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Electric power load forecasting of a ship is just as
important as predicting the power load of a land system.
In particular, in response to environmental pollutant
regulations, efficient operation of the generator and
utilization of the PMS system are becoming critical,
increasing fuel efficiency. This paper uses a deep artificial
neural network to predict the short-term electrical load of
a dynamic positioning vessel with non-linear power load
characteristics. Dynamic positioning ships use thrusters to
maintain their ships, which is the use of large power loads.
Thruster load is a significant factor in that it can cause a
power outage depending on the situation as an irregular
pulse load. In particular, the high robustness of the model
was achieved for a limited data set using K-fold
cross-validation. The experimental study predicts the
electric power load using the navigation simulation data of
a real ship and compares the prediction results according
to different CNN-RNN layer depths.

Z MZAY(Deep Neural Network),
P A8+ Dynamic Positioning Ship),
2455} 04| = (Electric Power Load Forecasting)
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2.1.1 CNN(convolutional Neural Network)
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2.1.2 LSTM(long short-term memory)

LSTM=> 7| RNN (recurrent neural network) 2] gra-
dient vanish A& 31 25}7] 913} 2|-8-= 2 TH{11]. RNN
L -UELR CEEPrEer:
S} SR Fo]ol 7} Rol U 2719] 4EA7} e
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2.1.3 Residual network and dropout technique
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Fig. 1. Deep neural network architecture

Table 1. Hyperparameters for proposed deep neural net-
work architecture

Hyperparameter Value

128-64-6-

Number of units 6-64-128

Normalization Min—-max normalization

Activation function Relu
Validation 10 % of data
Optimizer algorithm Adam
1,000
Epochs (early stopping)

< 2|, CNN-RNN 7|8t9| DNNE &85t DP

3.2 DP AT} HloJEAl

g Fot ol & i A2 =47 (length between
perpendicular) 2F250 m, B} 2F110,000E-9] shuttle
tankero]t}. it A worst case failure”Z} WA 5
2 58 9471 75510k B DP class 29] AAHE
SHjel 7 Lom, W R 271 4449} Aulo] 2% oy
ztz11 ot glojH+= 2183 9193t HIL(hardware in
the loop) simulator datao]™ YFU7Fo] oF 40t EZQIE
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A Rl o 22 915t L 13 0 2 wo] (A2 2
o= #2) & AL %L & HHE 314 1,0008]0] 5 5}

£ 53t 2= Figs. 2-39F 2t} o Tl o] B 9] Rt
Ha 6 7HolA o 12 7F7FA] 9] dynamicqt HE-S
UEt A g, & ok E B E2 AA| JoLE fAH 5
2 AT 4= ). 59] Fig. 2= Kgh& 1022 2735
K-fold cross-validationSt L @lo]H k& H|o|E Q] =
ZFN|E TL5M= ATE YER T Fig. 32 K-fold cross
validation 54| g2 79.9] A ¥3} o2 Aol
K-fold cross-validation& St AMg| = T} 2 7] H551=
2al0) 448 2E57) Fo AL 2 5 9Tk Table 2
of| A= K-fold cross-validation2 %85 = A3} -85
A| B2 749-9] QAFE H| W5 T MSE, MAE, RMSE 1
= K-fold cross-validation& &]-8-5}11] 494 ufj @ x}7}
2 g olT 5

Forecasting result

0.7 — Predict
0.6 Truth

Samples

0 10,000 20,000 30,000 40,000 50,000 60,000 70,000 80,000
Power load (normalized)

Fig. 2. Electric power load forecasting result (K-fold cross
validation case)

Forecasting result

0.8 — Predict

0.6

0.4

Samples

0.2

0 10,000 20,000 30,000 40,000 50,000 60,000 70,000 80,000
Power load (normalized)

Fig. 3. Electric power load forecasting result (normal model
case)
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Table 2. Accuracy comparison of the proposed model with
normal model

Case RMSE MAE MAPE

K-fold cross-validation case 0.018 0.012 14.51

Normal case 0.066 0.041 31.022

42 A& Y& Folo] 5 A&t o] At

Table 30]|A]+= CNN-RNN % 2] DNNOoJ|A] Z} &312]
9] #lo]of7} 2ol u| F7}5h= wEte Bl 2F RMSE A
=2 | watgirt #o]oi7} 7ot Yo whet wtnl e 4
£ oS 78O M3k 32] ONN Flojoje} 39]
LSTM #0]018 ALg3t Ao A 71 2 Hoeg 1
At £35] 5719] CNN o] 012} 57]12] LSTM & o] o & A}
83 A 0] 4] Styoll AH-SH Tretu e 2] 471 g
SO B8 7P =2 RMSE 2382 Hol= AL
3G o] & A Eo] H] 5 & o] 72 9kelS oJu| gttt o]
£ 54 CNN-RNN 5] DNN o] |48 748
dlole] A=} W<0] 5o whet 2 to] o £:4:9]
#ojo} Zolg Aeisfo g-& AF AT S8 & 4= 3lck.

Table 3. RMSE accuracy comparison by layer depth

Layer depth Description Parameters RMSE
1 CNN layer
2 +1 LSTM layer 69,936 0.0417
2 CNN layer
4 +2 LSTM layer 71,876 0.0363
3 CNN layer
6 +3LSTM layer 130,176 0.0180
4 CNN layer
8 +41STM layer 141,156 0.0335
5 CNN layer
10 +5STM layer 150,532 0.0578
5.48
AdEtol A 9] e Rt |52 54 AlsolA e A 7
5} o &3} ohRAEA 2 w)$- Z Rk B3] 84 0.
SEHY At dran A& S A A7 A

gho] Hdo] Fouhal, A Hoto] &2 Afgol whet
kg ESS 2-8-0] AE= 5 Aol A2
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