (66%)

[ |Ballast
B Laden

Fig. 4.12 STATE(Overl0) Frequency Analysis

Table 4.9 Cross anlaysis of Pilot-Berthing Velocity

(N=206)
Pilot
.
ISt Class | 2™ Class | 3™ Class | 4™ Calss
38 7 3 2
OverlO
Berthing (76.0) (14.0) (6.0) (4.0) 3,040
Velocity 128 10 9 9 '
Underl0
(82.1) (6.4) (5.8) (5.8)
166 17 12 11
Total
(80.6) (8.3) (5.8) (5.3)

p <.,p <.05 p <.01
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mpzlgto 2 =YW S Pilote HekEE 10cm/s o4 74-%-9F 10cm/s vl gkel

A9z Byste] nxEAS AASAHTable 4.9). 2 A3 * = 3.040, p =
L=o] W& Pilot M 2= FYF 237 YEFUA &gt Wl

EEAM Ayes HAEE 10cm/s o)de AS ‘Ist Class’  383](76.0%),
‘2nd Class’ 143](14.0%), ‘3rd Class’ 33](6.0%), 4th Class’ 23](4.0%) <=2
2 2L ¥MEE BYy. 9 HeEE 10cm/s o)) ZA$ ‘st Class® 128
3](82.1%), ‘2nd Class’ 103](6.4%), ‘3rd Class’ 93](5.8%), ‘4th Class’ 93]
(5.8%) o2 Be WM=ZE B} Pilot Wo A-$ 10cm/s v R 10cm/s ©
d BE 19 =AY HlEo] o1 o]A& A Pilote] HI=EMy 7o 7

39 ®QTHFig 4.13, Fig 4.14).

Pilot (Under10) Frequency Analysis

128 (82.052

(5.77%)

(5.77%)

1st Class
- 10 (6.41%)

[ ]2nd Class
I 3rd Class
[ ]4th Class

Fig. 4.13 Pilot(Under10) Frequency Analysis
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Pilot (Over10) Frequency Analysis

38 (76%

2 (4%)

0
I 1st Class 3 (6%)
[ ]2nd Class 7 (14%)
I 3rd Class
[ ]4th Class

Fig. 4.14 Pilot(Overl0) Frequency Analysis

3
A< H(Continuous variable)2 A3 Wao]Z = Scatter Graphs &3t
|

HAEE S y=O0 7 & Scatter
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DWT - Velocity Scatter Graph
25

20

15

10

10cm/s

Velocity

m(lR
-

T T T T T T T 1
0 50000 100000 150000 200000 250000 300000 350000
DWT

Fig. 4.15 DWT-Velocity Scatter Graph

Scatter GraphE %3 DWTS} Het&m 7he] #A(Fig. 4198 23 2d R(R
square) #t-> -0.1417724 A o] wl$ vt a3y S5 FAE Hold
A Ol Ashet DWT7F 242 Holes 2o ko Ao oF &= 9jt} o] AMut
o] AeFo] F4F FH<lol | ol 7] W&o tAFoRE e FHAEHE
_g_ [e]

)
FASE Mupo] ML & & Sk,
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10cm/s

- Velocity Scatter Graph
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Wind - Velocity Scatter Graph
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Table 4.10 Qualitative interpretation of Correlation coefficient

Absolute Value of Strength of Linear
the Correlation Coefficient Relationship
0.0 ~0.2 Very weak
0.2 ~04 Weak
0.4 ~ 0.6 Moderate
0.6 ~0.8 Strong
0.8 ~1.0 Very Strong

o AR CE fFostol M Ho] FHATE dutslete] AL
& 9tk mekA FuASst fe4e mE @ J@ERHel A}E Table
4113 2o},
Table 4.11 Correlation Analysis of Continuous Variables
(N=206)
Velocity DWT MaxAngle Wind
Velocity 1 -.1427 .164" -.105
DWT 1 -.390" -.106
MaxAngle 1 -.182™
Wind 1

