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[Abstract]

97.5% of our country's exports and 87.2% of imports are transported by sea, making ports an
important component of the Korean economy. To efficiently operate these ports, it is necessary to
improve the short-term prediction of port water volume through scientific research methods. Previous
research has mainly focused on long-term prediction for large-scale infrastructure investment and has
largely concentrated on container port water volume. In this study, short-term predictions for petroleum
and liquefied gas cargo water volume were performed for Ulsan Port, one of the representative petroleum
ports in Korea, and the prediction performance was confirmed using the deep learning model LSTM
(Long Short Term Memory). The results of this study are expected to provide evidence for improving the
efficiency of port operations by increasing the accuracy of demand predictions for petroleum and liquefied
gas cargo water volume. Additionally, the possibility of using LSTM for predicting not only container
port water volume but also petroleum and liquefied gas cargo water volume was confirmed, and it is

expected to be applicable to future generalized studies through further research.
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I. Introduction

Maritime transport plays a crucial role in
international trade for South Korea, as the country
is heavily dependent on exports. According to data
from the Korea Maritime Institute, in 2020, 97.5% of
South Korea's exports and 87.2% of its imports
were transported by sea.[1] Maritime transport is a
vital component of South Korea's economy and
international trade, enabling the country to connect
with markets around the world and facilitating the
movement of goods and resources essential to its
economic growth and development.

To effectively perform the functions of a port,
demand forecasting to prevent shortages or excesses
in port infrastructure must be conducted prior.
There are some reasons why demand forecasting is
important prior to investing in seaport development.
First, Accurate demand forecasting can help with the
planning and design of seaport infrastructure,
ensuring that the port is designed to meet the
projected demand. This can help to avoid
overbuilding or underbuilding the port, which can be
costly.[2] Forecasting provides a critical foundation
for planning port infrastructure and operations, and
should be the starting point for all other strategic
and operational decisions. Second, Demand
forecasting can also help with ensuring that the
seaport has the necessary capacity to handle the
projected demand. This can help to avoid congestion
and delays, improving the efficiency of the port and
reducing costs for port users.[2] According to
UNCTAD, accurate demand forecasting is key to the
efficient utilization of port capacity.[3] Last, Demand
forecasting can also help with investment decisions
related to seaport development. This can help to
ensure that financial resources are directed towards
projects that are most likely to generate a return on
investment. Demand forecasting is a crucial aspect
of seaport investment, as it informs the sizing and
timing of investment decisions.[4-5]

Overall, demand forecasting is important prior to

investing in seaport development because it can

help with planning and design, ensuring that the
port is built to meet the projected demand. It can
also help with ensuring that the port has the
necessary capacity to handle the demand, and can
help with
resources towards projects that are most likely to

investment decisions by directing

generate a return on investment. However,

previous research on demand forecasting has

mainly focused on long-term predictions.
Short-term

forecasting is important for

improving operational efficiency, supply chain
coordination, and risk management in seaports. By
providing real-time information on cargo volumes
and vessel arrivals, port operators can optimize the
allocation of resources, improve supply chain
coordination, and mitigate the impact of risks
associated with port operations.

Despite the importance of short-term forecasting
for port throughput, research in this area has not
received much attention. Previous short-term
forecasting studies have mainly focused on time
series analysis such as ARIMA or SARIMA, and
recently, hybrid models combining artificial neural
and ARIMA have

However, they have shown limited improvement in

networks been attempted.
prediction performance. [6-8]

Previous studies have focused on long-term
forecasting of port throughput, and among the
short-term forecasting studies, time series models
have been dominant, mostly targeting container
port throughput.

This study uses the Long Short Term Memory
(LSTM) model, one of the deep learning models, to
perform short-term forecasting on the petroleum
throughput of the representative oil port in Korea,
LSTM
language recognition fields such as speech and

Ulsan Port. is widely used in natural
handwriting recognition, and is advantageous for
learning due to the time series pattern of language,
such as words and sentences. The structure of
LSTM can also be applied to time series analysis,
and its performance in time series forecasting is

known to be superior to that of conventional
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ARIMA  models.
Therefore, this study aims to achieve significant

artificial neural network or
improvement in short-term forecasting through the
application of LSTM to port throughput, and it is
expected to contribute to the efficiency of port
operations by increasing the accuracy of port

throughput forecasting.

