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Abstract

Reliable and accurate forecasts of time charter rates are crucial for shipowners navigating the highly volatile global shipping market. This paper introduces a
novel framework, the Parsimonious Intelligent Support Vector Regression Search Engine (SVRIMSE), designed to enhance the forecasting of time charter
rates. Unlike traditional models that rely on subjective assumptions regarding causality, time lags, and training set sizes, which can compromise accuracy
and pose challenges for non-experts, SVRIMSE offers a more robust solution. It not only delivers precise forecasts but also autonomously identifies
significant explanatory variables without requiring prior knowledge or assumptions about the shipping market. Our comparative analysis demonstrates that
SVRIMSE outperforms several baseline models across three error metrics. Notably, the results highlight Fleet Development (Number) and Scrap Value as the
most influential variables in forecasting time charter rates. These findings provide both accurate forecasts and valuable insights into the factors impacting

the freight market, offering a significant contribution to the field.
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Introduction

Anticipating future changes, which helps make opportune deci-
sions, is significant in the global shipping market. The global ship-
ping market is highly dynamic and volatile due to trade wars,
economic recessions, rigid market disequilibria, trends, and season-
ality. This huge volatility poses critical difficulties for shipping
companies, ship owners, shipyards, and brokers in making oppor-
tune decisions!'2., Therefore, forecasting the future changes of the
global shipping market accurately is significant because of its effect
on managerial decisions. Many researchers put much effort into
understanding the mechanism of the seaborne freight market. The
pioneer analysis of the balance between supply and demand of the
seaborne freight market was conducted by Rothbarth[3.. Zannetos!!
investigated the relationship between the period and the spot ship-
ping market and proposed seminal theoretical models. All the stud-
ies showed that the freight market is highly volatile and difficult to
model. However, most literature analyzing the seaborne freight
market is based on professional and rational postulations about the
economic predictors of the freight market.

Since the freight market is highly volatile, some literature focuses
on forecasting charter rates using statistical models or machine
learning models>-1"l. For example, Li & Parsons!”! implemented
neural networks to forecast the freight rates of oil tankers for the
first time and compared two neural networks with different inputs.
However, most of the researchers designed the model's structure
arbitrarily, and did not consider optimizing the training sample size,
and selected the explanatory variables based on causality. Such
relaxation may deteriorate the forecasting accuracy because of the
non-objective design of the models.

This work contributes to seaborne crude oil transportation by
proposing a novel and objective framework of Support Vector
Regression (SVR) to forecast the time charter rates. To the best
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knowledge of the authors, SVR is utilized to forecast the time char-
ter rates for the first time. In addition, the existing literature deals
with time charter rate forecasting based on subjective assumptions
of the model's structure and explanatory variables. However, our
method which establishes the model based on the accuracy of the
validation set, is automatic and objective. Moreover, most of the
related literature analyzed the freight market from the perspective
of supply and demand, however, our data-driven method can
provide insights into the significant explanatory variables based on
forecasting accuracy.

The rest of this paper is organized as follows. A review of the stud-
ies analysing the freight market and literature about the forecasting
methods is presented. The models compared in this study are then
described briefly in the next section. Then, the source and pre-
processing steps for the data are presented. After introducing the
data, we present the comparison results on the time charter rates in
terms of three error metrics. The prediction curves on the test set
and hyper-parameter settings of the model are presented. Then, a
detailed analysis of the models' forecasting accuracy and explana-
tory variables' contribution is provided. Finally, a conclusion is
drawn, and limitations and future work are briefly described.

Literature review

Many studies focus on investigating the mechanism of the freight
market and the predictors that affect the freight rates. The pioneer
analysis of the seaborne freight market considering the balance
between supply and demand was conducted by Rothbarth®l,
Zannetos! proposed seminal theoretical models based on the rela-
tionship between the spot and period shipping market. Hale &
Vanags['2 and Glen et al.l'3] proposed frameworks to figure out the
relationship between the spot and the long-term markets.
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Strandenes!'?! investigated the effect of expectations of the spot
market on the period market.

