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Abstract Previous studies on freight rate dynamics have explored the behavior of
freight rates and their characteristics, including unit root, among other factors. However,
there are few articles related to the stochastic process characterizing their dynamics.
Moreover, to the best of the authors’ knowledge, there are no articles that incorporate
seasonality in the freight rate dynamics. In the present article, we propose a factor model for
the stochastic behavior of TCE (Time Charter Equivalent) and WS (World Scale) prices
where one factor is a seasonal factor. In addition, based on this type of modeling, we study
the seasonal behavior of freight rates and find that models allowing for stochastic seasonality
outperform models with deterministic seasonality. Therefore, ship owners and charterers
can accommodate their business strategies to the facts that (i) freight rates are higher in
winter and spring than in the summer and autumn and that (ii) these differences are not
deterministic but stochastic. These facts have also important implications in derivatives
valuation and hedging.
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Introduction

In recent years, freight markets have experienced increased development in
terms of spot and derivatives contracts, and academics and practitioners are
focusing on the valuation and hedging of the price of the different freight routes.
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Many previous articles have analyzed the characteristics of freight rate
dynamics. For example, in Adland et al (2006), Franses and Veenstra (1997), or
Huang et al (2013) or Tvedt (2003), we can find unit root analysis. Glen et al
(1981) and Hale and Vanags (1989) study the relationship between spot and time
charter rates. Alizadeh and Nomikos (2004) investigate the dynamics relation-
ship between oil prices and freight rates. Huang et al (2013) study tanker
chartering decision problems faced by refinery companies, whereas Chen and
Wang (2004) study the correlation between return and volatility. Adland (2000),
Adland and Cullinane (2006) and Adland and Koekebakker (2007) perform non-
parametric studies. Adland and Strandenes (2006) conclude that these markets
are efficient markets, while Adland and Cullinane (2005) conclude that the risk
premium in these markets is variable instead of constant.

There are also many articles discussing the difference in freight rates as a
function of freight characteristics, such as the size of the ship (Cullinane and
Khanna, 1999), the subsidies received (Dikos, 2004), and whether the ship is
new or second hand (Dikos and Marcus, 2003), among other characteristics.

Moreover, there are studies proposing stochastic factor modeling to
characterize freight rate dynamics. Tvedt (2003) proposes a simple Ostern-
Uhlenbeck model for freight rates, and Adland and Strandenes (2007) develop
a stochastic model of supply and demand with which they obtain the spot price
probability function. Accordingly, Adland and Koekebakker (2004) and
Rygaard (2009) have proposed a more sophisticated factor model to character-
ize time charter prices and use it to value the options included in this type of
contracts.

Alizadeh and Kavussanos (2001, 2002) study the seasonal behavior of
freight rates, but they do not propose any model to characterize price dynamics.
These authors found that seasonal behavior of freight rates is an important
factor in the formation of transportation policy, affecting shipowners’ cash flow
and charterers’ costs.

As in any other market, freight rate markets are characterized by the
interaction of supply and demand for tanker shipping services. The demand for
freight services is a derived demand, depending on the economics of the
hydrocarbon’s markets and trade, world-economic activity and the related
macroeconomic variables of major economies, such as imports and consumption
of energy commodities (see, among others, Stopford, 1997). As stated in Garcia
et al (2012), many hydrocarbon’s markets present stochastic seasonality, which
could be transmitted into shipping freight rates. Moreover, as noted by Alizadeh
and Nomikos (2004), among other authors, there is a close relationship between
hydrocarbons’ prices and freight rates. Therefore, as hydrocarbon’s prices are
seasonal, presenting also a stochastic seasonality, freight rates should behave in
a similar way. Accordingly, the aim of the present paper is to demonstrate that
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freight rates present seasonality and that seasonality is stochastic and not
deterministic.

In line with previous research, we propose a factor model to characterize
the stochastic behavior of freight rates. The most widely used models for the
stochastic behavior of commodity prices are the multi-factor models by Schwartz
(1997), Schwartz and Smith (2000), Cortazar and Schwartz (2003) and Cortazar
and Naranjo (2006). These models use the assumption that the spot price is the
sum of short- and long-term components. Long-term factors account for the long-
term dynamics of commodity prices, assumed to follow a random walk, whereas
short-term factors account for the mean reverting components in commodity
prices. As in Sorensen (2002), Garcia et al (2012) and Garcia et al (2013), among
others, it is also possible to incorporate seasonal factors, which are trigonometric
components generated by stochastic processes.

Consequently, the factor model proposed here is the four-factors model of
Garcia et al (2012). This model assumes that the log-spot price is the sum of three
stochastic factors: a long-term factor, a short-term factor and a seasonal factor.
We apply the Kalman filter methodology to estimate the parameters of the
models using TCE (Time Charter Equivalent) and the WS (World Scale) prices
listed by Baltic. It is also possible to assume, like Sorensen (2002), that seasonal
factors are deterministic by simply imposing that the variance of the stochastic
seasonal factor is zero.

Finally, using the estimated parameters, we examine the models’ ability to fit
the term structure of futures prices and volatilities. Interestingly, we find that
models allowing for stochastic seasonality outperform standard models with
deterministic seasonality.

This article is organized as follows. The next section presents data and
preliminary findings related to evidence of stochastic seasonality in freight rates.
The model allowing for stochastic seasonality is developed in the section after
that. The following section presents the empirical estimation results. Finally, the
last section concludes with a summary and a discussion.