p <., p <.05 p <.01
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Horsr el 7 Wi ¥ AdEA A} Velocityet DWT g2 r=-0.1420]9 »p
=0.0422 4 S A#AAZS 7FA ™, MaxAngle #-S r=0.164, p=0.028Z 4 %<
BHBAE 7T ABAT Grol A FANE oFgF AAAATVE vkl £4
FHAo. sHAITE Winde] A-$ r=-0.105°0]4 p=0.133.2 {Fo5}A %= FHo=
Uelstth DWT MaxAngleo] A##A=  r=-0.390, p=0.0002.2 o] A&+
AE 7R, DWT<} Winde] d3#3A = r=-0.106, p=0.1282 4 F2]3}# &%t}
Mo 4adA 248 |\ 7l ok Phi A<=t Cramer’ s V

£ ARESte] 4%t Phi Alg+= vlxdld W57t o, oo 2ol 2719
Velocity®} STATES] A#AAAE B4 F

] =
Mo Bt HFEE 1A =2 Phi A4S ALs+9 . Cramer’ s
] A

Table 4.12 Correlation Analysis of Categorical Variables

Value Aprrox. Sig
Velocity - Cateiifical Phi 0.267 0.001
Jetty No. Categorical Cramer’'s V 0.267 0.001
N of Vaild Cases 212
Value Aprrox. Sig
Velocity - Cateizfical Phi -0.274 0.000
STATE . Cramer’s V 0.274 0.000
Categorical
N of Vaild Cases 212
Value Aprrox. Sig
Velocity - Categorical Phi 0.110 0.465
Pilot oy . Cramer’s V 0.110 0.465
Categorical
N of Vaild Cases 212
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Table 4.140] w=w Velocitye} Jetty No.o] 7% Cramer’ s V AlF Ftol
0.267°0]™ p=0.0012Z4 < AIAAAE 713 STATES Z-$ Phi A4 @2

-0.274, p=0.0002.2 <A Velocity$}o] A#3A S 7}zith Pilote] A9 p=0.465
2A FosA e ASE YERTH

4.3.2 n A

AR BEARY AYHNER 249 ¥5Y WsE o BFE 1%
NA Ao NERAFEES ol g3t T wls o] 45EYY B BAY Y=
A sk W ol tH(o] &<, 2008).

44 Jetty No.9} STATE zte] w4 -& F3 ddAd<s E43AH. 4
A 2? = 24.290, p = 0.0002.2 Jetty No.9} STATE ¥4 Atol= =3 3Z o]x
S & 5 AKTable 4.13).

Table 4.13 Cross anlaysis of JettyNo.-STATE
(N=206)
JettyNo
LUQ
Jetty 1 Jetty 2 Jetty 3
28 41 14
Ballast
(33.7) (49.4) (16.9)
STATE 24.290™"
Laden 57 22 44
(46.3) (17.9) (35.8)
85 63 58
Total
(41.3) (30.6) (28.2)

p <., p <.05 p  <.01
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AF7HE S A e sA Fi(Table 4.14).

Table 4.14 Cross anlaysis of JettyNo.-Pilot

(N=206)
JettyNo
2
Jetty 1 Jetty 2 Jetty 3
" 69 48 49
1** Class
(41.6) (28.9) (29.5)
4 9 7 1
2" Class
) (52.9) (41.2) (5.9)
Pilot 6.177
3" Class X > 4
(25.0) (41.7) (33.3)
4™ Class 4 3 4
(36.4) (27.3) (36.4)
il 85 63 58
ota
(41.3) (30.6) (28.2)

p <.,p <.05 p <.01

m}z)gto 2 STATES} Pilot 7He] mEA L E3] ABAHL BEA31YTh B4
Azt o? = 2148, p = 0.542°.2 STATES} Pilot W4 Ato]&= kA Jetty No.ot
Pilot W5 Abelsh mb7HA R W Aol S@Aolehs AR/IEE AE s
g th(Table 4.15).

rJ
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Table 4.15 Cross anlaysis of STATE-Pilot

