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[Abstract]

This paper applies a machine learning model to forecasting freight rates in dry bulk and tanker
markets with wavelet decomposition and empirical mode decomposition because they can refect both
information scattered in the time and frequency domain. The decomposition with wavelet is
outperformed for the dry bulk market, and EMD is the more proper model in the tanker market. This
result provides market players with a practical short-term forecasting method. This study contributes to
expanding a variety of predictive methodologies for one of the highly volatile markets. Furthermore, the
proposed model is expected to improve the quality of decision-making in spot freight trading, which is

the most frequent transaction in the shipping industry.
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I. Introduction
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Fig. 1. Trend of World Seaborne Trade
Source: Clarkson Research
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Fig. 2. Dry bulk commodities(million ton)
Source: Clarkson Research
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Table 1. Fixtures Volume of Spot and T/C contracts
in Bulk sector
Capesize Panamax
Year
T/C Spot T/C Spot
2015 39 1,316 139 1,308
2016 79 2,127 306 2,317
2017 115 2,044 223 2,400
2018 110 1,837 259 2,463
2019 47 1,320 111 2,391
2020 15 1,379 104 2,431
2021 33 697 120 1,135
Sum 438 10,720 1,262 14,445

Source: Clarkson Research (May/2015~May/2021), search
date: 2021.06.24.
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II. Data and Modelling

1. Data

2 A eke 2 dR 28K E e st
0, Clarkson Researcho]A] A|Zsh= 2ElQQIX
BCI, BPI, BDTI, BCTIO] € Hlo]gj2 o] sl At
[11]. ofel Fig. 31t Fig. 45 ¥H 200849 ANAIZ8H7]
ol s2APY] A71AA0l lom o]e= ATs] o
g} glojQle Ag utgste] 2010 0]59] HlojE S &)
SFLA} st

lFf”
—;a

r°l‘ 4

Lo |o

18000
16000
14000
12000
10000

8000

6000

~~~~~~~~~~~~~~~~~

N e N IR i R i e g g

Fig. 3. Baltic Dry Index(BCI, BPI)
Source: Clarkson Research
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Fig. 4. Baltic Tanker Index(BDTI, BCTI)
Source: Clarkson Research

Table 2. Description of Data

Data Periods(monthly)

2010.1 ~ 2021.6
(138)
Training Set Test Set
2010.1~2020.6 | 2020.5~2021.6
(126) (12)

Baltic Capesize Index
Baltic Panamax Index
Baltic Dirty Tanker Index
Baltic Clean Tanker Index

Source: Clarkson Research

2. Modelling
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Table 3. Procedure of Calculating IMF

(1) Initial default i =1,s =y(t)
(2) Identify local extremums in sereis S

(3) Create upper envelope(S,,) with local maximum value

and lower envelope(S;) by cubic spline respectively
(4) Calculate mean envelope(S,,)

(5) Extract IMF; by s—s
(6) Repeate (1)~(5) until the rest has only one extremum.
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III. Empirical Results
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Fig. 6. Wavelet(L) and EMD(R) of BCI Decomposition
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Fig. 7. Wavelet(L) and EMD(R) of BDTI Decomposition
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Table 4. Parameters of ANN

Decomposition BCI BDTI
Wavelet Hidden Node 11 11
Weight Decay 10 10

Hidden Node 10 11

EMD Weight Decay 10 10
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Fig. 8. Forecasting performance for BCI
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Fig. 9. Forecasting performance for BDTI

IV. Conclusions
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