Data and Preliminary Findings
Data

The data set used in this article consists of weekly observations of spot
and forward TCE and WS prices for five routes defined by Baltic:! TC2, TC14,
TC6, TD5 and TD16 during the period 1 January 2009-25 February 2014.
In Table 1, we find details of these routes such as loading and unloading ports
and type of ship.
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Table 1: Route details

Route (¥ TC14 7C6 D5 D16
Loading Port Rotterdam Houston Skikda Bonny Odessa
Unloading Port New York Amsterdam Lavera Philadelphia Augusta
Ship Type MR MR Handy Clean SuezMax Handy DPP
Capacity (MT) 37.000 38.000 30.000 130.000 32.500
Time Lag (Days) 14 9 7 31 7

Note: The table shows route details.

It is well-known that the World Scale, WS, is the payment, in $/TM, of
freight rate for a given route and oil tanker's cargo. This payment includes all
associated costs (except insurance costs) such as bunker cost, crew cost and port
cost. The Time Charter Equivalent, TCE, is instead the daily revenue perfor-
mance of a vessel. TCE is calculated by taking voyage revenues, subtracting
voyage expenses and then dividing the total by the round-trip voyage duration in
days. Therefore, this revenue is measured in $/day.

For TCE prices, we have concrete data from 6 May 2010 to 25 February
2014 and 200 observations for three of five routes presented above (TC2, TC6
and TD5). For route TD16, we only have data from 6 May 2010 to 25 February
2014, 147 observations, and the data set consists of spot and forward prices
with maturity from current month up to 5 months and from three quarters to
five quarters. Therefore, in the case of TCE, the data set comprises each case
spot, FCM F1, F2, F3, F4, F5, Q3, Q4 and Q5, where FCM is the current month
forward, F1 is the forward contract for the first month after the closest to
maturity, F2 is the contract for the second, and so on. Q3 represents the third
quarter after the current one, and so on.

In the case of WS, the data set is different for each route. Specifically, for routes
TC2 and TD5, we have data from 26 February 2009 to 25 February 2014, 262
observations, for spot, FCM, F1, F2, F3, F4, F5, Q3, Q4 and Q5. For route TD16, we
have the same spot and forward quotations but from 1 January 2009 to 20 February
2013, 217 observations. Finally, for route TC14, we have data from 18 May 2012 to
25 February 2014, 94 observations, for the same quotations used in the case of TCE:
spot, FCM F1, F2, F3, F4, F5, Q3, Q4 and Q5. The main descriptive statistics, mean
and volatility, of these variables are presented in Table 2.

Preliminary Findings

Previous studies, for example, Alizadeh and Kavussanos (2001, 2002), among
others, have found evidence of seasonality in freight rates. To confirm this
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Table 2: Descriptive statistics

ws

(¥ TC14 D5 D16

Mean  Volatility(%) Mean  Volatility(%) Mean  Volatility(%)  Mean  Volatility(%)

Spot  — — 21.4 95 — — — —
M 18.8 54 21.6 59 8.8 42 15.1 40
F1 19.0 43 21.4 49 8.9 34 14.9 29
F2 19.0 28 21.1 30 8.9 25 14.8 22
F3 19.0 21 21.0 25 9.0 20 14.9 17
F4 19.0 19 21.0 22 8.9 19 14.9 16
F5 18.9 18 20.9 18 8.9 18 15.0 16
3 18.9 21 21.4 14 8.9 13 15.5 13
4 19.0 18 21.7 12 9.0 11 15.6 13
(] 19.0 17 21.2 21 9.0 13 15.7 12
TCE
TC2 76 TD5 D16

Mean  Volatility(%)  Mean  Volatility(%)  Mean  Volatility(%)  Mean  Volatility(%)

Spot 8536 297 9408 292 16 881 205 16 480 111
FCM 8716 259 9646 238 17 294 140 16 580 92
F1 9023 147 10 447 134 16 969 94 16 201 73
F2 9055 84 10633 89 16 234 67 15787 58
F3 9133 59 10710 71 16 164 49 15687 42
F4 9137 60 10593 64 16 207 44 15758 39
F5 9017 55 10419 62 16 085 52 16 009 38
Q3 8874 62 9814 48 16519 46 16 658 26
Q4 9057 47 10 164 46 16 924 35 17 141 26
Q5 9432 44 10 455 47 17 284 37 17378 26

Note: The table shows the mean and volatility of spot and forward prices of TCE and the WS for all routes (TC2,
TC14, TC6, TD5 and TD16) during the period 1 January 2009-25 February 2014 (not all the series have data for
the entire time period).

result in our data set, Table 3 shows the FCM mean price, TCE and WS, by
months divided by the total mean for each route. It is easy to see that prices
are higher in winter and spring seasons than in the summer and autumn ones.
Therefore, this is the first evidence of seasonality in our data set. Moreover,
this result confirms what is said in Alizadeh and Kavussanos (2002), p. 750:
‘These are thought to be primarily the weather conditions and calendar
effects, such as the increase in heating oil consumption during the winter,
and increased demand for dry bulk commodities by Japan before the change
of financial year every March.” Table 3 only includes FCM, which is the most
liquid quotation in each case; however, the same results are obtained with the
remainder of the series.

146 © 2015 Macmillan Publishers Ltd. 1479-2931 Maritime Economics & Logistics Vol. 17, 2, 142-162



The stochastic seasonal behavior of freight rate dynamics -);f—

Table 3: Descriptive seasonality

T2 D5 D16

WS(%) TCE(%) WS -TC14(%) TCE-TC6(%) WS(%) TCE(%) WS(%) TCE(%)

January 117 133 107 142 118 164 114 131
February 113 124 103 105 109 88 108 110
March 112 145 86 130 108 123 106 119
April 104 137 79 114 98 88 102 110
May 114 140 89 125 104 124 94 90
June 95 84 88 68 90 105 87 73
July 94 87 103 93 95 83 92 81
August 93 75 90 71 93 75 89 71
September 86 54 95 40 86 51 84 58
October 83 48 104 61 90 75 97 93
November 83 45 139 78 95 86 107 116
December 107 126 117 172 116 139 120 148

Note: The table shows FCM mean price, TCE and WS by month divided by the total mean price for each route.