Since making opportune decisions in the freight market is impor-
tant for making profits, some researchers try to anticipate the future
by using forecasting models. The pioneering work carried out by
Beenstock & Vergottis!'>16! utilized the econometric model to fore-
cast the annual freights and period charter rates. Glen & Martinl'7],
and Veenstral'8l implemented the Vector Autoregression (VAR)
model and provided insights into the term structure of freight rates.
The authors concluded that the spread between freight and charter
rates did not contribute to forecasting. The volatility in the spot and
time charter markets was studied by the extension of the Autore-
gressive Conditional Heteroskedasticity (ARCH) class of models by
Kavussanos!'l,

Instead of econometric and statistical forecasting models, intelli-
gent algorithms were touched on in some literature. Bulut et al.l2l
proposed a novel vector autoregressive fuzzy integrated logical
model that was robust to noise to forecast time charter rates of two
kinds of bulk carriers and compared the performance with several
famous fuzzy time series models. Besides fuzzy time series, neural
networks show a strong ability to discover patterns and learn knowl-
edge from historical data. The pioneering work using neural
networks to forecast oil tankers' spot freight rates was conducted by
Li & Parsons!”l. They showed that the neural networks outperformed
the conventional forecasting method, Autoregressive Integrated
Moving Average (ARIMA). Lyridis et al.8l implemented the neural
networks to forecast Very Large Crude Carrier (VLCC) spot freight
rates, but the results were not compared with baseline models.
Eslami et al.®) combined neural networks with a Genetic Algorithm
(GA) to forecast the tanker freight rates with parsimonious variables.
The neural networks used in the above literature are feed-forward
structures and such networks are called Multi-Layer Perceptron
(MLP). Santos et al.l) showed that the MLP and Radial Basis Func-
tion (RBF) network outperformed ARIMA on the period charter rates
of VLCC tankers.

Intelligent forecasting algorithms have been proven to outper-
form conventional econometric and statistical models in various
datasets!2'-26l, The modern forecasting model aims at learning a
function from the historical data and extracting valuable temporal
information. Besides the literature mentioned in the above para-
graph, many researchers have developed and implemented intelli-
gent algorithms to forecast various time series from the shipping
market. Syriopoulos et al.l2”! applied the Support Vector Machine
(SVM) to forecast ship prices and the results showed that SVM
outperformed ARIMA. Zeng et al.28 utilized the Empirical Mode
Decomposition (EMD) to decompose the Baltic Dry Index (BDI) first
and feed the sub-series into neural networks to generate predic-
tions. Many researchers put much effort into forecasting the BDI
series, such as the fuzzy time series?9, SVMBO31,  neural
networksB2-34], and hybrid models[351,

Methodology

Brief introduction of baseline models

First, suppose the input multivariate data is y = R¥ m and the
target time series are ¢;. Then, a concise overview of the baseline
forecasting models is presented.

Naive forecast: The naive forecast is the most common bench-
mark for forecasting tasks. The naive forecast uses the most recent
value as its forecast('l. Naive forecast is essentially a no-rule forecast-
ing scheme, but a forecasting algorithm must outperform it.

ARIMA: The ARIMA model which aims at describing the autocor-
relation of time series is another popular baseline in the forecasting
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field. ARIMA succeeds in various forecasting tasks because it is an
integration of differencing, autoregressive, and moving average
models. The differencing helps stabilize the time series. The whole
model ARIMA (p,d,q) is defined as!'.236!:
dr=craid,_+...ap¢p+bre +...

where, ¢, represents the time series after d times differencing, € is the
residual, and parameters g, b, and ¢ need optimization.

