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Abstract
This study examines the volatility of the forward freight agreement (FFA) time series in the dry bulk shipping 
market. Series pattern analysis is first performed to determine the volatility and the characteristics of the unique 
FFA price time series. It then applies the ARIMA-GJRGARCH model to the Capesize FFA time charter (C5TC) 
and specific voyage charter one-month contracts (C3, C5 and C7), creating long or short signals, which helps 
market participants with FFA trading or hedging. In this study, these signals are collected and used to calculate 
the profit and loss for a specific period. Finally, the model-based return results are compared with the common 
buy-and-hold strategy. The empirical result suggests that this methodology is effective in generating trading 
signals, especially in the volatile periods, providing traders with prompt warnings about imminent market 
shocks. The purpose of the study is to examine whether this volatility-focused method is efficient in modelling 
FFA time series, and it also provides a handy method that may help market players make more accurate predic-
tions when volatile days arrive.

Introduction

When used for hedging freight risk and making 
speculative profit through price spread, the forward 
freight agreement (FFA) has been a popular tool for 
shipowners, charterers and other participants. This 
over-the-counter derivative can be traded either 
in a forward contract or option, cleared by Baltic 
Exchange appointed partners that provide assur-
ance and safety for both parties. In the past decades, 
some researchers thought that FFA helped transmit 
the future market outlook to the current market, 
reflecting well the fundamental basics of supply and 
demand. On the other hand, some argued that the 
involvement of speculators without any assets exac-
erbated the volatility of the freight market.

Kavussanos, Visvikis and Batchelor (Kavussa-
nos, Visvikis & Batchelor, 2004) tried to identify 
the influence of FFA on the fluctuation of the phys-
ical market, and they found that it did reduce the 
volatile situation and noted the asymmetric effect 
on some specific shipping routes. They also used 
the controlled factors to measure the extent of the 
volatile impact, and the results showed that not all 
routes were improved by forward trading. There-
fore, FFA might not have a substantial influence on 
the physical market, but it did enhance the transmis-
sion of market outlook in terms of speed and accura-
cy. Additionally, this situation can also be observed 
in the second-hand ship market. Alizadeh et al. 
(Alizadeh, Thanopoulou & Yip, 2017) used a het-
erogeneous agent model to quantify the collective 
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behavior of speculators and operators, and they 
found that the short-term trading strategy based on 
the former group had better performance than the 
latter investors, who tend to hedge for their specific 
assets.

Regarding information transfer, the new infor-
mation always exerted influence on bulk commod-
ities derivative prices before it extended to the 
freight forward market, according to the spill-over 
research conducted by Kavussanos et al. (Kavussa-
nos, Visvikis & Dimitrakopoulos, 2014). Chen et al. 
(Chen, Meersman & Voorde, 2010) also analyzed 
the spill-over effect between Capesize and Pana-
max based on volatility, and the results showed that 
the interaction between them changed all the time. 
Tsouknidis (Tsouknidis, 2016) applied the multivari-
ate DCC-GARCH model to dry and wet freight rates 
and found, across shipping markets, there was a sig-
nificant volatility spill-over effect that changed over 
time. Chen and Wang (Chen & Wang, 2004) ana-
lyzed the asymmetric existence with the EGARCH 
model in the dry bulk market, and they found that the 
freight slump period showed more of a leveraging 
effect than the rally period and all the relationships 
were negative. Among which, the contracts with big-
ger deadweight tend to exert more substantial lever-
aging influence than the smaller vessels. FFA con-
tracts are always considered as indicators that can 
predict future physical prices. However, Kassimati 
and Veraros (Kassimati & Veraros, 2017) found that, 
although FFA was good at pointing at the changing 
price direction, the predictive capability is only just 
better than simple models and only expiring con-
tracts underlying small vessels were closer to the 
actual future prices. 

Kavussanos (Kavussanos, 1996) assessed the 
volatility of the dry bulk market and found the time 
charter rates tended to fluctuate far more than the 
voyage freight; meanwhile, the bigger vessels bore 
more risk than the smaller ones. Although today’s 
price level is much different from the late 1990s, it 
is worth noting that the shipping structure remains 
the same. Since the bigger bulkers are used specially 
to carry iron ore or coal for specific routes and their 
size are easily restricted by the port infrastructure 
and berth draft. In comparison, the smaller bulkers 
are much more flexible in choosing the cargoes to 
carry and the destinations for them to go. There-
fore, for the bigger bulkers, these limitations con-
tribute more risk in their operating and financial 
environments. Xu et al. (Xu, Yip & Marlow, 2011) 
measured the dynamic relationship between freight 
volatility and the general vessels’ size change using 

the AR-GARCH model and GMM regression. The 
results showed that the ship size did pose a positive 
effect on the freight rate fluctuation; meanwhile, the 
bigger vessels reacted more strongly than the others. 
Papailias et al. (Papailias, Thomakos & Liu, 2017) 
assessed the cyclical characteristics of the BDI and 
its effect on prediction efficiency. They found that 
there was a persistent cyclical pattern, which lasted 
for three and five years.