Table 4: Seasonality test - Kruscal-Wallis

T2 1C14 TC6 D5 D16
WS 82.2 39.4 — 78.2 53.0
TCE 112.3 — 82.4 62.9 88.1

Notes: The table shows the statistics of the Kruskal-Wallis test for the presence of monthly seasonal effects in
the convenience yield and forward prices series. The test statistic is distributed, under the null hypothesis of
no seasonal effects, as a y° with 11 degrees of freedom. The critical value for the rejection of the null
hypothesis at 99% is 24.73.

Another way to confirm the presence of seasonality in the series is through
the Kurskal-Wallis test. To perform the test, we have computed monthly
averages from the weekly estimated convenience yield series. The null hypoth-
esis of the test is that there are no monthly seasonal effects. The test was also
performed for the FCM mean price for TCE and WS of all routes, and the results
of the test are shown in Table 4. The results indicate the rejection of the null
hypothesis of no seasonal effects in all cases at a 99 per cent significant level.

However, although the results from Table 3 and Table 4 confirm the findings
from previous studies related to evidence of seasonality in freight rates, it is not
possible to conclude whether this seasonality is deterministic or stochastic. We
can use the spectrum to characterize the seasonality (deterministic or stochastic).
From Wei (2005), it is demonstrated that deterministic seasonality appears in the
spectrum as sharp peaks (or Dirac delta functions) in several frequencies,
whereas stochastic seasonality shows a softer pattern. This finding implies that
a sharp spike in the sample spectrum may indicate a possible deterministic
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Spectrum of FCM World Scale Route TD5 Spectrum of FCM Time Charter
Equivalent (TCE) Route TD5

500
28 § 450
S 400
o 23 2 350
2 2
S 18 z 30
z g 250
o
L 13 3 200
5 o
H w 150
s 8 % 100
H
3 S 50
0
000 01 02 03 04 05 06 07 08 09 1.0 00 01 02 03 04 05 06 07 08 09 1.0
Normalized Frequency Normalized Frequency
Spectrum of First Diferences FCM Spectrum of First Diferences of FCM Time
World Scale of Route TD5 Charter Equivalent (TCE) of Route TD5
500
28 g 450
§ 400
E,‘ 23 S 350
x
] < 300
2 1 g
o £ 250
s S
3 13 g 200
3 & 150
a 8 H
2 100
3 £ 50
0
000 01 02 03 04 05 06 07 08 09 1.0 00 01 02 03 04 05 06 0.7 08 09 1.0
Normalized Frequency Normalized Frequency

Figure 1: Spectrum.

cyclical component, while broad peaks often imply a non-deterministic seasonal
component. Of course, the results should be taken with caution, as estimation
errors and aliasing effects can confuse deterministic and ideal stochastic patterns.

The freight rates, WS and TCE of TDS route, and their first differences
spectrums are depicted in Figure 1.% It seems that the spectrum generally exhibits
broad peaks and troughs; therefore, this preliminary result suggests that freight
rates have a stochastic seasonal component.

Theoretical Model
A model for stochastic seasonality

In this section, we propose and estimate two different factor models, either with
or without assuming stochastic seasonality for the freight rates presented above.
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These comparisons demonstrate that the most suitable model in terms of both
simplicity and fit is the one that assumes stochastic seasonality in all cases.

Traditionally but also currently (see for example Huang et al, 2013), freight
rates have been considered non-stationary. However, there are studies which
suggest that these prices seem to be stationary (see for example Tvedt, 2003), as
implied by maritime economics theory, or that they sometimes present a type of
mean reversion (see for example Adland and Cullinane, 2006). Therefore, to take
into account long-term (non-stationary) and short-term (stationary mean revert-
ing) effects, in addition to seasonal effects, we use the four-factor model by
Garcia et al (2012) to obtain an estimation that accounts for stochastic
seasonality. However, the aim of this article is not to decide which is the best
model to characterize the freight rate dynamics, but rather to analyze whether
freight rate seasonality is stochastic or deterministic.

In the four-factor model by Garcia et al (2012), the log-spot price (X,) is the
sum of three stochastic factors: a long-term component (&), a short-term
component (y;) and a seasonal component (a,).

Xe =4yt (1)

The fourth stochastic factor is the other seasonal factor (%), which comple-
ments a,.
The stochastic differential equations (SDEs) of these factors are:

dé, = pedt+o:dWe (2)

dy, = —ky dt+o,dW,; 3)
do; = 277:(/)0!: dt+o,dWy (4)
dot;k = —2rnpadt +c,dW (5)

where u¢, k, @, oz, 0, and o, are constants and dWy, dW,,, dW,, and dW,+ are
correlated Brownian-motion increments.*

This model is ‘maximal’ as described by Dai and Singleton (2000). Moreover,
this model follows the Dai-Singleton Ay(4) model. We see that this model is a
particular case of the canonical form given by the expressions:
{dxl = (m+AX;)dt+RdW, ©)
St = exp(¢y+CX;)
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where
a 0 0 0
0 —-a O 0
A= 0 0 k 2x¢p
0 0 —2zp k

Dai and Singleton (2000) demonstrate that this model is globally identifiable.
The model of Garcia et al (2012) imposes the restrictions a=k = ¢,=0 and a>0.
In addition, as a restriction of a globally identifiable model imposing concrete
values and intervals to the parameters, this model is also globally identifiable and
maximal.

