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Abstract: This study employs the GM (1,1) and FGM (1,1) models to forecast cargo
throughput at seaports in Vietnam and compares their forecasting performance to determine
the more accurate model. The forecasting value from 2025 to 2030 was conducted based on
the annual datasets from 2015 to 2023 collected from the General Statistics Office of Vietnam.
The findings indicate that both models are applicable in this context. However, the FGM (1,1)
model demonstrates superior accuracy with the forecasting precision achieved 99.91%. As a
result, the FGM (1,1) model is recommended for future cargo throughput forecasting at
Vietnamese seaports. This result is also a scientific basis for planners, investors, and the
government to have the basis to strengthen the inspection and operation activities and to make
appropriate policies for the construction of seaport infrastructure in Vietnam. In addition, the
forecast will help port managers to plan and make appropriate plans for seaports.
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1. Introduction
Seaports play a crucial role in promoting the development of maritime economic and

the national economy. They are regarded as gateways for the export of goods and serve as the
foundation for the transition from maritime transport to rail, road and inland waterway
transport. Moreover, seaports are driving force that creating markets and serve as key links
connecting economies between countries, stimulating market development. Especially,
seaports help attract investors, traders and manufacturers to expand business activities. Export
activities, foreign trade and other logistics service are facilitated due to the development of
port system. The development of seaports act as catalysts in formation of industrial zones,
export processing zones, financial and commercial centers along with maritime service hubs
which are formed and developed around the seaports.

The volume of cargo throughput in seaports is an indicator used to assess the efficiency
of seaports operations and the development policies set by the government. The index also
reflects the the level of growth in international trade activities. In Vietnam, the volume of
cargo throughput in seaport reached approximately 346,539 million tons in the first five
months of 2024, representing a 17% increase compared to the same period in 2023.
Specifically, the export cargo volume is estimated to be 106,873 million tons increasing by
27%. Domestic cargo is estimated to reach 154,283 million tons up to 11% and transshipment
cargo reached around 1,531 million tons [2]. This index is also used by the General Statistics
Office and the General Department of Customs for reporting purposes. Furthermore in recent
years, this index has been utilized by economists and researcher for future forecasting. Bui et
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al. (2019) used traditional models such as the Naive adjustment model, SARIMA seasonal
forecasting model and multiple regression model to predict the cargo throughput at Hai Phong
seaport based on data from January 2003 to February 2019. The results indicated that the
SARIMA forecasting model was the most suitable in this case [4]. Pham (2020) also used a
multiple regression model to forecast the cargo throughput at the Hai Phong seaport. The
results showed that the multiple regression model was appropriate for this case [5]. In the
world, this index has also been studied by many research. For example, Shu et al. (2013) used
the SARIMA seasonal forecasting model and GM (1,1) model to forecast the cargo
throughput at Hong Kong and Kaohsiung seaports, utilizing datasets from Hong Kong Port
(1997 – 2013) and Kaohsiung Port (2004 – 2013). The study concluded that both models
produced suitable results [6]. Chen et al. (2021) employed the DFA – ARIMAZ (Dynamic
Factor Analysis – ARIMA modelling) method, comparing it with the forecasting results from
ARIMA and HW models to identify the most appropriate method for forecasting cargo
throughput at seaports. The study concluded that the DFA – ARIMAZ method provided better
results, though seasonal variations had not been adequately captured. Therefore, the authors
plan to continue their research and use the SARIMAXINT – ANN forecasting method in the
future to improve forecast accuracy [7]. Wang and Phan (2014) utilized the grey system
theory, specifically the GM (1,1) model and an improved GM (1,1) model using Fourier
series to forecast the cargo volume at the Kaohsiung international trade seaport (Taiwan)
using data from 2003 to 2012. The study showed that the improved model yielded better
forecasting results than the traditional Grey model with a forecasting accuracy of nearly 100%
[8].

The Grey system theory was proposed by Professor Julong Deng from China in 1982
[9]. This method is considered novel and focuses on solving problems involving unclear and
uncertain information. Currently, this theory is widely used by scholars around the world and
has achieved promising results in various fields including energy [10], environment [11],
tourism [12], finance [13], and economics [14],…

Recognizing the importance of forecasting cargo throughput at seaports and the
strengths of grey forecasting models, this study employs two specific grey models GM (1,1)
and FGM (1,1) with the following objectives: (1) to examine whether these two models are
suitable for forecasting cargo throughput at seaports in Vietnam; (2) to determine which of the
two models provides the most accurate and appropriate results; (3) to provide forecast
outcomes that can serve as a valuable foundation for policymakers and enterprises in
formulating strategic plans, zoning policies and making informed decisions amend at
promoting stable and sustainable maritime economic development.
2. Research methods
2.1 GM (1,1) model

The GM (1,1) is based on GM (n, m) where n is the order of Grey difference equation
and m is the number of variables. Among the family of Grey forecasting model most of the
previous researchers have focused on GM (1, 1) model in their prediction. GM (1,1) model
ensure a fine agree between simplicity and accuracy of the results. The GM (1,1) model is
described by Wang and Phan [6] through the following six steps:
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Step 1: Assume that )0(x denotes a non-negative sequence of raw data as

