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[Abstract]

In this paper, we propose the deep learning-based neural network model to predict bunker price. In

the shipping industry, since fuel oil accounts for the largest portion of ship operation costs and its price

is highly volatile, so companies can secure market competitiveness by making fuel oil purchasing

decisions based on rational and scientific method. In this paper, short-term predictive analysis of HSFO

380CST in Singapore is conducted by using three recurrent neural network models like RNN, LSTM,
and GRU. As a result, first, the forecasting performance of RNN models is better than LSTM and

GRUs using long-term memory, and thus the predictive contribution of

long-term information is low.

Second, since the predictive performance of recurrent neural network models is superior to the previous

studies using econometric models, it is confirmed that the recurrent neural network models should

consider nonlinear properties of bunker price. The result of this paper will be helpful to improve the

decision quality of bunker purchasing.
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I. Introduction
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Fig. 1. Bunker price trend in the port of Singapore

Source: Various Sources composed by Author
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III. Research Design
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Table 1. Descriptive Statistics of Bunker Price
Statistic HSFO 380CST
Observations 1565
Mean 278.03
Std. error 481
Median 223.50
Std. dev. 190.40
Jarque-Bera 167.74
P-value 0.00
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Fig. 2. An unrolled recurrent neural network model
Source: https://colah.github.io/posts/2015-08-
Understanding—LSTMs/
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Fig. 3. Different Structure between LSTM and GRU
Source:
https://colah.github.io/posts/2015-08—-Understanding—LST
Ms/, https://d2l.ai/chapter_recurrent—-modern/gru.html
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IV. Results
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Table 2. Hyper-parameter of Proposed Models

RNN LSTM GRU
Sequence 1 1 3
Batch 60 30 60
Dropout 0 0 0
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Table 3. Performance of Proposed Models

Model MAE MSE MAPE RMSE
RNN Tr 7.56 157.34 3.9 12.54
(HSFO) Te 13.38 395.61 4.38 19.89
LSTM Tr 10.08 291.08 5.56 17.06
(HSFO) Te 18.9 729.22 6.17 27
GRU Tr 8.7 187.94 481 13.71
(HSFO) Te 14.56 419.99 4.67 20.49
Note : Tr, Te mean Train set and Test set respectively.
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Table 4. Diebold-Mariano Test Results

Squared
Bench | Squared error | Absolute error proportional
mark error

GRU LSTM | GRU LSTM | GRU LSTM
RNN -1.102 | -3.801 | -2.382 | -5.313 | -2.739 | -3.705
(0.135) | (0.000) | (0.009) | (0.000) | (0.009) | (0.000)
GRU -3.471 -4.105 -3.140
(0.000) (0.000) (0.000)
A% AR wEg Fgslo] it ARG M o5
A4S S8t [6]9 Aedd+old MAPEZ 7|&o=
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V. Conclusions
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