As stated above, in Garcia et al (2012), we have:’

0 0 0 0 u
0 -k 0 0 0
A= 0 0 0 270 ,C=(1 1 1 0),m= 0
0 0 -2z¢ O 0
and
o2 - -
.| oeoupg, 0)2( - =
RR = 5
65 Oap xa 6)( Oap xo o-a -
C:OuPyys  OyOaPyar 0 ai

To compare the results obtained with this stochastic seasonality model, we
use the model with deterministic seasonality presented in Sorensen (2002). As in
the previous case, the log-spot price is assumed to be the sum of two stochastic
factors (y; and &) and a deterministic seasonal trigonometric component ()
(i.e., X; =&+ + ay). The SDEs for & and y; are the ones given before and for «,,
and a*; we have:

da; = Zﬂ'goa: dt

da, = - 2zgpa,dt

As in the previous case, af is the other seasonal factor that complements «,, and
@ is the seasonal period.

It is very easy to realize that this model with deterministic seasonality is
exactly the same as that with stochastic seasonality but imposing ¢, =0.

To value the derivatives contracts, we must rely on the ‘risk-neutral” version
of the stochastic models. The SDEs for the factors under the equivalent
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martingale measure can be expressed as:

&, = (pg—Ae)dt+o:dWS )
dye = (—kye =4y )dt + 0, WS, (8)
da; = (2nga; - 1q)dt+ o, dWS, 9)

da, = (- 2npa; -2y )dt+6,dWE, (10)

where A, 4,, 4, and 4, are ‘risk premiums’ for each factor and W?t Wf}, Wfft and
W2., are the factor Brownian motions under the equivalent martingale measure.
These Brownian motions can show any correlation structure with the restriction
explained above.

In the case of deterministic seasonality, this is also a ‘risk-neutral’ version of
the model whose SDEs are the same as those in the stochastic seasonality case
but imposing 6, =1y =4,+=0.°

Estimation Methodology

As stated in previous studies, one of the main difficulties in estimating the
parameters of the model is that the factors (or state variables) are not directly
observable. Instead, they must be estimated from spot and/or forward prices. To
estimate the non-seasonal factors (which are short- and long-term factors), we
need, as usual, short- and long-maturity forward contracts. However, to properly
estimate the seasonal factors, we need to include in the dataset forward contracts
maturing in many different months, thus covering seasonal cycles. Therefore,
our dataset must include more forward contracts than do other studies.

The formal method for this approach is to use the Kalman-filter methodology.”
The Kalman-filter technique is a recursive methodology that estimates the
unobservable time series, the state variables or factors (Z,), based on an observable
time series (Y,), which depend on these state variables. The measurement equation
accounts for the relationship between the observable-time series and the state
variables:

Y[:d['i‘M[Z['f'i’]t t:1, ,N[ (11)

where Y, d, € R, M, € %" Z, ¢ R", h is the number of state variables, or
factors, in the model, and #, € R" is a vector of serially uncorrelated Gaussian
disturbances with zero mean and covariance matrix H,. To avoid dealing with a
large number of parameters, we assume that H, is diagonal with main diagonal
entries equal to o,,.
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The transition equation accounts for the evolution of the state variables:
Zz:C['f'T[Zz,l"r‘l//t t:17 7Nt (12)

where ¢; € R, T, € R"*"and y, € R" is a vector of serially uncorrelated Gaus-
sian disturbances with zero mean and covariance matrix Q;.

Let Y;; — 1 be the conditional expectation of Y; and let Z; be the covariance
matrix of Y,, conditional on all information available at time t—1. Then, after
omitting unessential constants, the log-likelihood function can be expressed as:

l: - Zln | E[ | - Z(Y[_Y[‘[—l),Et_l(Yt_Ytlt—l) (13)

Estimation Results
The four-factor model with stochastic seasonality

Here, we present the results of the estimation of the four-factor model with
stochastic seasonality presented above for each freight rate, WS and TCE of the
different routes. Results are shown in Table 5.

One interesting result is that, in all cases, the seasonal period is typically
1 year and that the standard deviation of the seasonal factor (6,) is significantly
different from zero. This finding implies that seasonality in freight rates is
stochastic with a period of 1 year, which is consistent with the preliminary
results in presented above. The speed of adjustment (k) is highly significant,
implying, as in the case of hydrocarbons (see for example Schwartz, 1997, and
Garcia et al, 2012), mean reversion in freight rates. It is interesting to note that
this speed of adjustment is higher in the TCE than in the WS. This outcome is
clear, as WS is a market price whereas TCE is a margin. The long-term trend (u)
for the WS is negative in all cases, and its significance varies from one route to
another, implying slightly long-term reduction in freight rates, which is consis-
tent with the global financial crisis. However, in the case of TCE, which is a
margin, the long-term trend (x) tends to be positive in three of four cases, which
implies that, even though freight rates tend to go down, the freight rate margins
tend to grow in the long term. However, as in the case of WS, in half of the cases
of TCE, the long-term trend is not significantly different from zero. It is also
interesting that o; and o, are both highly significantly different from zero in all
cases; therefore, to characterize freight rates, WS and TCE, both non-seasonal
(long term and short term) factors are needed as stated in section 3.

The market prices of risk associated with non-seasonal factors (4; and 1,)
are significantly different from zero in some cases and not in others (it is
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Table 5: Estimation results. Four-factor model - stochastic seasonality (Garcia et al (2012))