(N=206)
STATE
72
Ballast Laden
" 67 99
1** Class
(40.4) (59.6)
4 9 8
2" Class
. (52.9) (47.1)
Pilot 2.148
q 4 8
3" Class
(33.3) (66.7)
3 8
4™ Class
(27.3) (72.7)
83 123
Total
(40.3) (59.7)

p<.1,p <.05 p <.01

433 WA

STATE, DWT, MaxAnlge©]tHTable 4.16).
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Table 4.16 Selection Variables

(N=206)
Independent o
. Type Description Mean
Variable
] 1 =Jetty 1
Categorical
Jetty No. ] 2 = Jetty 2 1.879
(Nominal scale)
3 = Jetty 3
Categorical ) )
STATE . 1, if Ballast; 0, otherwise 0.597
(Nominal scale)
Continuous )
DWT Deadweight tonnages 70088.762
(Interval scale)
Continuous o, _
MaxAngle Ship's berting Angle (degrees) 7.519
(Interval scale)
Dependent L
. Type Description Mean
Variable
Continuous Max ship’s Berthing Velocity 7 858
Berthing (Interval scale) | (cm/s) ‘
Velocity Categorical _ .
) 1, if Underl0; 0, otherwise 0.242
(Nominal scale)

44 A3

yE FHUS xE SYES y - ax + b e J1¢y] Ao Hed A
Hol Qe W 71€7] at xol tisl Hae] Akt 7SS e b
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Y=XB+e¢ (4.4)
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218 ulgro g XW¥al Jetty No., DWT, STATE, MaxAngleE %<
, VelocityE® =842 3le BAL A9 =3 03488 84

H+Y = Gr)H(dummy variable)E #HEs T CrHsE ¥
1= dgjxen 393 WE ofrdn w}aw 87 2o AR
T3 T2 s} < 4= HAFE o= A et
s} Ayl Table 4.173% 2.
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Table 4.17 Dummy Variable Transformation

Dummyl Dummy?2 Dummy3
Jetty No.1 1 0 0
Jetty No.2 0 1 0
Jetty No.3 0 0 0
STATE
1 0
Laden
STATE
0 0
Ballast
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Table 4.18 Result of Multiple Regression

Adjust .
R R Square F Sig.
R Square
Model
0.374 0.140 0.118 6.507 0.000
. Unstandradized Standradized
SEUES Cofficient Cofficient
Regression t Sig.
Analysis
B Std. Error Beta
(Constant) 10.933 1.475 7.411 0.000
Jetty No.1 -2.786 1.025 -0.296 -2.717 0.007
Jetty No.2 -0.986 1.141 -0.098 -0.864 0.388
DWT -1.642E-05 0.000 -0.193 -1.936 0.054
State
-2.064 0.662 -0.219 -3.116 0.002
Laden
MaxAngle 0.100 0.084 0.087 1.187 0.237

1

= g
ol EAIFOE {oldA & & £ Jrh T3 {FolskR] & HEU &=
! £33 SHHS g Y] AR A2 (forward selection)

AgsE A A B k2 (stepwise  selection)
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Table 4.19 Result of Multiple Regression after stepwise selection

Adjust .
R R Square F Sig.
R Square
Model
0.363 0.132 0.119 10.233 0.000
. Unstandradized Standradized
heligls Cofficient Cofficient
Regression t Sig.
Analysis
B Std. Error Beta
(Constant) 10.997 0.672 16.360 0.000
Jetty No.1 -2.248 0.671 -0.239 -3.349 0.001
State
-1.968 0.651 -0.208 -3.022 0.003
Laden
DWT -1.461E-05 0.000 -0.175 -2.410 0.017
SANY RS Bl foluld WEE Mustel AT GFHPHARY 2
IH(Table 4.19)0] wt=w =3 o] R?9] Zto] 0.1320.2 HA| u]$ Yo} EAZ O
2 REA e ARE Ugth ol B ARE o] g My HAHE
22 e £2elE FHrt Ul Brks AL dudth gekd BEHE
A BHAAHREE HUEE d=0o] oJyeH, HUAEEN IFS HX= &<
geto] oz B AFdAE HAdy JEe BEte] HAEE 3w
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AS5HA dsrd dugF

