CHBHE S Sl =2 %l
Journal of the Society of Naval Architects of Korea

elSSN:2287—-7355, Vol, 57, No. 6, pp. 312-321, December 2020
https://doi.org/10.3744/SNAK.2020.57.6,312

MEHS T|7AIshS 7IHS 885t M&H|thMe
UAHKEAS £

2, 1 1t
ASH w7 Ay -0/ g - L
=| 1
MEHYZHE 1A
= = = =192
B0ism Motai gt

Prediction of Residual Resistance Coefficient of Low—Speed Full Ships

Using Hull Form Variables and Machine Learning Approaches
Yoo—Chul Kim'-Kyung—Kyu Yang?-Myung—Soo Kim'-Young—Yeon Lee'-Kwang—Soo Kim"'
Korea Research Institute of Ships and Ocean Engineering (KRISO)'

Department of Naval Architecture and Ocean Engineering, Chungnam National University2

This is an Open—Access article distributed under the terms of the Creative Commons Attribution Non—Commercial License(http://creativecommons, org/licenses/by—nc/3.0) which
permits unrestricted non—commercial use, distribution, and reproduction in any medium, provided the original work is properly cited,

In this study, machine learning techniques were applied to predict the residual resistance coefficient (Cr) of low—speed full
ships, The used machine learning methods are Ridge regression, support vector regression, random forest, neural network
and their ensemble model, 19 hull form variables were used as input variables for machine learning methods, The hull form
variables and Cr data obtained from 139 hull forms of KRISO database were used in analysis, 80 % of the total data were used
as training models and the rest as validation, Some non—linear models showed the overfitted results and the ensemble model
showed Dbetter results than others,
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Table 1 Local hullform variables adopted in the regression
analysis (Kim et al. 2019)

Variables Description
L/vY? | Length—displacement ratio

RA Run angle at station 3

EA Entrance angle at station 19.25

Cbf Block coeff. of fore ship

Cba Block coeff. of aft ship

Cwf Waterplane area coeff. of fore ship
Prismatic coeff. ratio of aft and fore ship

Cpaf
Cpa/Cpf
Parameter of shape of skeg in aft ship

T engine room breadth at 2.5 station/shaft
center height

Vous Parameter related with bow bulb volume
bulbareaf * bulbareas * T
Length between max. curvature position

L1 (Cp curve) and \
| A\—curvature max pos.|/ LBP

L2 N2LBP

A LWL x 2nFn?

Table 2 Variables used in machine learning analysis

Variables

L/~"3ecrpoly”

Cpafscrpoly”

Cbecrpoly”

Loubecrpoly”

EAe«crpoly”

Cwfecrpoly”

Cbfecrpoly”
RA
Chba
Engb/Lbp
Fr?
Cp at 0.7Lbp (cp14)
Cp at 0.75Lbp (cp15)
Cp at 0.8Lbp (cp16)
Cp at 0.85Lbp (cp17)
Cp at 0.9Lbp (cp18)
Cp at 0.925Lbp (cp19)
Cp at 0.95Lbp (cp20)
Cp at 0.975Lbp (cp21)
*crpoly: Cr obtained from Fn polynomial
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Table 3 Hyperparameter sets for support vector regression

No. C epsilon
0 1 0.01
1 1 0.05
2 1 0.1
3 5 0.01
4 5 0.05
5 5 0.1
6 10 0.01
7 10 0.05
8 10 0.1
9 50 0.01
10 50 0.05
11 50 0.1
12 100 0.01
13 100 0.05
14 100 0.1
15 500 0.01
16 500 0.05
17 500 0.1
Scores by parameters
0.94 4
0.92 4
0.90 4
5
8 0.88
0.86 -
0.84 4
0.82

012 3 45 6 7 8 9 101112131415 16 17
Parameter set

Fig. 8 Hyperparameter tuning in support vector regression
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