II. Previous Studies

Short-term forecasting can help improve the
operational efficiency of seaports by providing
real-time information on cargo volumes and vessel
arrivals. This information can be used to optimize

the allocation of resources, such as labor and

equipment, and to improve the planning and
scheduling of port operations. Short-term
forecasting can also improve supply chain

coordination by providing timely information on
cargo movements to other stakeholders, such as
shipping lines, freight forwarders, and cargo
owners. This can help reduce delays and improve
the reliability of the supply chain. Additionally,
short-term forecasting can be used to manage risks
associated with port operations, such as congestion,
delays, and weather disruptions. By providing
real-time information on cargo volumes and vessel
take

measures to mitigate the impact of these risks.

arrivals, port operators can proactive

Short-term forecasting of throughput in oil ports
is important for several reasons. The accurate
short-term forecasts of oil throughput are critical
for ensuring that the port can efficiently manage
its resources and handle the expected volume of
cargo. Without accurate forecasts, the port may be
either overburdened with excess cargo, leading to
bottlenecks and delays, or underutilized, leading to
idle capacity and wasted resources. In addition, oil
port operators need to make informed decisions
regarding storage and transportation capacity,

given the variability of oil demand and supply.[9]

Accurate short-term forecasts of throughput can
help operators optimize their capacity allocation,
which can lead to significant cost savings and
improved operational efficiency. The accurate
short-term forecasts of oil throughput can help
port operators and stakeholders in the supply
chain plan and manage their activities more
effectively. This can include scheduling deliveries,
managing inventories, and coordinating with other
stakeholders in the supply chain to ensure that
products are delivered on time and at the required
volumes.

Farhan and Ong(2018) proposes a method for
predicting seasonal container throughput at
SARIMA

Autoregressive Integrated Moving Average) models.

intervention ports using (Seasonal
The paper applies variable selection techniques and
model tuning to improve the performance of the
SARIMA  model. The this paper

demonstrate that using the SARIMA model is an

results of

effective method for predicting seasonal container
throughput at intervention ports, and that the use
of variable selection techniques and model tuning
can improve the model's prediction accuracy even
further.[10]

Awah et al.(2021) proposes a practical way to
predict the optimal container throughput that a
port can physically process/attract, taking into
account a certain level of terminal operational
(RF)
Research

random forest and
(MLP)

variables are derived at the port operation level

efficiency through

multilayer perceptron models.
and are characterized by including ship delivery
time, ship draft time, container stay time, berth
productivity, container storage capacity, and
custom reporting time.[11]

Shankar et al.(2020) proposes a method of
predicting container timeliness using LSTM (Long
Short-Term Memory) networks. The paper solves
the time series prediction problem of container
throughput by using an LSTM model that learns

various features and data properties generated in



158  Journal of The Korea Society of Computer and Information

container terminals. The paper evaluates the
performance of the LSTM model by comparing it
with other prediction models, namely regression
analysis, ARIMA, and Exponential Smoothing. The
experimental results show that the LSTM model
performs better than the other models. Therefore,
this paper demonstrates that the LSTM network is
a suitable choice for the timeliness prediction
problem in container terminals.[12]

Tan et al.(2021) propose a method for predicting
container throughput using Grey model and ESN,
which are RNN-based models. The paper discusses
two prediction methods, including regression-based
and machine learning schemes, for predicting

container throughput. In addition, the paper
compares the performance of the Grey model and
ESN model and shows that the ESN model has
higher accuracy.[13]

The previous studies reviewed so far have
focused on short-term forecasting of container
cargo volumes in seaports. In this study, we will
attempt short-term forecasting of crude oil,
petroleum products, and liquid gas cargo volumes

at the Port of Ulsan.

III. Research Design

This study attempts to predict the demand for
petroleum ports by predicting the volume of oil and
gas cargo in the port of Ulsan through prediction
to contribute to the efficient
By highlighting the

short-term prediction

analysis, and

operation of the port.
importance of in port
operation, this study will demonstrate its necessity
The

short-term prediction of oil and gas cargo volume

and differentiation. data necessary for
were collected from the Port Logistics Information
Center (https://new.portmis.go.kr) for monthly data
on oil and gas cargo volume in Ulsan from January
2001 to December 2022. A total of 266 monthly time
series data from January 2001 to December 2022
were used for analysis, and the training set and

test set were divided at a ratio of about 8:2, with
approximately 216 training data used from January
2001 to December 2018, and about 48 test data
used from January 2019 to December 2022.
Typically, for neural network models, the training
set and test set are divided at a ratio of 7:3 or 8:2
for training. Therefore, the data was separated
according to the corresponding ratio for prediction.
The trend and descriptive statistics of oil and gas
cargo volume in the port of Ulsan are shown in
Fig.1 and Table 1.
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Fig. 1. Oil and Gas Throughput Volume of Ulsan