AS5ud dugEs 753517 f8) HolyH E4o AEH Z=EIHR <o,
IDE(Integrated development environment):= Table 5.13 Zt} ZZ 1w o]
T RE& AHE3ton, B3/ EE4DE)S R Studio Serverg A X|ato] 7o
A JoE AW HEste EANH S AT

Table 5.1 Analysis environment

Name Version
A programing language R 3.5.1
IDE R sutdio Server 1.1.456

RE& B3 0Z4Lx £ZEYOZA GPL golAd2E Z gttt A AA <
A7abgel FA, dolgvteld, HAldYd, A4s =7 o daEs AT
stal Ffath RelAe &4 71%- Packages}t 3tm, £ AFoA ALEH R
+ Table 5.2¢} Zt}.

Table 5.2 Machine Learning algorithm package in R

Algorithm Package Version
C5.0 C50 0.1.2
RandomForest randomForest 4.6-14
Logistic Regression glmnet 2.0-16
Artificial Neural Network nnet 7.3-12
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ol gtg}r Bl &= Table 537 Zt}h C5.02 dF HI=E
7150l WA=l AT AREsHA] Fskth AP EZH2E Y 75 5070 9
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Table 5.3 Hyperparameter

Algorithm Hyperparameter
C5.0 trials = 1
ntree = 50
RandomForest mtry = 2

importance = T

Logistic Regression family = binomial
size = 10
maxit = 1000
Artificial Neural Network decay = 0.1
rang = 0.1
bag = False




Training Data

L 4

Data Training Labels
Labels Test Data
Test Labels

Training Data

Hyperparameter
Values

Training Labels

Test Data

L J

Algorithm

:/_\ Model
w

Model\

—> Prediction

—'[Performance]

Test Labels

Hyperparameter

Data m / Final
Learning Model

Labels W

Fig. 5.1 Hold-Out method
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A HA A= AA el S Train sete} Test seto 2 M:H3HA Y=t
o714 Test sete &5 diaglss A% AMEL dHolEHY TS stA dAo
2

i

HE 2/3L Train set® 1/3& Test set= A3}
T WA A= AES g g EFE AgsteE dolt. o474 stolH iyt

=]
g E A Qs mde dFHAIH

It

A AR GAE Test GAZA, Test sets T3t 2do gk 458 F4
ot Hq71A shad dadlEs T8k Test setd] e

PR g o2 A HeolHE st vl sk dalglEe A4 HF Y
< YA

kA B Aol 206709 AAHHE 7:39 Bl&= Train data set(144

/M= Test data set(6270)= TE3tATh 72 YA FLEE JAEA YT, Y
AS AF839 o™ Training data setS

2

TeliE, BA2Y HARY, AF

=
olgs] 2+ duElEE =d F= T Test data setS o] &3l AHeHln

< SHoh

RS
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& 98t 39 20679 ASHolHE ngew
£33k Train data set(1447§)2 AH-&31$ )

5.2.1 YAEA YR

Fig. 522 A2 US C5.0 daglEe &3t Re ol&d A52ds

T3 Aotk JAEAZAUT daglFor ASRd 7543 1049 =28
TA9t. £4&WS STATE, Jetty No. DWT, MaxAngle A& AA o] F&£5
= TEE BAFa v mEbA gAEAUT dagso] o3 74 FEWS
H Fo5= =29 =49 wel STATE -> Jetty No. -> DWT, MaxAngles} 7
=3

AAAARF YT dagF E4d m2H 4 STATE ¥4 2J3)] Laden “JEl
9} Ballast Aol Z$ 2 REedt}. Ballast Aefel 729 Jetty No. ol it

o= 1 Jettye] A% DWT 50275 tons 7|2 UA] B8 & 3W
Jetty®] 7% MaxAngle 9.1¢] e = REojHth

GANAR YT dagE ALAH AA SFdlely 13970 F 25709 2#/7}
Ak 17.99%2] 2 F/&(error rate)S RSt} Table 5.49F o] ZA| 10cm/s
o]} HlolEl= 3570 15719 S BREZ 5991 10cm/s o]t tlolEl= 10470
9] dglolg F 10715 2LEF 3% tHTable 5.4).