SVR: The key idea of SVR is to transform the linear data into high-
dimensional space with a suitable non-linear transformation and
solve the problem in that space in a linear fashionl'l. First, the SVR
transforms the input variables y into high-dimensional space by
non-linear function ¥ (y). Then the SVR learns a function which
minimizes the e-loss function2:

+by€;s+ €, €8

loss =C (6 +&)+ 3l @

with the constraints defined as,
() <e+& 3)
(WY (y))—¢i < e+& “4)

where, & and & 20,i=1,2,3,.,n. The & and & are defined as the
slack variables and C is the regularization parameter. € denotes the
region where no penalty is counted. A small e means the SVR puts
more effort into fitting the data than the SVR with a large ¢, but a small
€ causes over-fitting. By introducing the Lagrange multipliers, this
problem is transformed into:

FOrana) =) (a-a) K (yy)+b )
i=1
where, the kernel function K(y,y;) = (y)¥(y;). The Lagrange
multipliers a; and a; can be calculated by solvmg the dual formulatlon

mmZZn:Z(a, a)a,—a y,,y, Zqﬁ,(a, a)+eZ(a,+a)

i=1 j=1
Q]
subject to:

Zn:(ai—af):(),
Py

MLP: MLP is a stacked neural network with a feed-forward
structurel'l. The hidden layer learns a meaningful representation of
its input based on the task. MLP's success is essential because of its
strong ability to extract the features in an end-to-end fashion. Differ-
ent from the hand-crafted or unsupervised features, the hidden
nodes learn the features which are suitable for the given tasks. Each
hidden node has its non-linear activation function which transforms
the input data into a different space. Once the information propa-
gates from the input layer to the output layer, the loss can be
computed. Then the famous back-propagation algorithm can be
applied to optimize the weights of all layersiZ. In addition, many
improved versions of learning algorithms are proposed.

Decision Tree: Decision Tree (DT) is a data-driven model with a
tree structure. Each node in the tree functions the partitioning of the
input spacel®’]. As a result, a learned decision tree divides the whole
input space into many areas, and then the regression error is opti-
mized for each area.

0<a, a;<C, i=12,...,n @)

Parsimonious Intelligent SVR Search Engine

Inspired by Bekiroglu et al.8], we propose a novel model, called
Parsimonious Intelligent SVR Search Engine (SVRIMSE). Bekiroglu et
al. proposed the Intelligent Model Search Engine (RIMSE) to forecast
the crude oil price and the RIMSE model is a automatic and object
forecasting model38], RIMSE assumes no prior knowledge about the
data and model's structure and establishes the forecasting model
based on accuracy of out-of-sample data. Although RIMSE achieved
great success in crude oil price forecasting and outperformed the
famous forecasting models, it is essentially a linear system which
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cannot learn the complex and non-linear relationship among the
various explanatory variables. Therefore, we propose to use SVR to
replace the linear regression (Ridge regression) to enhance the
learning of non-linear patterns.

In addition, most of the existing works focus on a dense collec-
tion of time lags, which may cause overfitting and introduce irrele-
vant inputs. To handle these shortcomings, we propose to optimize
the time lags in a parsimonious fashion. In other words, instead of
selecting a successive sequence of time lags, the combinations of
time lags are considered. Finally, to the best knowledge of the
authors, there is little SVR-related forecasting literature considering
optimizing the training sample size for SVR.

First, we transform all the time series into the first difference.
Then, the validation and test set are split from the whole dataset.
After the split, the following steps are implemented.

Step 1. The shrinking window size is chosen, which defines the
size of the training set. Such a partitioning scheme is shown in Fig. 1.
When the shrinking window becomes larger, the training set size
becomes smaller. A larger shrinking window offers less data to train
the SVR.

Step 2. One set of explanatory variables among a large set of vari-
ables is chosen. Although it is well-known that more explanatory
variables can help the model learn more complex knowledge from
the data, irrelevant variables will cause a burden on the model's
learning and degrade the performance.