Batchelor et al. (Batchelor, Alizadeh & Visvikis, 
2007) applied the VECM model to major shipping 
FFA contracts and found that the forward did help 
predict the spot rate. However, the VECM was not 
that useful in predicting the forward price, while 
the ARIMA and VAR models showed a greater fit-
ting efficiency. Roar, Georg and Ole (Roar, Georg, 
& Ole, 2020) analyzed whether the composition of 
the current Baltic Supramax Index has impact on 
the FFA hedging performance. To do this study, 
they applied a bootstrap method and a confidence 
interval, calculating the hedging ratios for a specif-
ic situation. Their findings suggest that the change 
in the index hardly influence the hedging efficien-
cy. Konstantinos and Nektarios (Konstantinos 
& Nektarios, 2021) investigated the inherent rela-
tionship between the prices of commodity and the 
bulker freight rates using a threshold regression 
approach. The results suggested there exists a pos-
itive relationship between time charter rates of dif-
ferent bulkers and their relevant commodities’ pric-
es. However, not all the carried cargo prices show 
significance on the charter rates. Xu et al. (Xu et 
al., 2021) used a rescaled ranged analysis (R/S) to 
analyze the memory effect of the dry Panamax and 
Handysize markets. The results showed that the 
index series of these two markets have a long mem-
ory with 426 days for Panamax and 206 days for 
Handysize. This finding provided the maritime par-
ticipants with a handy tool to identify the shipping 
cycles of different dry bulk submarkets.

Although the previous research results showed 
the inherent characteristics of the current dry bulk 
market, little has been done on the model perfor-
mance assessment of the real FFA market. In other 
words, the shipping participants need to find a handy 
and reliable method to improve the forecast accura-
cy and to better manage their risk. This study aims 
to apply the conditional variance dealing model to 
the dry bulk FFA time series and measure its asym-
metric effects. The GJRGARCH model is an excel-
lent choice to separately assess the downward risk 
in the estimation process and create the forecasting 
signals. The paper is organized as follows. After the 
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Methodology briefly introduces the methodology 
used in this analysis, the following Section presents 
the descriptive summary of the input data and the 
unique characteristic of the real FFA market. The 
next Section provides the one-period individual 
estimation for each FFA contract and gives the final 
trading performance through using this model. The 
last Section compared the results with a buy-and-
hold strategy and summarizes the conclusion.

Methodology

The GJRGARCH variance model

Based on the traditional GARCH model, Glosten, 
Jagannathan and Runkle (Glosten, Jagannathan 
& Runkle, 1993) introduced the adjusted model 
that considers leverage effects and differentiates the 
impact of positive and negative prediction error sep-
arately. To give it economic sense, the greater vari-
ance is more likely to be observed after a large neg-
ative return rather than after a large positive return. 
Therefore, the GJRGARCH model is composed of 
two equations: the first formula measures the vari-
ances when the negative case happens, while the 
other one observes the variances when the positive 
events occur, so that:
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It is worth noting that, under the negative scenar-
io, i.e. when the et–1 is less than zero, the variances 
should be given a larger coefficient γ to reflect its 
leverage effect. γ is also a vital coefficient to mea-
sure the asymmetric extent for individual FFA con-
tracts. Under the positive scenario, the common 
GARCH (1,1) is always set as the equation for the 
GJRGARCH model. To make sure σt

2 is positive and 
realistic, α, β and γ need to be greater than zero at all 
times. Additionally, to ensure σt

2 reverts to the long-
run variance, the sum of α and β should be less than 
one.

In the GJRGARCH model, σ2
t–1 is the most recent 

variance that could influence the current variance σt
2 

by the coefficient β. In this article, we are analyzing 
the Ln return series, i.e. Rt = Ln(Pricet/Pricet–1) rather 
than the price itself. In financial practice, Ln return 
is always interpreted as the continuously compound-
ed return, which is a hypothetical extreme value that 
does not exist in the real world.