Table 5.4 Classified Train data in Decision Tree

Classified
) Over 10 Under 10
Train
Over 10 20 15
Under 10 10 94
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Fig. 5.2 Result of Decision Tree

_82_

=1 Jetty-

3

Node 9 (n = 6}1
=

Under10 OQver1

08
06
04
0.2
0

8]
MaxAngle

<9.1

Under10 Oweri0Z2

L

ode 10 (n = E;I

0.8
0.6
0.4
0.2
0



522 AP XY 2E

AD x| 2B AP dugF 847 Fg 5337 Zo] 50719 Ui T+t
S W 2FEe] M 3Ee As ¢ F UM 2F/7E

26.62%=A ER77F vz WA HA= gt Table 4.63 o] XA
10cm/s ©]’¢ dlelEH+= 22719 LEFE ¥ 10cm/s ©]sl delH+= 157/E

LEF st THTable 5.5).

rlo

0.7
|

\ '4 \ \
] \ / -
\ - f\’ Vi - - A= 4 NS -
L ! ] \ L b, IO ’
o » \ '
b
\s
w
5 © B Worst
= W Overall
" e . B Best
o

0.2
I

trees

Fig. 5.3 Result of Random forest

Table 5.5 Classified Train data in Random Forest

Classified
) Over 10 Under 10
Train
Over 10 13 22
Under 10 15 89
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Decrease Accuracy)ol]l weh SH5HTe 25
F JAAE B4 A7
gk gtolth. B = Ak

-> MaxAngle <=A2tx & 4= 9t}

b

2B duEe] FH5U5E FAEE Fig 543 2ok 4%
o g

oL
2
o H
[

State o
DWT 0
Jetty.No. o
MaxAngle | ©
| | T | T
-4 s 0 2 4

MeanDecreaseAccuracy

Fig. 5.4 Importance of Dependent variables in Random forest
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5.2.3 EX2E3]H

B AL oN TEHYS

S}4]

o)} o,
w =

10cm/s w|¥H3le] 2228 3]

Y= ol F&

143 R® gro] EAAOZ §9
oJEHTE FE(10cm/s ©]4

ZA 2 3ARA A} Table 563 o B4 Ay, FEHHF T
STATES] ZAHS HFoFFolA 1%olstZ oty oy, Jetty No. DWT,
MaxAngle®] 79 TAHC=E {FoIFS Ao 53] WHF DWTS
MaxAngle2 F & Eo) A= F&Fo] Aoz A YetEith

Table 5.6 Result of Logistic Regression
Estimate Std. Error z value Pr(> |z |)
(Intercept) 9.151e-01 6.893e-01 1.328 0.184313

Jetty. No. 1 - - - -

Jetty. No. 2 -9.692e-01 5.361e-01 -1.808 0.070620

Jetty. No. 3 -9.819e-01 7.495e-01 -1.310 0.190211

DWT 4.168e-06 6.240e-06 0.668 0.504123

STATE Ballast - - - -

STATE Laden 1.607e+00 4.583e-01 3.507 0.000453

MaxAngle -5.204e-02 5.403e-02 -0.963 0.335414
242837 FuE HeAD A4 sgelold F 30749 2FvF @yl

o 21.58%2]
Aot 1174 2)

L
g ouR st

(@]
=
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Table 5.7 Classified Train data in Logistic Regression

Classified
) Over 10 Under 10
Train
Over 10 16 11
Under 10 19 93
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ANFAEE dads: A8 A3 1079 =
=9 AuHFig. 5.5. 10719 24 Tel< 10712 =AY g7t e =
o

9% Pro A5 omat 449 g

(weight)+= Table 5.83 Zt}.