ws
T2 TC14 D5 D16
Contracts FCM, F1, F2, F3,  Spot, FCM, F1, F2, FCM, F1, F2, FCM, F1, F2,
F4, F5,Q3, Q4, Q5 F3, F4, F5, F3, F4, F5,Q3, Q4, Q5 F3, F4, F5, Q3, Q4, Q5
Q3, @4, @5
Number of Obser. 262 94 262 217
e -0.6875"" -0.2710* —-0.0129 —0.0405
(0.3296)__ (0.1228) (0.2593) _ (0.2235)
K 0.2957 2.8869 0.2078 0.6061
(0.0000) (0.0000) (0.0130) (0.0000)
¢ 0.8417 0.9212 0.8407 0.8433
(0.0000) (0.0000) (0.0000) (0.1400)
o 1.1280 0.1274 1.6369 0.4449
(0.0000)__ (0.0085)__ (0.1117) _ (0.0000)__
o, 1.4178 0.6541 1.9218 0.7174
(0.0000) (0.0602) (0.1309) (0.0000)
6 0.1071 0.1010 0.1253 0.0919
(0.0049) _ (0.0000)_ (0.0040)__ (0.0066)__
Py —0.9942 —0.7434 —0.9977 —0.9799
(0.0000) (0.0504) (0.0004) (0.0000),
Pra —0.4451 —0.3956* —0.1145 —0.4985
(0.1214) (0.2399) (0.1451) (0.0845)
P*ea —0.0319 0.2133 0.8173 0.7046
(0.0000)__ (0.1907) (0.0698) (0.1494)
Pra 0.4627 0.4689 0.1307 0.5659
(0.1223) (0.0685) (0.1613) (0.1316)
P 0.0474 -0.1019 —0.7895 —0.6141
(0.0000)__ (0.2103) (0.0787) (0.1648)__
Ae —0.6104 —0.3152* —0.0526 —0.4092
(0.2638), (0.1323) (0.3877) (0.2257)
Ay 0.7400 2.2909*** —0.4719 0.5965
(0.3713) (0.7664) (0.5459) (0.3720)
Aa 0.0601 0.3883 —0.1530 0.0484
(0.0494) (0.0782) (0.1334) (0.0526)
¥, 0.1119 —0.0422 0.1586 —0.0541
(0.0529) (0.0832) (0.1258) (0.0565)
o, 0.0356 0.0421 0.1253 0.0302
(0.0005) (0.0012) (0.0040) (0.0006)
Log-likelihood 6142.30 2283.00 6251.79 5431.38
AIC 6110.30 2250.00 6219.79 5399.38
SIC 6053.20 2210.30 6162.70 5345.30
TCE
Tc2 TC6 D5 D16
Contracts Spot, FCM, F1, Spot, FCM, F1, Spot, FCM, F1, Spot, FCM, F1,
F2, F3, F4, F5,Q3,  F2, F3, F4, F5,Q3, F2, F3, F4, F5,Q3,  F2, F3, F4, F5, Q3,
Q4, Q5 04, Q5 04, Q5 Q4, Q5
Number of Obser. 200 200 200 147
e 0.7223 -0.8028""" 1.1049"" 0.9687
(0.6160)__ (0.2566)__ (0.4071) _ (0.6907)
K 4.1872 3.1451 4.8854 1.5570
(0.0000) (0.0000) . (0.2584) (0.0726)
@ 1.0031 0.8450 0.8426 0.8435
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Table 5: (Continued)

(0.0318) . (0.0000) . (0.0000) . (0.0642)
o 1.2371 0.4229 0.4134 1.2744
(0.0000) (0.0446) (0.0605) (0.0000)
o, 3.9451 2.2291 1.9123 2.3583
(0.0000) . (0.0668) . (0.1141) (0.0000) .
Ca 0.0486 0.5987 0.2285 0.5355
(0.0008) . (0.0623) (0.0229) (0.0481) .
ey —0.4910 —0.7646 —0.3849 —0.5165
(0.0837) (0.0503). (0.1071) (0.0000)
Pea 0.0820 —0.2067 —0.2769 ~0.6626
(0.2233) (0.0695) (0.1745) (0.0000) .
Pear —0.4544 —0.0740 0.5984 0.6643
(0.3850) (0.1441) (0.1098). (0.0000).
Pra 0.1332 0.1451 —0.2453 0.2282
(0.2410) (0.0000) . (0.0967) . (0.0000) .
Py 0.9799 ~0.0486 —0.7586 ~0.8165
(0.1067) . (0.1099). (0.0554) (0.0000),
e 1.6572 0.6427 1.2014 1.0711
(0.3820) (0.2453) (0.4273) (0.6332)
2 1.2463 ~0.7586 —1.4337 ~0.9017
(2.3153) (1.2311) (1.3257) (0.3720),
A 0.0715 1.7013 —0.0291 ~0.5135
(0.9237) (0.3712) (0.1939). (0.2534)
A 0.4694 0.0920 0.5587 0.2018
(0.3793) . (0.4342) (0.1942) (0.2963) .
o 0.2864 0.2191 0.0975 0.1520
(0.0117) (0.0000) (0.0018) (0.0031)
Log-likelihood 1079.40 1694.70 3203.02 1728.64
AIC 1047.40 1662.70 3171.02 1696.64
SIC 994.62 1609.70 3118.25 1648.79

Notes: The table presents the results for the four-factor model applied to the freight rates under study: WS and
TCE for all routes (TC2, TC14, TC6, TD5 and TC16) Standard errors are in parentheses The estimated values are
reported with * denoting significance at 10%, ~ denoting significance at 5%, and ~~ denoting significance at
1%.

interesting to note that in the case of TCE A is, and 4, is not, significantly
different from zero in all cases). The market prices of risk associated with
seasonal factors (4, and 4,+) are not significantly different from zero in most
cases; however, in some cases, they are significantly different from zero. These
results suggest that the risk associated with the non-seasonal factors is more
difficult to diversify than the risk associated with the seasonal factors in our
data set. It is also interesting that the market price of risk associated with the
seasonal factor which is included in the price (4,) tends to be more signifi-
cantly different from zero than the other seasonal factor (4,+) in most cases. As
the seasonal factor is complex, these results indicate that the risk associated
with the real part (a) of the complex seasonal factor is more difficult to
be diversified than the risk associated with the imaginary part («*). It should
be noted that the complex part is solely a mathematical artifact to produce the
necessary cyclical behavior.
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The correlation between the long-term factor (£) and the real part of the
seasonal factor (a) is negative in almost all cases (WS and TCE for all routes),
most likely because both factors are long term and are competing to capture long-
term effects (see Garcia et al, 2012). However, the correlation between the long-
term factor and the imaginary part of the seasonal factor (a*) is positive. The
opposite phenomenon occurs with the short-term factor; the correlation between
the long-term factor (£) and the real part of the seasonal factor () is positive in
almost all cases, whereas the correlation between the long-term factor and the
imaginary part of the seasonal factor (a*) is negative.

