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The first step is to determine the principal dimensions of the design ship, such as length between perpendiculars, beam,
draft and depth when accomplishing the design of a new vessel. To make this process easier, a database with a large
amount of existing ship data and a regression analysis technique are needed. Recently, deep learning, a branch of artificial
intelligence (AI) has been used in regression analysis. In this paper, deep learning neural networks are used for regression
analysis to find the regression function between the input and output data. To find the neural network structure with the
highest accuracy, the errors of neural network structures with varying the number of the layers and the nodes are compared.
In this paper, Python TensorFlow Keras API and MATLAB Deep Learning Toolbox are used to build deep learning neural
networks. Constructed DNN (deep neural networks) makes helpful in determining the principal dimension of the ship and

saves much time in the ship design process.
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Fig. 1. Deep learning model.
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Fig. 2. ReLU function.
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Table 1. Deep learning network conditions
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Deep learning network conditions

Input value
Output value
Number of hidden layer
Number of neurons
Training end condition
Activation function
Loss function
Learning rate
Optimization function

Ton, Length
Breadth, Depth
2, 4,6, 8,10

5, 10, 20

If the minimum loss value cannot be updated more than 500 times
ReLU (Rectified Linear Unit) function

MSE (Mean Squared Error)
0.0001
Adam
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Fig. 3. Relationship between length and breadth.

Depth (m)

0 2 4 6 8 10 12 14 16
Length (m)

Fig. 5. Relationship between length and depth.
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Fig. 7. Relationship between breadth and depth.

YadS 083 oot AT O T2 A4
12 ¢
101 - con
o o
X
8 eem @0
- mes o
z 6 ’-:'s.'
(=}
= o.ob
.
4}
.
[T
27 o
0 il

0 2 4 6 8 10 12 14 16
Length (m)

Fig. 4. Relationship between length and ton.
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Table 2. Result of deep learning (TensorFlow)

Minimum MSE
No. of layer No. of neurons - — Stop epoch
Train Validation
5 0.026222 0.034501 1078
2 10 0.016015 0.019135 3930
20 0.014519 0.018541 3261
5 0.021019 0.023506 1505
4 10 0.015183 0.018715 3101
20 0.014573 0.018381 1497
5 0.015436 0.019280 2941
6 10 0.015439 0.018848 3286
20 0.015070 0.018461 1538
5 0.019186 0.021830 2516
8 10 0.014037 0.018803 4202
20 0.013675 0.018042 3458
5 0.020198 0.022083 5876
10 10 0.016084 0.019697 1907
20 0.013436 0.017923 1853
Train set MSE Validation set MSE
0.035 Layer=2 4.035
s Layer=4
+Layer=6
0.03 - *Layer=8 . 0.03
Layer=10
0025 0.025
0.02*_\\ 0.02;\
0.015 — 0.015
001 10 15 20 ol 10 15 20
Node Node
Fig. 9. Train MSE for each number of layer. Fig. 10. Validation MSE for each number of layer.
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Table 3. Result of increasing the number of Neurons
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No. of hidden No. of neurons (128) No. of neurons (256) No. of neurons (512)
layer Train MSE Val MSE Train MSE Val MSE Train MSE Val MSE
2 0.0163 0.0149 0.0171 0.0442 0.0164 0.0191
4 0.0150 0.0147 0.0148 0.0163 0.0152 0.0176
6 0.0149 0.0175 0.0146 0.0159 0.0123 0.0165
8 0.0146 0.0151 0.0145 0.0167 0.0139 0.0180
10 0.0151 0.0160 0.0143 0.0148 0.0119 0.0189
QA= FolEAl @Al glon, AT FFE HolA o= "eld EoF Toolbox7} 101, Toolbox W0l =
OFi AEBH M-S WOlth o)t 3 5o} B 47h ofn] AYElolglt: FE Wobd A BE5H 4
A7 Qo] o]=W 11 o]Fofl= 5 STMIAE A o]-§% = U= o] AUk
8 AUY SOId & Aol AN GYE A 2 ERAE Ak I8 A 29T G
D o slo] 2 Aak Aelx) esly] 915to] Matlabs:
85lo] AARS =3Y5}S T Table 40f AFE-3lF Matlab
Matlab Z21HE 0|23t B structure dataZ 4=E35}9] © 1, Table 52} Fig. 11, 129]

Matlab-&- 1=t Mathworks3]AFof| A 7st AZE Q|

o|& ofg] ¥} FofoA S-8E AL glom, Hed Hof Matlabo|| A= 2|23} 3}<=(Optimization function)=
oM SHEIF vl Al o 4= Itk o] RZE o] AdamS A GSFA] §FobAl, Table 49} o] Matlabol A
Table 4. Matlab structure data
Deep learning network structure
Number of hidden layer 2, 4,6, 8, 10
Number of neurons 5, 10, 20
Activation function ReLU function
Learning rate 0.0001
Optimization function LM
Table 5. Result of deep learning (Matlab)
Minimum MSE
No. of layer No. of neurons - — Stop epoch
Train set Validation set
5 0.016925 0.028446 18
2 10 0.013988 0.019093 15
20 0.012389 0.019440 27
5 0.019867 0.020553 17
4 10 0.013661 0.017382 17
20 0.011411 0.012556 12
5 0.015436 0.019280 18
6 10 0.015439 0.018848 19
20 0.012240 0.014179 18
5 0.015504 0.016421 23
8 10 0.012941 0.015693 32
20 0.011833 0.019158 23
5 0.019448 0.019052 49
10 10 0.016129 0.014814 37
20 0.012581 0.015199 24
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Fig. 11. Train MSE for each number of layer.
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Fig. 13. Accuracy of Test Set.