B2

lo.Jetty-2
lo.Jetty-3

DWT 01 Velocity

:ateLaden

MaxAngle

Fig. 5.5 Result of Artificial Neural Network
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Table 5.8 Weights of Artificial Neural Network

Weights
Input Layer - Hidden Layer -
Hidden Layer weight Output Layer weight
I1 2 I3 14 I5 01
H1 -0.15 -0.10 0.00 0.00 -0.69 -0.35
H2 -0.01 0.00 0.00 -0.01 -0.20 -0.89
H3 -1.29 -1.08 0.00 1.69 0.03 2.49
H4 -0.64 0.00 0.00 -0.78 -0.29 1.59
H5 -0.01 0.00 0.00 -0.01 -0.20 -0.89
H6 -0.13 0.00 0.00 -0.53 -1.30 1.64
H7 -0.01 0.00 0.00 -0.01 -0.20 -0.89
H8 -0.01 0.00 0.00 -0.01 -0.20 -0.89
H9 1.08 0.63 0.00 0.38 -0.34 -1.26
H10 0.80 0.38 0.00 2.21 -0.26 2.31
Table 5.9 Constant of Artificial Neural Network
H1 H2 H3 H4 H5 H6 H7 H8 H9 H10
Bl 0.04 | -0.01 | -0.53 | -0.64 | -0.01 | -0.13 | -0.01 | -0.01 | -0.23 | 0.83
O1
B2 -0.09
IZAUZWE Table 599 ol el g} 7HFAl o8] eYFe =24
28 F58 JHAA Hy ol& Al 2 FolA WAY BEYSEE T
=
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Table 5.10 Discriminant Function of Artificial Neural Network

Discriminant Function

Output o1 -0.39-(0.35xXH1)-(0.89%H2)+(2.49xH3)+(1.59%xH4)-(0.89%H5)
Layer +(1.64%xH6)-(0.89xH7)-(0.89xH8)-(1.26XH9)+(2.31xH10)

H1 0.04-(0.15X%11)-(0.10%12)-(0.69%15)

H2 -0.01-(0.01xI1)-(0.01x14)-(0.20%15)

H3 -0.53-(1.29x11)-(1.08%12)+(1.69%14)+(0.03xI5)

H4 -0.64-(0.64x11)-(0.78%14)-(0.29%15)

Hidden H5 -0.01-(0.01XI1)-(0.01x14)-(0.20x%I5)

Layer H6 | -0.13-(0.13%11)-(0.53%14)-(1.30xI5)

H7 -0.01-(0.01xI1)-(0.01x14)-(0.20%I15)

H8 -0.01-(0.01xI1)-(0.01x14)-(0.20%I15)

H9 -0.23+(1.08x11)+(0.63%12)+(0.38%14)-(0.34xI5)

H10 | 0.83+(0.80XI1)+(0.38X12)+(2.21x14)-(0.26XI5)

AFAA4E FHEGFE Tt E7E dole= Table 5113 Zoh A 3
F At 17.99%9 S /&S 7FX™, AA 10cm/s

Mol A 18719 LEF/FE sF¥ L 10cm/s ©]3F Hlo|H = 10470
94 Holy F 7T/WE 2LEF 3

fy
n)
-
a
DN
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Table 5.11 Classified Train data in Artificial Neural Network
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53 d&=d AsH|

531 &5 3=

HAal#d ZjelA md A3 JrLE S8 oz Agste ¥R EF
&) 2 (Confusion Matrix)& ©] 43+ H7} A& Aot &% PHFL Halgyd =

]

oy 7@ BRO o= WFe dolge Ax B WFE wAE(cross
table) Fel= Gl PLL o EPAS, F BEWST} 2-1

of = Table 5.123 o] AATHEIE, 2019).