Step 3. One combination of time lags is chosen, which serves as
the input for the learning candidate. Different from the existing
works, various combinations of time lags are considered in our
model. For example, a forecasting model with time lag three is
usually trained by feeding data at t-1, t-2, and t-3, but our model can
utilize combinations of the lags, such as t-1 and t-3.

Step 4. Then, the SVR models with different hyper-parameters
using the corresponding combinations of time lags are trained
based on the chosen shrinking window size.

Step 5. After training, the model is applied to the validation set,
and the corresponding error metric is calculated.

Step 6. All errors on the validation sets are compared and the
model with the minimum error is the final SVR.

Step 7. The final SVR is re-trained with the selected SVR's hyper-
parameters, shrinking window size, a combination of explanatory
variables, and time lags.

Step 8. Finally, the retrained SVR is applied to the test set.

The SVRIMSE effectively captures both temporal and cross-vari-
able dependencies through its integrated components, particularly
the Intelligent Model Search Engine. This component is pivotal in
identifying critical variables and the appropriate time lags that opti-
mize predictive performance, assessed rigorously on a validation
dataset. In the process of model development, the Intelligent Model

Adaptive training set

[ e l[ !

Shrinking * ]
window | 4= Target series

Test period

imonious input

Time dimension

Fig.1 Partitioning scheme of SVRIMSE.
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Search Engine first conducts a systematic search across potential
predictors and their corresponding time lags. This search is not arbi-
trary; it is finely tuned to discern which variables and their historical
values (time lags) most significantly influence the target variable,
thereby elucidating cross-variable dependencies. The identified vari-
ables are those that consistently show a predictive relationship with
the outcome across various scenarios within the validation set.
Simultaneously, by determining the optimal time lags for these vari-
ables, the Intelligent Model Search Engine captures the temporal
dependencies crucial for time-series forecasting. These time lags
reflect how past values of one or more variables influence future
values of the target variable, which is essential for understanding
the dynamics within the data. Following this variable and lag selec-
tion phase, the SVR component of the model is trained. SVR is partic-
ularly well-suited for this task as it excels in modelling non-linear
relationships. By training the SVR on the variables and time lags
selected by the Intelligent Model Search Engine, the model not only
learns the direct relationships but also the intricate non-linear inter-
actions among the variables over time. This comprehensive
approach ensures that SVRIMSE not only captures, but also lever-
ages these dependencies to enhance forecasting accuracy.

Ship size

There are three types of tanker vessels in the data collected in this
study. Table 1 summarizes the key features. Aframax ships refer to
medium-sized crude oil tankers with a deadweight tonnage rang-
ing between 80,000—120,000 metric tons. Tankers of this size have a
cargo-carrying capacity between 70,000—-100,000 metric tons, with
an average cargo-carrying capacity of approximately 750,000
barrels. Due to their advantageous size, Aframax tankers are ideal for
short to medium-haul oil trades and are primarily used in areas that
do not have very large ports to accommodate bigger crude oil
tankers or very large crude oil tankers. Vessels falling within this
range are also referred to as the 'workhorses' of the world tanker
fleet, as they carry a large number of oil products from many
producing regions and can serve most of the ports in the world.

Suezmax ships are the largest marine vessels that can meet the
restrictions of Suez, and transit the Suez Canal in a laden condition.
Suezmax ships have a deadweight tonnage ranging between
120,000-200,000 metric tons. Ships from this size category are
larger than the Aframax ships, and they can carry about 800,000 to
more than 1,000,000 barrels of crude oil. After the expansion of the
Suez Canal from 18 to 20.1 m in 2009, it is possible for a Suezmax
ship up to 200,000 deadweight tonnage to pass through it.