Deterministic versus stochastic seasonality

It is useful to compare the results obtained with the stochastic seasonality model
to those obtained with the standard, deterministic seasonality model. Here we
present the results of the estimation of both models for each freight rate, WS and
TCE, of the different routes, presented above. Both models’ parameters have
been estimated using the Kalman-filter methodology, and the results are shown
in Table 5 and Table 6, respectively.

First, it is interesting to compare the value of the Schwartz Information
Criterion (SIC) obtained with both models. If we define the SIC as In(L,;) — q In(T),
where q is the number of estimated parameters, T is the number of observations
and Ly, is the value of the likelihood function, defined in equation (12), using
the g estimated parameters, then the preferred model is the one with the highest
SIC. We find that the value of the SIC for the four-factor model with stochastic
seasonality, shown at the bottom of Table 5, is higher than the corresponding
value obtained with the deterministic seasonality model shown at the bottom of
Table 6 in, almost all cases (WS and TCE for all routes). We reach the same
conclusions with the Akaike Information Criterion (AIC), which is defined as In
(L) —24.

A similar method of comparing the models is to compute a likelihood ratio
test. As stated above, the model with stochastic seasonality nests the deterministic
seasonality model (that is, Sorensen’s proposal) when o,=0. Therefore, the
restrictions imposed by the deterministic seasonality model can be tested using a
likelihood ratio test. The results are shown in Table 7. The value of the LR statistic
is quite large in almost all cases, indicating the rejection of the null hypothesis that
the true model is the restricted one, that is, the deterministic seasonality model.

The models can also be compared using their predictive ability. We present
the in-sample predictive ability of both models for all cases in Table 8. The table
presents the root mean square error as percentage of its mean (RMSE mean per.)
to compare the predictive power of the two-factor model with deterministic
seasonality and the four-factor model with stochastic seasonality. In general,
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Table 6: Estimation results. Two-factors model with deterministic seasonality (Sorensen, 2002)

ws
T2 TC14 05 D16
Contracts FCM, F1, F2, F3, F4, Spot, FCM, F1, F2, F3, FCM, F1, F2, F3, F4, FCM, F1, F2, F3, F4,
F5,03,Q4,Q5  F4,F503,Q4,Q5  F5Q3,Q4,05  F5 Q3 04,05
Number of Obser. 262 94 262 217
e —0.0210 0.8148"" 0.9717 —0.0014
(0.0777) (0.0000) _ (1.5345) (0.0495)
K 1.6447 7.3703 0.0631* 2.3946
(0.1243) (0.3527) (0.0000) (0.1650) _
¢ 1.0255 1.0796 1.0253 0.8853
(0.0130)__ (0.0000) _ (0.0106) _ (0.0196) _
o 0.1725 0.1651 3.7747 0.0964
(0.0177) (0.0000) _ (0.0000) _ (0.0106) _
o, 0.4610 0.8255 3.9982 0.3179
(0.0324) (0.0711) (0.0000) (0.0241)
Pey —0.6999 0.0362 —0.9997 —0.3943
(0.0658) (0.1746) _ (0.0000) (0.1156)
e —-0.0872 0.7772 —0.4936 0.0837
(0.0783) (0.0000) (1.7012) (0.0520)
Ay 0.0735 1.3440 0.4835 —0.6790
(0.2066) _ (0.6411) _ (1.8014) (0.1640) _
o, 0.0476 0.0420 0.0469 0.0599
(0.0007) (0.0010) (0.0007) (0.0010)
Log-likelihood 5712.12 2318.85 5801.37 4367.66
AIC 5694.12 2300.85 5783.37 4349.66
SIC 5662.01 2277.96 5751.25 4319.24
TCE
T2 TC6 D5 D16
Contracts FCM, F1, F2, F3, F4,  Spot, FCM, F1, F2, F3,  FCM, F1, F2, F3, F4, FCM, F1, F2, F3, F4,
F5, Q3, Q4, Q5 F4, F5, Q3, Q4, Q5 F5, Q3, Q4, Q5 F5, Q3, Q4, Q5
Number of 200 200 200 147
Obser.
e 1.0724 0.2049 1.2059 —0.6235
(0.3857) (0.6390) _ (0.5950) _ (1.4254)
K 1.7420 1.2612 4.9997 2.1483
(0.3600)__ (0.2475) (0.2046) _ (0.7529)
@ 0.8614 1.0249 0.967 1.0207
(0.0258) (0.0029) (0.0095) _ (0.0186)
o: 0.9138 1.2424 0.6809 2.2572
(0.0483) (0.2058) _ (0.1353) (0.0000) _
o, 2.0835 2.0528 1.9940 0.3179
(0.2543) (0.2560) _ (0.0759) (0.0241)
Py —0.6332 —0.0882 —0.5420 —-0.0172
(0.0642) (0.0000) (0.1813) (0.2861)
e 1.6121 0.8669 —1.2564 1.6136
(0.3489) (0.7326) (0.6614) (1.4186)
Ay 1.7420 0.5769 0.0297 0.0632
(0.3600) (1.1110) (1.6922) (0.8479)
o, 0.3628 0.4091 0.1163 0.1566
(0.0136) (0.0250) (0.0022) (0.0059)
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Table 6: (Continued)