Table 5.12 2*2 Confusion Matrix

Prediction
Y N
Actual
v @) X
(TP : True Positive) (FN : False Negative)
N X O
(FP : False Positive) (TN : True Negative)

Table 512014 0ol sgst= A7t ey mdo] Lul=7 =3 7
S = o= WEgho] Al WEFI X} ASLE DI wgz Xo| A%
i HAHy Z=do] T

-
2 FP(False Posm\/e), AA 2= JA HEYE A 9

=3+ —‘?—%— FN(False Negative)z} 3%ttt

HE
rﬂ
—{o
i



U HaEn J=wdoAE Train data setg o] &3 HAagd L1g
A0 ME TF P& AAA LFE Oiste AdFstH oY, H
S2d A5 HuE #3te] Test data set(627])< dHstd tA &5
< s tHTable 5.13).
Table 5.13 Result of Confusion Matrix
Decision Tree
Classified
Over 10 Under 10
Test data
Over 10 9 6
Under 10 14 38
Random Forest
Classified
Over 10 Under 10
Test data
Over 10 9 6
Under 10 11 41
Logistic Regression
Classified
Over 10 Under 10
Test data
Over 10 8 7
Under 10 11 41
Artificial Neural Network
Classified
Over 10 Under 10
Test data
Over 10 7 8
Under 10 6 46
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T35 dEE& Tt ALE F e HAYHY 2 HUF AEes A=
(Accuracy), <L F&Error rate, 1-Accuracy), W =(Sensitivity), Eol%=

(Specificity), A= =(Precision)”} At} A== A EF HFS HE3HA o

=Ra =1
=3 ¥ &S T oRFES I NhgE A EF HFE ZE EFI 680
o A EE AAR FAPositive)?] HF FollA FAHT o2 SHIEA dF

(True Positive)d+ ®]&-S walw hit ratio, #|&&(recall), TP rateg}ailx= 3+
Eol== AA BA-HNegative)?]l WHF FolA ‘BA* o2 gHlEA o Z(True
Negative)$t vl &S L3 FAUEE =3k HolH F &8lE2A dF

=
£S5 El_t%]o] oﬂ
H dHloly Y Hl &S ZIT

=

Table 5.14 Evaluation Index of Machine Learning Model

. Artificial
. Decision Random Logistic
Calculation . Neural
Tree Forest Regression
Network
(TP+TN)/
Accuracy 0.7015 0.7463 0.7313 0.7910
(TP+TN+FP+FN)
(FP+FN)/
Error rate 0.2985 0.2537 0.2687 0.2090
(TP+TN+FP+FN)
Sensitivity (TP)/(TP+FN) 0.6000 0.6000 0.5333 0.4667
Sensitivity (TP)/(TP+FN) 0.6000 0.6000 0.5333 0.4667
Precision (TP)/(TP+FP) 0.3913 0.4500 0.4210 0.5384

Table 5.14= &% dF=E& 3519 A4 =g HrE A xo] A4k} Table
5.139] A3 = nigto g ARG d¥ Pyl 7o) HwE el Aot o



4% e e omu s A7)

2.3HOlson et al., 2008).

F—measure = 1 1 5.1

Presition = Recall

2 5,15 Axtstrl A Aelstd 4 5.29F 2o

2TP
F—measure = S TPt FN+ FP (5.2)

4 520 wel £F WL F =md AHE FHFsh Table 5159
o] A At

Table 5.15 F-measure

Algorithm
o o Artificial
Decision Random Logistic
. Neural
Tree Forest Regression
Network
F-measure 0.4737 0.5143 0.4706 0.5000
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Fig. 5.7 ROC curve
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ROC =A4lel & =4

1ol RS, &
3]

ROC =A< Fig 5.8% 2t} ROC
Zde) AUCHY] wet AT 2~E, ATAAY, JAAANE, 242857

d]ll o e
L=
AUC
> 3 )
z I 0.6974359
(=]
o~ - 3 0.7025641
o B Decision Tree
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Fig. 5.8 Compared with ROC curve
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Artificial
Neural
Network
0.5000
0.7026

Logistic
Regression
0.4706
0.6744

Algorithm

Random
Forest
0.5143
0.7038
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Decision
Tree
0.4737
0.6974

Table 5.16 Adopting the final machine learning model

F-measure
AUC
Adoption
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