The ARIMA mean model

Therefore, the et–1 is the previous difference 
between the actual return and the predicted return,  
et–1 = Rt–1 – μ. For the predicted return µ, there are 
several alternative mean functions to choose from; 
the simplest method is to treat it as a constant value 
or take the rolling average of the historical returns. 
In this study, we will use the ARIMA model to mea-
sure it:
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Box and Jenkins (Box & Jenkins, 1970) intro-
duced ARMA, which is composed of the AutoRe-
gressive (AR) and MovingAverage (MA) models, 
in which ωt is the white noise with zero mean and 
a constant variance. The ARMA model tends to 
simultaneously capture both the historical behav-
iors through AR and unexpected events or economic 
shocks through MA. The αp and βq are the coeffi-
cients of the previous return difference and shocks. 
∇d is the repeated difference operator applied to the 
original Rt, which aims to convert the time series 
from the non-stationary to the stationary pattern.

With the ARIMA model as the mean formula and 
GJRGARCH as the variance formula, we are able 
to forecast the trading signals on a rolling basis of 
500 days, roughly taken as two years’ trading days. 
But this period can be adjusted to achieve the best 
estimation performance. This mean-variance mixed 
method would quickly provide an exact forecast, 
thanks to the “rugarch” package (Ghalanos & Kley,  
2020). Furthermore, to make it easier to compare the 
result with the common buy-and-hold strategy, the 
signs of each forecasting value are taken.

Description of the data

In this paper, ARIMA-GJRGARCH is applied to 
the Baltic Exchange Capesize FFA contracts daily 
Ln return series. Among them, only C5TC 1MON is 
starting from April 2014 to December 2019 since it 
is a new benchmark aimed at replacing the previous 
C4TC contract. Other contracts, i.e. C3 1MON, C5 
1MON and C7 1MON, are all covering the 2010 to 
2019 period, totaling 2522 observations. As stated 
before, the Ln return series has economic sense but 
does not exist in the real world. C5TC consists of the 
weighted time-charter average of five bulker routes 
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(C8_14·0.25, C9_14·0.125, C10_14·0.25, C14·0.25, 
C16·0.125) based on 180,000-Dwt, non-scrubber 
bulkers. C3 and C5 also represent the non-scrubber 
routes of Tubarao-Qingdao and Tubarao–Qingdao, 
respectively, carrying 160,000 mt or 170,000 mt 
iron ore. C7 stands for the Bolivar–Rotterdam route 
carrying 150,000 mt or 160,000 mt coal. Figure 1 
shows the physical and FFA daily contract prices of 
C5TC, C3, C5 and C7. Figure 2 shows the daily vol-
atility time series of these FFA contracts.

It is evident that the spot and forward price has 
a high correlation and, due to the existence of dif-
ferent market fundamentals as discussed in the 

introduction, the Capesize pattern is different from 
other sectors such as Panamax and Handysize. As 
for the volatility series, these daily observations in 
one sense are the continuous daily returns, and we 
can find C5TC 1MON is more volatile than other 
contracts. Besides this, there are many clusters that 
happen from time to time; therefore, the ARCH 
model is considered to tackle this situation. Descrip-
tive statistics of these FFA contracts are displayed in 
Table 1. We can also determine from sample variance 
that C5TC 1MON tends to fluctuate more strong-
ly than the others. From Jarque–Bera statistics, we 
have sufficient evidence to say that all these series 
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Figure 1. Spot and FFA(1MON) time series of C5TC, C3, C5 and C7
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Figure 2. FFA(1MON) daily volatility of C5TC, C3, C5 and C7
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are far from normal and, from their skewness, we 
are confident that they are all moderately negatively 
skewed, especially the FFA return series; therefore, 
the “skewed student distribution” setting is selected 
as an input in the GJRGARCH model.

Empirical performance of creating trading 
signals

Estimation of the ARIMA-GJRGARCH 
model within one period

Before we create the trading signals on the roll-
ing basis over the whole dataset (2010–2019), we 
make our first attempt to estimate the ARIMA-GJR-
GARCH model using recent 500 daily observations 
from the beginning of 2018 to the end of 2019. In our 
study, four packages “rugarch” (Ghalanos & Kley 

2020), “timeSeries” (Wuertz et al., 2020), “quant-
mod” (Ryan et al., 2020) and “lattice” (Sarkar et al., 
2020) are needed to perform the estimation. Since 
the ARIMA model will be taken as the mean model 
in the GJRGARCH model, this is estimated first.

We select the best αp and βq in the function, based 
on information theory, as a quick tool to balance 
the fitness and the complexity of the model, Akaike 
information criterion (AIC) is used to assess the 
quality of the estimation. In the related expression 
below, k represents the number of the parameters 
and L maximizes the likelihood value. 