Very Large Crude Carriers (VLCC) have a size ranging between
180,000-320,000 deadweight tonnage and they are capable of pass-
ing through the Suez Canal in Egypt. As a result, VLCC vessels are
largely deployed around the North Sea, Mediterranean, and West
Africa. Compared to the other smaller crude oil tankers, VLCCs are
the larger vessels that provide better economies of scale for crude
oil shipment. Specifically, VLCC ships are capable of carrying
between 1.9 million and 2.2 million barrels of crude oil, and offer
good flexibility for operating in ports with some depth limitations.

Table 1. Three types of tankers analyzed in this study.

Ship type Dead(lv;?/:,grf)\t(;/?_lf;nage Key features

Aframax 80,000—120,000 Short to medium-haul oil trades in
regions with port limitations

Suezmax 120,000-200,000 Largest ships able to transit the Suez
Canal fully laden

VLCC 180,000-320,000 Larger vessels with better economies of

scale for long-haul routes

Song & Chen Digital Transportation and Safety 2025, 4(3): 188—194
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Data description and pre-processing

The data investigated in this study come from various databases
including Bloomberg Inc, Lloyd's List Maritime Intelligence,
Tradewinds, and Clarkson Shipping Intelligence. A suitable and
correct data pre-processing approach helps the machine learning
model generate accurate outputs. First, the first differences of all
time series are calculated to remove the linear trend. Computing the
first difference of time series is a common approach in the forecast-
ing literature. After obtaining all the first differences, the first differ-
ences are normalized for the implementation of machine learning
models. The max-min normalization is implemented in this study.
We assume that the maximum and minimum of the training set are
Xmax and Xmin, respectively. The data are scaled into the range [0,1]
using the following Eq (8):

X — Xmin

(®)
where, Xpomalizeq @Nd X represent the normalized and original time
series, respectively.

Xnormalized =
Xmax ~ Xmin

Results and discussion

Hyper-parameter optimization

Each model has several hyper-parameters that define the specific
structure and affect the performance dramatically. To determine
the suitable hyper-parameters for each model, the last-block cross-
validation is adopted[®9l. The time series are split into training, vali-
dation, and test sets. The data from 2016 and 2017 are validation
and test set, respectively. The hyper-parameters that achieve the
minimum error on the validation set are selected as the winner.

Comparative analysis of all models

The analysis of the comparative results consists of two perspec-
tives. First, the accuracy demonstrates the success of the proposed
model in forecasting time charter rates. Second, the selected
explanatory variables indicate their significant contribution to accu-
rate forecasts of time charter rates. Three forecasting error metrics
are utilized to evaluate the accuracy of these models. The first
error metric is the classical Root Mean Square Error (RMSE) whose

definition is:
1 L /. 2
RMSE = ,lzzj:l(x,—x,) ©9)

where, L is the size of the test set, x; and Xj are the raw data and
predictions. Another error metric implemented in the paper is the

Table2. Comparative results of Aframax time charter rates.
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Mean Absolute Scaled Error (MASE)!*?. The definition of MASE is given
inEq (10):
MASE = mean |xj _le

I (10)

m ZITZZ [ = X1
where, T represents the size of the training set. The denominator of
MASE is the mean absolute error of the in-sample naive forecast. The
third error metric is the Mean Absolute Percentage Error (MAPE) whose
definition is described by Eq (11):
fj - Xj
Aj

1 L
MAPE = - 11
n; (1)

The comparative results of these three time charter rates in terms
of RMSE, MAPE, and MASE are presented in Tables 2—4. According to
the comparative results, we can claim that the proposed SVRIMSE
outperforms the other models in terms of RMSE, MAPE, and MASE.
The SVRIMSE achieves better performance than the SVR, which
emphasizes the significance of training set size optimization and
feature selection. The RIMSE also achieves great success in time
charter rate forecasting because its structure is determined under
the same framework as SVRIMSE. However, the learning candidate
of RIMSE is linear, it cannot learn the complex non-linear patterns as
SVRIMSE does. The models with the input of all variables cannot
outperform the Naive forecast, because the redundant variables
hinder the learning of valuable relationships. The ridge regression
performs much worse and its MASE is the lowest on all datasets
because of its linear structure and lack of input optimization. As a
result, we claim that the SVRIMSE can learn the knowledge of the
freight market efficiently. The comparison of forecasts on the test
set is visualized in Figs 2—4. All models predict the trend of Aframax
time charter rates accurately according to Fig. 2. According to Fig. 3,
there is a huge deviation from ridge regression's forecasts and raw
data. The SVRIMSE forecasts the trend and values of these three-
time charter rates accurately.