TCE

ez 7c6 D5 D16

Contracts FCM, F1, F2, F3, F4,  Spot, FCM, F1, F2, F3,  FCM, F1, F2, F3, F4, FCM, F1, F2, F3, F4,
5,03, 04, Q5 F4, F5, Q3, Q4, Q5 5, Q3, Q4, Q5 5,03, Q4, @5

Number of 200 200 200 147
Obser.
Log-Likelihood 733.56 981.02 2949.01 1564.75
AIC 715.56 963.02 2931.01 1546.75
SIC 685.87 933.34 2901.32 1519.83

Notes: The table presents the results for the two-factor model with deterministic seasonality applied to the
freight rates under study: WS and TCE for all routes (TC2, TC14, TC6, TD5 and TC16). Standard errors are in
parentheses. The estimated values are reported with * denoting significance at 10%, =~ denoting significance
at 5%, and " denoting significance at 1%.

Table 7: Likelihood ratio tests

ws
Statistic (¥ TC14 D5 D16
Log-L Stoch. Seas. 6142.30 2283.00 6251.79 5431.38
Log-L Deter. Seas. 5712.12 2318.85 5801.37 4367.66
LR (P-value) 860.36 (0.00) —71.7 (1.00) 900.84 (0.00) 2127.44 (0.00)
TCE
Statistic T2 TC6 D5 D16
Log-L Stoch. Seas. 1079.40 1694.70 3203.02 1728.64
Log-L Deter. Seas. 733.56 981.02 2949.01 1564.75
LR (P-value) 691.68 (0.00) 1427.36 (1.00) 508.02 (0.00) 327.78 (0.00)

Notes: The table shows the values of the maximized log-likelihood function (Log-L) for the deterministic
seasonality model (the two-factor model or Sorensen’s proposal) and for the stochastic seasonality model
(the four-factor model), the likelihood ratio (LR) and asymptotic P-values for the four-data sets employed in
the estimation procedure.

both models have a good fit, as the predictive errors are small and, as expected,
forwards with longer maturities present smaller predictive errors than the
forwards with smaller maturities as these last ones have more volatility and are
more exposed to market noise than the former.

However, the model accounting for stochastic seasonality outperforms the
standard model with deterministic seasonality. Consequently, this outcome is
further proof that freight rates present seasonality and that this seasonality is
stochastic instead of deterministic.

The advantages of the stochastic seasonality model over the deterministic
seasonality model are even clearer when we analyze the out-of-sample
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Table 8: In-sample predictive ability (RMSE)

ws

(¥ TC14 TD5 D16

Sto.(%)  Deter.(%) Sto.(%) Deter.(%) Sto.(%) Deter.(%) Sto.(%) Deter.(%)

Spot — — 4t 4.3 — — — —
FCM 2.8 3.2 2.8 2.8 3.2 4.0 2.4 3.2
F1 2.2 2.2 2.7 2.7 2.5 2.5 1.7 2.0
F2 1.6 1.7 2.0 2.0 2.1 2.2 1.5 1.6
F3 1.2 1.6 1.4 1.6 1.7 2.2 1.1 1.9
F4 1.1 1.5 1.2 1.4 1.6 1.9 1.1 2.5
F5 1.3 1.6 1.4 1.5 2.0 1.8 1.5 2.8
3 1.2 1.8 1.0 1.3 1.3 2.3 0.9 2.2
Q4 1.4 1.3 1.1 0.9 1.7 1.6 1.1 2.2
(] 1.5 1.9 1.5 1.7 1.7 2.6 1.1 2.7
TCE
2 TC6 D5 D16

Sto.(%)  Deter.(%)  Sto.(%) Deter.(%)  Sto.(%)  Deter.(%)  Sto.(%)  Deter.(%)

Spot 11.9 111 7.2 8.8 3.1 3.2 5.5 5.6
FCM 10.2 10.1 3.6 4.2 1.8 1.9 1.7 1.8
F1 3.7 3.5 3.1 3.4 1.7 1.7 1.4 1.4
F2 2.6 3.1 2.2 3.5 1.2 1.4 1.4 1.2
F3 1.8 2.7 1.4 3.1 0.9 1.0 1.2 0.9
F4 1.2 2.4 1.4 2.5 0.8 0.9 0.9 0.7
F5 1.3 2.5 2.0 1.9 1.6 1.6 0.9 0.9
Q3 1.9 2.2 1.3 1.9 0.9 1.1 1.1 0.5
Q4 1.5 2.1 1.9 1.7 0.9 1.1 0.9 0.9
Q5 2.0 2.1 2.4 2.4 1.1 1.3 1.1 1.0

Notes: The table presents the root mean square error as the percentage of its mean (RMSE mean per.) to
compare the in-sample predictive power of the two-factor model with deterministic seasonality and the four-
factor model with stochastic seasonality.

predictive ability (Table 9). When we perform the out-of-sample predictive
ability, we divide the data sets into two panels. The first panel consists of
80 per cent of the data and is used to estimate the parameters of the model,
whereas the second panel is used for out-of-sample testing purposes and
consists of the remaining 20 per cent.