 AIC = 2k – 2ln(L) (3)

The estimated ARIMA model, with the least AIC 
value, is chosen since it seeks the least number of 
parameters under a good fitting.

Table 1. Summary statistics of spot and forward returns

Spot FFA
C5TC C3 C5 C7 C5TC 1MON C3 1MON C5 1MON C7 1MON

Count 1405 2483 2483 2483 1428 2522 2522 2522
Mean 0.00017 –0.00012 –0.00017 –0.00009 –0.00033 –0.00025 –0.00022 –0.00021

Standard Deviation 0.05619 0.02454 0.03409 0.02803 0.06622 0.01932 0.02300 0.02185
Median –0.00457 –0.00087 –0.00143 –0.00192 –0.00364 0 0 –0.00057

Sample Variance 0.00316 0.00060 0.00116 0.00079 0.00439 0.00037 0.00053 0.00048
Kurtosis 2.81347 5.02751 3.21878 6.22271 4.84626 14.48788 10.30116 19.51419

Skewness 0.79321 0.41188 0.29589 0.47546 0.11424 –1.28477 –0.74816 –1.02138
JB Test 611 2685 1108 4100 1401 22751 11386 40455

Table 2. Summary statistics of spot and forward returns

C5TC+1MON C3+1MON C5+1MON C7+1MON
Estimate t value Pr(>|t|) Estimate t value Pr(>|t|) Estimate t value Pr(>|t|) Estimate t value Pr(>|t|)

mu 0.00 0.20 0.84 0.00 1.92 0.06 0.00 4.46 0.00 0.00 0.77 0.44
ar1 1.06 315.11 0.00 –0.46 –35.66 0.00 0.62 6806.15 0.00 –0.24 –8.24 0.00
ar2 –1.00 –166.33 0.00 1.31 86.41 0.00 –0.26 –4856.92 0.00 –0.95 –99.48 0.00
ar3 0.40 16.67 0.00 –0.63 –6938.93 0.00 0.10 3.72 0.00
ar4 –0.51 –40.97 0.00
ma1 –1.04 –818.47 0.00 0.52 19.68 0.00 –0.61 –6426.27 0.00 0.34 61.69 0.00
ma2 1.01 5478.62 0.00 –1.25 –163.01 0.00 0.29 4705.30 0.00 1.00 1450.97 0.00
m3 0.00 25.33 0.00 –0.43 –12.64 0.00 0.60 6836.35 0.00
ma4 0.01 155.24 0.00 0.47 74.79 0.00 0.04 1796.95 0.00

omega 0.00 2.15 0.03 0.00 0.36 0.72 0.00 3.71 0.00 0.00 3.32 0.00
alpha1 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.60 0.55
beta1 0.90 14.02 0.00 1.00 3603.61 0.00 1.00 8542.35 0.00 1.00 38107.90 0.00

gamma1 0.15 4.38 0.00 0.00 –0.10 0.92 0.00 –0.79 0.43 –0.01 –2.18 0.03
skew 1.11 15.22 0.00 1.11 23.75 0.00 1.03 32.56 0.00 1.02 23.10 0.00
shape 5.74 4.25 0.00 2.12 543.89 0.00 2.23 64.29 0.00 2.56 60.91 0.00
Period 04/01/2018–30/12/2019 02/01/2018–24/12/2019 04/01/2018–30/12/2019 05/01/2018–31/12/2019
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The optimal order of αp and βq is taken as the 
input parameters for the next GJRGARCH esti-
mation. Besides this, the “skewed student distribu-
tion” is also selected as the distribution model in the 
estimation and a further autocorrelation test is also 
needed to test the residuals. The standardized resid-
ual series formula is written as follows:

 

standardized residuals =
actual values – estimated values

estimated sigmas=  (4)

In our study, the Ljung-Box test for lag 30 is con-
ducted for each contract, which checks if there is any 
autocorrelation existing in the residual series. The 
results are given in Tables 2 and 3.

Table 3. Box-Ljung test of the residuals

χ-squared df p-value
C5TC+1MON 28.051 30 0.5678
C3+1MON 36.197 30 0.2017
C5+1MON 31.406 30 0.3957
C7+1MON 37.233 30 0.1704

Due to inclusion of the ARIMA rather than a sim-
ple constant value as the mean model, we can find 
that the orders of AR and MA are different, and 
among them, the C5TC+1MON FFA contract has 
the minimal number for the mean model. It is obvi-
ous that all the p values for alpha1 are all higher than 
0.05 and their t values are all less than 2, so we can 
say that these estimated parameters are not statisti-
cally different from zero. The above specific result 
does not matter since the aim of this paper is to apply 
the model to every 500 rolling observations through 
all their history. The Ljung-Box test shows all the p 
values are higher than 0.05 under a χ2 distribution, 
which is a strong piece of evidence suggesting that 
we cannot reject the null hypothesis, indicating that 
the residual series is more like white noise. There-
fore, ARIMA-GJRGARCH is a fair model fitting 
for the C5TC+1MON daily return series; the major-
ity of parameters estimated here are statistically 
significant.