TensorFlow Data

Number of hidden layer
Number of neurons
Learning rate
Activation function
Optimization function

11
512
0.0001
ReLU function
Adam

278 | The Korean Society of Fisheries and Ocean Technology



Table 7. The deep learning prediction results of TensorFlow
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Output Breadth

Output Depth

Input Length Input T
nput Leng fpdt Ton Actual Prediction Error Actual Prediction Error
10.7 4.98 2.62 3.2086 0.2247 0.98 0.9069 0.0746
4.91 0.58 1.70 1.5551 0.0852 0.64 0.6831 0.0673
5.61 1.11 1.84 1.9769 0.0744 0.83 0.8071 0.0276
6.89 1.96 2.20 2.3012 0.0460 0.79 0.8752 0.1078
6.92 1.33 2.14 2.0469 0.0435 0.78 0.7891 0.0117
6.31 1.13 1.95 1.8951 0.0282 0.78 0.8306 0.0649
6.59 1.38 1.92 1.9930 0.0380 0.90 0.8953 0.0052
6.30 1.94 2.31 2.1875 0.0530 1.13 0.8224 0.2722
8.65 2.99 2.66 2.5591 0.0379 0.69 0.7808 0.1316
6.15 1.16 1.90 1.8610 0.0205 0.81 0.9236 0.1402
6.57 1.44 1.99 2.0030 0.0065 0.80 0.8935 0.1169
7.48 1.92 2.26 2.2328 0.0120 0.90 0.8967 0.0037
5.76 0.94 1.92 1.7934 0.0659 0.71 0.8243 0.1610
6.75 1.38 1.83 2.0219 0.1049 0.78 0.8816 0.1303
6.34 1.36 2.02 1.9886 0.0155 0.87 0.8842 0.0163
5.40 0.71 1.6 1.7479 0.0924 0.74 0.7064 0.0454
6.89 1.75 2.24 2.1698 0.0313 0.95 0.8852 0.0682
6.53 1.30 1.95 1.9705 0.0105 0.98 0.8825 0.0995
6.45 1.46 2.11 1.9999 0.0522 0.74 0.8702 0.1759
7.14 2.17 223 2.3851 0.0696 1.00 0.8530 0.1470
Mean Error 0.0556 Mean Error 0.0934
MSE 0.0279 MSE 0.0109
ZHMean error)= 5.56%, %1°]2] 7-9- MSE+= 0.0109, 5272 A7gsfjof QJOP— Saghe] v AR Ay
Bt A= 9.34%E HIth o714 ek ARG = 22 7 e A =l webA @A Hfekal
Z2gt0] Aol8 AAGOE U gh Sulate Zo] Qi dlole 0] WA o welslal 2 g 71e] 1)
o A9 @A7L 2 AL Fig. 5,7, 8ol4 & 5 QFe] B weldk ¥ Fvb vt Basichn Az,
Zolt: ThE BE wgete] TAelA FAAE U717}
o2]El Hell 711ebt}. Fig. 130)14 &2} Zlo]ol] o] Ab A}
ARG 23k Stelg 4 e, o] e RATELIL AFEHOIBkE el 12021 1)
of oJate] A= A
7z
W AR 271 el A Al A References
o 7] ARG Bolo] AE Y Aol B Cho YI, Oh MJ, Seok YS, Lee SJ, and Roh ML 2019,
Lol7l g E5fo] w211 7HESHA A= WS Resistance estimation of a ship in the initial hull design
2314} sFgch Y3 d-S 0] 83t MSE | Agro] A= using deep learning. Korean Journal of Computational
A AR A] oFS wj7A] BH-S AFElelc) oY= a)t Design and Engineering 24, 203-210. https://doi.org/10.
wLEo] a2xl2 WA spHA sk AsEte] 71 7315/CDE.2019.203.
MSEZ}o] ZHe. #0.2 Zrop)|or). elo] 2l &]7]5Alm ChosunBiz. 2019. https://biz.chosun.com/site/data/html_dir/2019/
2 g5t ulE 03/04/2019030401387.html. Accessed 4 Mar 2019.
1 0 -

Kim BS. 2020. Development of a prediction system for shell
plate forming information based on machine learning. Ph.

Journal of the Korean Society of Fisheries and Ocean Technology | 279



D. Thesis, Seoul National University, Korea, 113.

Kim GY, Ban 1J, Park BC, Oh SJ, Lim CO, and Shin SC.
2019. Estimation of lightweight in the initial design of
ships using deep neural networks. Journal of Korean
Institute of Intelligent Systems 29, 416-423.

Kim HH. 2020. Get started! TensorFlow 2.0 programming,
Wikibooks, 1-484.

Lee DK. 1988. On the application of artificial Intelligence to
ship design. Bulletin of the Society of Naval Architects
of Korea 25, 56-62.

Lim JH and Jo HJ 2020. Prediction of barge ship roll response
amplitude operator using machine learning techniques.
Journal of Ocean Engineering and Technology 34,

280 | The Korean Society of Fisheries and Ocean Technology

167-179. https://doi.org/10.26748/KSOE.2019.107.

Park HS trnslation. 2018. Deep learning with Python by
Francois Chollet. Gilbut, 1-476.

Shin DS, Park BC, Lim CO, Oh SJ, Kim GY, and Shin SC.
2020. Pipe routing using reinforcement learning on initial
design stage. Journal of the Society of Naval Architects
of Korea 57, 191-197. https://doi.org/10.3744/SNAK.
2020.57.4.191.

2022. 07. 11 Received
2022. 07. 21 Revised
2022. 08. 05 Accepted