The selected variables for forecasting time charter rates are
summarized in Table 5. The selection of the corresponding variable
indicates their significant contribution to forecasting time charter
rates. The Fleet Development (Number) and Scrap Value are
selected for these three-time charter rates, which demonstrates
their contribution to forecasting time charter rates most. Newbuild-
ing prices are used for Aframax and Suezmax, which indicates the
newbuilding prices contribute less than the Fleet Development
(Number) and Scrap Value. In addition, the Fleet Development

Naive ARIMA SVR MLP DT Ridge RIMSE SVRIMSE
RMSE 433.321 491.109 425.050 470.196 536.133 534.771 276.776 223.468
MAPE 0.023 0.026 0.023 0.024 0.028 0.029 0.015 0.010
MASE 0.363 0.424 0.373 0.383 0.460 0.460 0.238 0.166
Table3. Comparative results of Suezmax time charter rates.
Naive ARIMA SVR MLP DT Ridge RIMSE SVRIMSE
RMSE 758.099 728.449 1050.105 1273.288 742.331 1825.631 514.996 228.246
MAPE 0.022 0.029 0.042 0.057 0.037 0.078 0.014 0.010
MASE 0.266 0.345 0.489 0.665 0.431 0.915 0.175 0.122
Table4. Comparative results of VLCC time charter rates.
Naive ARIMA SVR MLP DT Ridge RIMSE SVRIMSE
RMSE 1129.470 1284.526 977.207 1302.169 1744310 1764.768 886.920 601.970
MAPE 0.033 0.039 0.033 0.044 0.046 0.057 0.026 0.018
MASE 0.326 0.387 0.319 0.430 0.443 0.558 0.257 0.180
Song & Chen Digital Transportation and Safety 2025, 4(3): 188—194 Page 191 of 194
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(Million DWT), Orderbook (DWT), and Orderbook (Number) are used
once because of their general influence on the time charter rates.
According to comparative results, the SVRIMSE outperforms the
other models, which demonstrates its success in forecasting time
charter rates. The SVRIMSE achieves better performance than RIMSE
because the SVR can mine non-linear and complex relationships
among various variables. The primary factor that contributes to the
superior performance of SVRIMSE over RIMSE is its ability to capture
and leverage non-linear information inherent in complex datasets.
Specifically, RIMSE is constrained by its reliance on the Ridge regres-
sion model, which, although robust in handling multicollinearity, is
fundamentally limited to linear interactions. This linear approach
restricts RIMSE from effectively modelling the intricate and dynamic
non-linear patterns that are prevalent in volatile markets such as
shipping. In contrast, SVRIMSE incorporates SVR, which is inherently
designed to handle non-linear relationships. SVR achieves this
through the use of kernel functions, which transform the data into a
higher-dimensional space where non-linear relationships can be
linearized and thus more effectively modelled. This capability allows
SVRIMSE to adapt to the complex and non-linear dynamics that
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Table 5. Selected variables for SVR.

