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Abstract

Lightweight, one of the most important factors to be determined in the ship design process. If lightweight and center of
gravity are incorrectly estimated in the initial design, may incur additional costs for the use of lightweight materials. Scantling
of additional ballast and member dimensions is required to adjust the center of gravity, and weight and center of gravity are
determined by the combination of many weight factors. So initial estimation is difficult. Moreover the process is complicated
as the process progresses. The purpose of this study is analyze existed vessels light weight data and to predict light weight
using deep running that one of artificial neural network techniques at the beginning of design. Therefore, it is simpler and
easier to estimate than the conventional method, so that the initial design stage time will be shortened and accuracy will be

improved. Designer can efficiently perform the design work.
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Fig. 1 Artificial Neural Network before Deep Learning
& Artificial Neural Network Using Deep Learning.
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Table 1 The Parameter data range

Parameter Range of parameter
Data distribution 93
L 158.0 ~ 308.0 m
B 272 ~ 428 m
D 13.8 ~ 246 m
(dez(ijgn) 8.75 ~13.0m
Input Ts
T 9.2 ~145m
Disp. 26,400 ~ 134,500 ton
TEU 1,600 ~ 8,500 TEU
Co 0.58 ~ 0.78
Ouput | -9t 7,050 ~ 33,200 ton
weight
Table 2 Testing set(Out of range)
Parameter Data
L 316.4 318 321
48.3 48.2 456
D 27.2 26.8 27.2
(deTs(ijgn) 13 12.5 13
[nput s
(scantling) 16 14 15
Disp. 170,123 | 160,648 | 146,854
TEU 11,000 | 10,500 | 9,200
Co 0.68 0.73 0.65
AlAgol| sH5AI717| M ClolE] HrsHNormalization) S AA|

slof grE=2 dst &l w2t

B3I CHANN, 2003). 1 Al
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UHHLE SESP| Mol ZHsofet Z=HS2 Table 32 &

Table 3 Learning condition

Condition Value
Batch size 50
No. of Hidden layer 10, 8, 4
Learning rate 0.001 ~ 0.00001
No. of learning 5000 ~ 30000
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2t 2UASE I skgol ZE AMBMAL0| Testing
Set(17 Case)= Esio] HotE2 FHSINCE of2ff Table 4
of 2YAIS0c} Testing Sete| 22t 2%

= = *_éiﬂ x=0| 7t
o 2 2 gt HERRICE Testing Sete
2ol Zlolof 2} B 2XFE0| Holrl He 5—.&%‘ = A%,
Parameter rangeS BI0{LF= 15~17 Case?| Zif= HEE
o 2 2of W2 g2 2ot
SEAIPE HE &
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A, =Cy (L B~ D/10*)"" (3)
W,=0C,» L'« (B+D) « ¢%/10°
W,=k,(L e+ B) n
VVm _km PS/’IICO

=W+ W, + W,

0f7|M, Ci2 325(325~350), C,2 50(50~54), ko2
0.3(0.30~0.35), k= 0.066(0.066~0.075), PSyco F7| 22|
&0 E=0|n, L2 £MZE, B2 ME D2 20, G2 &
AHZ=0|ct

Table 4 Error of test data by number of hidden layers

Test data | 10 Layer | 8 Layer 4 Layer
1 1.26E+00 | 4.51E+00 | 1.12E+00
2 3.75E+00 | 3.22E+00 | 7.76E+00
3 7.40E+00 | 1.09E+01 | 5.09E+00
4 4.20E+00 | 5.89E+00 | 8.18E+00
5 3.75E+00 | 5.42E+00 | 1.29E-01
6 9.47E+00 | 1.27E+01 | 1.79E+01
7 9.69E+00 | 1.15E+01 | 1.38E+01
8 8.33E+00 | 9.18E+00 | 1.32E+01
9 1.27E+01 | 1.47E+01 | 1.90E+01
10 8.60E+00 | 1.02E+01 | 1.71E+01
11 448E+00 | 6.16E+00 | 1.34E+01
12 1.36E+01 | 1.50E+01 | 1.80E+01
13 149E+01 | 1.63E+01 | 1.82E+01
14 1.01E+01 | 1.21E+01 | 1.48E+01
15 1.08E+01 | 1.39E+01 | 1.47E+01
16 448E-01 | 3.77E+00 | 1.20E+00
17 1.67E+00 | 1.05E+00 | 2.59E+00
Average 7.36E+00 | 9.21E+00 | 1.09.E+01

Table 5 Error of test data by Empirical formulas

Test dote | fnpiicel | Emerical
1 2.05E+01 1.73E+01
2 1.88E+01 1.46E+01
3 3.43E+01 1.48E+01
4 3.15E+00 2.90E+00
5 2.05E+01 2.44E+01
6 1.53E+01 1.58E+01
7 9.96E+00 1.56E+01
8 1.29E+01 1.97E+01
9 1.87E+01 1.17E+01
10 3.34E+00 1.91E+01
11 8.05E+00 2.07E+01
12 437E+00 9.86E+00
13 3.39E+00 4.96E+00
14 2.63E+00 1.37E+01
15 7.76E+00 1.27E+01
16 147E+01 1.50E+01
17 8.11E+00 1.19E+01
Average 1.21E+01 1.44E+01
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