As expected, out-of-sample pricing errors are slightly higher than the
corresponding in-sample values. However, as in the case of in-sample predictive
ability, the model accounting for stochastic seasonality outperforms the standard
model with deterministic seasonality. Consequently, this outcome is further
proof that freight rates present seasonality and that this seasonality is stochastic
instead of deterministic.
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Table 9: Out-of-sample predictive ability (RMSE)

ws

(¥ TC14 TD5 D16

Sto.(%)  Deter.(%) Sto.(%) Deter.(%) Sto.(%) Deter.(%) Sto.(%) Deter.(%)

Spot — — 4.3 4.2 — — — —
FCM 3.4 4.0 2.3 2.5 2.7 3.2 2.3 3.7
F1 2.4 2.4 2.8 3.0 2.4 2.3 1.8 2.5
F2 1.8 1.8 1.9 2.1 1.5 1.5 1.5 1.8
F3 1.1 1.5 1.3 1.5 1.3 1.5 1.4 2.0
F4 1.4 1.2 1.1 1.6 1.2 1.5 1.0 2.2
F5 1.8 1.1 1.1 1.2 1.2 1.4 1.0 2.4
3 0.9 1.8 1.4 2.6 1.1 1.6 1.1 2.3
Q4 1.7 1.0 1.5 2.4 1.4 0.9 0.7 1.8
(] 1.8 2.7 1.4 2.3 1.7 1.8 1.1 2.9
TCE
2 TC6 D5 D16

Sto.(%)  Deter.(%)  Sto.(%) Deter.(%)  Sto.(%)  Deter.(%)  Sto.(%)  Deter.(%)

Spot 19.2 18.5 10.9 11.9 4.2 4.3 12.0 12.1
FCM 18.0 17.8 4.9 5.1 2.5 2.5 3.3 3.2
F1 5.6 5.4 5.2 5.6 2.4 2.5 2.4 2.3
F2 4.0 4.5 3.0 4.6 1.5 1.7 1.5 1.5
F3 2.1 3.2 1.7 3.5 1.1 1.1 0.8 1.0
F4 2.0 2.3 1.9 2.7 1.0 0.9 0.7 0.8
F5 2.5 2.6 2.4 2.1 1.2 1.3 0.9 0.8
Q3 1.4 3.1 1.6 3.1 0.7 1.5 0.5 0.9
Q4 1.8 2.9 2.3 1.8 1.1 1.4 0.9 1.0
Q5 4.1 2.9 3.2 2.3 0.9 1.4 1.2 0.8

Notes: The table presents the root mean square error as the percentage of its mean (RMSE mean per.) to
compare the out-of-sample predictive power of the two-factor model with deterministic seasonality and the
four-factor model with stochastic seasonality. The data set has been divided using 80% of the sample as in-
sample data and 20% as out-of-sample data.

These results imply that there is seasonality in freight rates, which implies
that shipowners may be able to use the information on the seasonal movements of
freight markets in order to make business decisions, such as budget planning, dry-
docking of vessels when freight rates are expected to drop, adjusting vessel speeds
to increase productivity and ship repositioning to loading areas during peak seasons.
Charterers also can use the information derived here to optimize their transportation
costs by timing, for instance, their inventory build up outside peak seasons albeit
taking seasonality into account. Having said this, it should be kept in mind that
seasonality is stochastic and, thus, its time period and intensity can change in time.
Consequently, these seasonal movements are not perfectly predictable, and ship-
owners and charterers should use this information with caution.
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Conclusion

This article focuses on the seasonality of freight rates and, accordingly, the
seasonality of WS and TCE for different routes. Fixed costs in shipping make its
supply unresponsive to seasonal variation in demand. Thus, freight rates
are strongly seasonal. Moreover, analyzing the spectrum, it seems highly
probable that seasonality in freight rates is a stochastic factor and not a
deterministic one.

On the basis of this empirical evidence, we have proposed a model for the
stochastic behavior of freight rates, considering seasonality as a stochastic factor
and we have compared it with the classical ones with deterministic seasonality.
These comparisons prove that the most appropriate model in terms of both
simplicity and fit is the one that assumes stochastic seasonality in all cases. This
conclusion is confirmed in terms of likelihood ratio test and in-sample and out-of-
sample predicted ability because the model accounting for stochastic seasonality
outperforms the standard model with deterministic seasonality

Consequently, these results imply that there is seasonality in freight rates
and that this seasonality is stochastic instead of deterministic. Therefore,
shipowners and charterers can use this information on the seasonal movements
of freight markets to make business decisions. Shipowners and charterers should
know that freight rates are higher in the winter and spring seasons than in the
summer and autumn ones and they should try to accommodate their business
strategies to this fact. Even more, as proven in this article, they should also know
that these differences in freight rates between different seasons are not
deterministic but stochastic. This means that it is not possible to predict the
value of this difference, which can change from 1 year to the following.

Moreover, the fact that freight rate seasonality is stochastic instead of
deterministic has also important consequences in derivatives valuation and
hedging. Since derivatives value, especially options, tends to increase with the
underlying uncertainty (volatility), the fact that seasonality is stochastic instead
of deterministic should be taken into account to increase freight rate volatility
and, consequently, derivatives values.

Notes

—_

See www.balticexchange.com

2 For the sake of brevity we have just presented one route results and we have used the current
month forward, FCM, prices. However the rest of the routes and forward prices results are more
or less the same and are available upon readers’ requests.

3 Each seasonal factor is modeled through a complex trigonometric component, whichcan be

expressed by means of two real SDE. The SDE for the complex trigonometric component is:
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da,= - 2n¢pa,dt + Q,dW,, where a, is a complex factor (a,=a,+1ia;). Equaling real and
imaginary components in the previous equation yields the two real SDEs for a; and a*;.

4 Here we assume homoskedasticity in the error terms. Liu and Tang (2011) show evidence of
heteroskedasticity in the convenience yield series for WTI and copper, using daily data.
However, we have confined ourselves to the constant volatility case for several reasons. First,
the residuals of the model show little evidence of heteroskedasticity with weekly data. Second, a
stochastic volatility model is probably more realistic, but also more complex so much the
Kalman-filter formulae cannot be computed explicitly in an exact way and it is necessary the use
of approximations, whereas all the formulae in this article are exact.

S As seen by Garcia et al (2012), pye+=0 and 6,=0,+.

As seasonal factors are not stochastic, they do not need a risk premium.

7 Detailed accounts of Kalman filtering are given in Harvey (1989).

(=)}
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