Aframax  Suezmax VLCC
Time charter rate * * *
Newbuilding prices * *
Secondhand prices
Fleet development (Number) * * *
Fleet development (Million DWT) *
Scrap value * * *
Orderbook (Number) *
Orderbook (CGT)
Orderbook (DWT) *

Fleet growth

characterize the shipping market's multivariate time series data.
Moreover, the shipping market's volatility introduces rapid changes
in trends and anomalies, which are better captured by the non-
linear modelling approach of SVR. The SVR's framework, equipped
with features like regularization and kernel-based learning, is more
adept at managing unpredictability and ensuring robustness
against overfitting compared to the linear methods used in RIMSE.
The combination of SVR's advanced non-linear modelling capabili-
ties and the iterative feature selection process of RIMSE within
SVRIMSE further enhances its performance. By selectively incorpo-
rating significant variables and their respective time lags that best
capture the temporal and cross-variable dependencies, SVRIMSE not
only maintains model simplicity and computational efficiency, but
also significantly improves forecasting accuracy. The other machine
learning models fail to forecast the time charter rates accurately,
because of the redundant explanatory variables. Although machine
learning algorithms are good at extracting complex patterns based
on more variables, the redundant variables convey much noise and
degrade the performance. The success of the SVRIMSE demon-
strates the importance of the objective design of the model and the
information within the explanatory variables is non-linear.

Conclusions

This paper proposes a new framework for establishing the
SVRIMSE to forecast the time charter rates of three categories of
tankers, the Aframax, Suezmax, and VLCC. The forecasting process
optimizes the SVR's hyper-parameter, training set size, memory size,
and input variables. A comprehensive comparison of the SVRIMSE
and other forecasting models is conducted, and three forecasting
error metrics are computed to evaluate the performance. In addi-
tion, the SVRIMSE outperforms the RIMSE, which confirms that there
are complex and non-linear relationships among these explanatory
variables and time charter rates. The SVRIMSE selects more variables
compared with the RIMSE because the linear structure of RIMSE
cannot extract complex information from those variables. This paper
also reveals the explanatory variables which contribute to the accu-
rate forecasts of time charter rates significantly. The Fleet Develop-
ment (Number) and Scrap Value are the most significant explana-
tory variables because they are selected to forecast time charter
rates of all ship sizes. The Fleet Development (Number) indicates the
current number of ships in operation all over the world and influ-
ences the time charter rates significantly based on domain knowl-
edge. Scrap values also have the potential to affect charter rates by
indicating the possibility of the deconstruction of ships. When the
scrap values are high, the shipowners may prefer to dismantle the
older ships instead of managing them.

The proposed forecasting framework provides practical implica-
tions for decision-making in the maritime industry. From the indus-
try players' perspective (e.g., shipowners, charterers, and operators),
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the proposed framework offers a reliable tool for forecasting time
charter rates, enabling better planning, and optimization of fleet
deployment. By identifying key explanatory variables that influence
charter rates, stakeholders can make informed decisions regarding
vessel allocation, contract negotiations, and risk management. For
example, shipowners can use the model to determine optimal char-
ter durations or adjust their strategies in response to market fluctua-
tions, while charterers can leverage the forecasts to secure cost-
effective contracts. From the related investors' perspective, the
model provides valuable insights into the dynamics of the freight
market, aiding in the assessment of investment opportunities and
risks. Investors can use the forecasts to evaluate the profitability of
investing in specific vessel types or market segments, as well as to
anticipate market trends and adjust their portfolios accordingly.
Additionally, the model's ability to objectively identify significant
variables can help investors understand the underlying drivers of
charter rate volatility, enhancing their ability to make data-driven
investment decisions. By bridging the gap between theoretical fore-
casting and practical decision-making, our framework not only
advances the academic understanding of freight market dynamics,
but also provides actionable insights for industry stakeholders and
investors, ultimately contributing to more efficient and informed
operations in the maritime industry.

The limitation of this study includes the application of ship types
and data availability. The proposed framework was tested exclu-
sively on three types of tankers. Its applicability to other vessel
types, for instance, bulk carriers, remains unverified. Additionally,
the exclusion of variables such as regulations and fuel price volatil-
ity may restrict the model's ability to capture emerging market
dynamics. If more data is available, the proposed forecasting model
could be further verified regarding accuracy.
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