Table 1. Descriptive Statistics of Qil and Gas Throughput
in Ulsan Port

Statistic Total Crude Product Gas
Observations 266 266 266 266
Mean 9104.08 | 5485.53 | 3251.79 | 366.75
Std. error 78.41 40.69 47.60 10.35
Median 9170.45 | 5488.09 | 3247.53 | 320.45
Std. dev. 1278.82 | 663.57 776.27 168.78
Kurtosis -0.73598 | -0.20601 | -0.96996 | 0.80029
Skewness -0.00526 | 0.04517 | 0.07258 | 0.84638
Jarque-Bera 6.00466 | 0.56083 | 10.66094 | 38.85693
P-value 0.04967 | 0.75547 | 0.00484 | 0.00000

In this study, we attempts short-term prediction
of port cargo volume through LSTM, one of the
deep learning models by using TensorFlow2 under
Python 3.7.

models, including recurrent neural network models,

Existing artificial neural network
have a fatal weakness known as gradient vanishing
or exploding. However, LSTM is a deep neural

network designed to solve the gradient problem by
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replacing each node with a memory cell, which
adjusts the output values obtained from previous
learning processes through input, forget, and
output. To select the optimal model, we will apply
the k-fold

hyper-parameters and use RMSE as comparison

cross-validation method to set

criteria. The paper compares the final prediction
results and demonstrate the superior short-term

prediction performance of the LSTM model and its
applicability to port cargo volume prediction.
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IV. Results and Coclusions

This study performed short-term predictions for
the throughput volume of oil and gas cargo at
Ulsan Port using LSTM. This paper used RMSE

%E(yi_:&i)Q) as an

indicator to verify the prediction performance, and

(root mean squared error,

the results are shown in Table 2. It is compared the
actual data with the predicted values in Fig. 3.

Table 2. Performance of LSTM

Total Crude Petrolume Gas

RMSE 617 508 352 46

Total Cargo Crude Qil

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

N A I I A A I SN

Petrolume Oil

L]

8
—+—Actual-Product —8—STVHProduct ——ActialGas 8

~~~~~~~~~~

Fig. 3. Prediction of Qil and Gas Throughput in Ulsan Port

The
prediction in this paper show that the prediction

experimental  results of short-term
performance of LSTM is quite significant, and it is
expected to establish goals and plans for improving
the efficiency of port operation through short-term
prediction of oil and gas cargo volume.

This study applied LSTM to predict short-term
oil and gas cargo volumes in Ulsan, one of the
representative  petroleum  ports in  Korea.
Long-term prediction of port cargo volume has
been given more weight in the past studies, while
relatively less attention has been paid to
short-term prediction.

Prediction of port cargo volume is essential in
the large-scale investment of sea ports, and
accurate prediction through scientific methods is
crucial.

This study showed that the performance of LSTM
model in predicting port demand can be
scientifically utilized and is excellent in terms of
prediction performance. In addition, short-term
prediction can achieve port efficiency not only in
container ports but also in oil and gas ports,
demonstrating the distinctiveness of this study
compared to other studies.

The study acknowledges that there are other
ports in Korea that handle oil and gas besides

Ulsan, such as Yeosu and Daesan. Therefore,
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future research should consider examining these
ports to complement the research conducted in
this study. It is
performance of the LSTM model in predicting

important to note that the

short-term port demand may differ when applied to
different ports. Thus, a reevaluation of the model's
performance in predicting demand for other ports
is necessary to verify its effectiveness. Moreover, it
is suggested that a comparison of the LSTM model
with other forecasting models can be conducted to
determine the strengths and weaknesses of each
model. This comparison will provide a better
understanding of the capabilities of each model in
predicting short-term port demand. The study
acknowledges that the use of data solely from
Ulsan port may limit the generalizability of the
findings to other ports. Therefore, future research
should include data from other ports to improve
the generalizability of the findings. It is important
to note that the data used in this study covers only
a limited period, and the results may vary if the
study is conducted using a longer timeframe.
Therefore, future research should consider using
data covering a more extended period. Overall, the
study highlights several directions for future
research to build on the findings of this study and
improve the accuracy and generalizability of the
forecasting models.
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