Creation of forecasting value & trading signals 
through ARIMA-GJRGARCH model

As mentioned before, the ARIMA-GJRGARCH 
estimation model is applied to all period from Jan 
2010 to December 2019 with a rolling basis of 500 
days, i.e. two years. Each estimation produces one-
day forecasting returns right after the 500 days input. 
In our study, since we deal with the Ln Return series 

instead of the price directly, the forecasting returns 
are converted back into the price series for display 
purposes. Figure 3 shows the actual and predicted 
one-day ahead FFA value.
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For sake of simplicity, the signs of all the one-
day forecasting returns are taken and multiplied with 
the actual daily return for that day. Figures 4–7 viv-
idly show a scenario that if we invested $1 at the 
beginning of the timeline and traded C5TC 1MON, 
C3 1MON, C5 1MON and C7 1MON FFA contracts 
every day using the ARIMA-GJRGARCH model, 
the equity would become $8.05, $331.86, $100.44, 
$989.74 respectively on 31st Dec 2019, equivalent 
to 70%, 106%, 77% and 136% average compound-
ed annual return since the start of the trading; other-
wise, we would receive only $1.11, $0.67, $0.71 and 
$0.68 with the buy-and-hold method.

It is obvious that the ARIMA-GJRGARCH 
model has a good performance for all the contracts, 
especially on the C3 and C7 FFA contracts, while 
the buy-and-hold method can only keep a constant 
1%–2% annual growth rate (Table 4). However, we 
still find several large malfunctions in the C5TC 
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1MON FFA contract, due to substantial volatility 
that is unable to be correctly detected by the model, 
which results in large amounts of loss. Specifically, 
this time charter contract is a weighted average of 
four individual routes; therefore, it is full of various 
risks and thus, besides the econometric forecasting 
tool, the fundamental analysis is necessary for deci-
sion making in practice.

Conclusions

From the above results, it is easy to point out that 
this volatility-focused method is generally efficient 
in modelling FFA time series, especially for voyage 
contracts due to their fixed routes and the similarity 
in carried cargo. All the model-based trading meth-
ods, only based on the predicted signals, perform 
much better than the simple buy-and-hold method. 
However, as for the C5TC FFA contract, since it is 
composed of different seaborne routes and arbitrary 
weightings, the forecast accuracy hardly reach-
es the same performance as the voyage FFA con-
tracts. Therefore, in a future study, the breakdown 
of the C5TC FFA contract and an optimization of 
the weightings, could produce a better solution 
that improves the predictions. Moreover, the mod-
el-based method creates more accurate values during 
the volatile periods. This study is an empirical analy-
sis of the FFA trading strategy, and the ARIMA-GJR-
GARCH model used for Capesize contracts can be 
applied to other Baltic Exchange FFA contracts as 
well when a due diligence is performed.

There are remains some limitations in this model. 
It is worth noting overall that, although the perfor-
mance of this strategy is much better than the buy-
and-hold method, the short-term FFA trading may 
still need to account for extra econometric and tech-
nical methods. From the perspective of a real trad-
ing environment, we assume that the Capesize FFA 
market is liquid and convenient to a similar extent 
to other future and option trading, which can open 
and close positions very quickly. However, due to 
the traditional structure and trading practices of the 
forward agreement, the FFA contract is always open 
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Figure 5. Scenario of investing $1 at the launch of FFA 
C3+1MON
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Figure 6. Scenario of investing $1 at the launch of FFA 
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Figure 7. Scenario of investing $1 at the launch of FFA 
C7+1MON

Table 4. Compound annual (CAGR) and average annual growth rate (AAGR)

C5TC+1MON C3+1MON C5+1MON C7+1MON

ARIMA-GJRGARCH 
Model

CAGR 70.28% 105.96% 77.32% 136.04%
AAGR 95.64% 138.32% 96.49% 152.28%

Buy-and-Hold Method
CAGR N/A N/A N/A N/A
AAGR 2.27% 2.47% 1.40% 1.09%
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and settled outside the exchange, which may take 
more time and incur extra service fees that cannot 
be determined accurately. The implication of this 
research is critical for maritime participants and 
financial institutions, it will provide another useful 
tool for their prediction and risk management tasks.
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