4)),(),...2(),1(( )0()0()0()0(  nnxxxx (1)

Where n is the sample size of data

Step 2: Accumulating Generation Operator (AGO) is used to smooth the randomness of
primitive sequence. The AGO converting the original sequence into a monotonically
increasing sequence. A new sequence )1(x is generated by one- time AGO as:

4)),(),...2(),1(( )1()1()1()1(  nnxxxx (2)

Where, )1()1( )0()1( xx  and .,...,3,2),()(
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The mean generating sequence )1(z of )1(x is defined as:

))((),...,2((),1(( )1()1()1()1( nzzzz  (4)

Where )()1( kz is the mean value of adjacent data, i.e

.,...,3,2)),1((((5.0)( )1()1( nkkkxkz  (5)

Step 3: The GM (1, 1) model can be constructed by establishing a first order differential

equation for )()1( kx as: bkax
kd
kdx
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The solution in the Eq. (6) and also known as time response function is given by:
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Step 4: To estimate the parameters a and b of GM (1,1) model we use the Ordinary
Least Squares (OLS) method:
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Where: Y is called data series, B is called data matrix, and Tba ],[ is called parameter
series.
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Step 5: Establish the forecasting equation to compute the predicted values of the GM
(1,1) model.

a
be

a
bxkx ak 



  )1()1(ˆ )0()1( ; ,...1,...3,2,1  nnk (11)

Step 6: Calculate the forecast values of the GM (1,1) model by using inverse AGO
(IAGO):

)(ˆ)1(ˆ)1(ˆ )1()1()0( kxkxkx  ; ,.....2,1k (12)

Where: )1()1(ˆ )0()0( xx 

Or )1()1()1(ˆ )0()0( aak ee
a
bxkx 



   (13)

2.2 The FGM(1,1) model
The FGM (1,1) model was mentioned in the research of Wang and Phan in 2014 [8].

The main ideas in this paper is that based on the advantages of the Fourier series in modifying
the noise of residual error of the GM (1,1). In addition of 6 calculation steps as in the GM
model (1,1), we have to calculate the following additional steps:

First: We have a residual series named  is defined as:
 )(k  , mk ,...3,2 (14)

Where )()()( kvkxk  , mk ,...3,2

)( kx is the original series of actual value and )(kv is the predicted series (obtained from

GM (1,1).
Second: the residual sequence of GM (1,1) can be modify by the Fourier series

approximately expressed as:
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mZ called the minimum deployment frequency of Fourier series [8]

and only take integer number, therefore, the residual series is rewritten as:
CP . (16)
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And  ZZ bababaaC ,,...,,,,, 22110 (18)
Third: the parameter a0, a1, b1, a2, b2… aZ, bZ are obtained by using the ordinary least

squares method (OLS) which results in the equation of:
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Once the parameters are calculated, the modified residual series is then achieved based

on the following expression:
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Fourth: From the predicted series v and ̂ , the Fourier modified series v̂ of series v is
determined by:
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2.3. Evaluative precision of forecasting models
Currently, there are various indexes for measuring the accuracy of forecasting models,

such as mean absolute error (MAE), mean squared error (MSE), mean absolute percentage
error (MAPE), and root mean squared error (RMSE). However, the mean absolute percentage
error (MAPE) is more commonly used by researchers. Therefore, this index has been selected
to used in this study and is calculated using the following formula:

MAPE=1
� �=1

� �(0)(�) − ��(0)(�)
�(0)(�)

� 100%� (23)

Where �(0)(�): the actual value in time period k

��(0)(�): The forecast value in time period k

And the grade of MAPE are divided into four grades [8]:

Table 1: The grade of MAPE

MAPE ≤ �% 1%-5% 5%-10% >10%

Grade level Excellent Good Qualified Unqualified

3. Empirical results
3.1 Data collection

The cargo throughput at Vietnamese seaports from 2015 to 2023 was collected from the
website of the General Statistics Office. The entire datasets is visualized in Figure 1, with the
unit of measurement expressed in million tons [1].
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Figure 1: Cargo throughput at Vietnamese seaports from 2015 to 2023
Figure 1 illustrates the upward trend in cargo throughput at Vietnamese seaports over

the years. In 2023, the volume of total cargo throughput reached 756,18 million tons, marking
an increase of over 328.38 million tons compared to 2015. The slowest growth was observed
between 2020 and 2021, with an increase of only 13.8 million tons, primarily due to the
impact of the COVID-19 pandemic. During this period, international trade activities were
disrupted, and regional as well as global supply chains experienced significant breakdowns,
which negatively affected the flow of goods globally, including in Vietnam. The period
between 2017 and 2018 witnessed the most substantial growth, with cargo throughput rising
by 87.3 million tons.
3.2 Tools and function used

To calculate and simulate the GM (1,1) and FGM(1,1) models, this study utilizes
Microsoft Excel, a widely used software developed by Microsoft Corporation. Excel is
commonly adopted due to its user-friendly interface and a wide range of built-in functions
that support computational processes. To estimate the parameter values of the two
aforementioned models, the study applies basic mathematical operations along with two
essential functions: the matrix multiplication function “MMULT (matrix1, matrix2)” and the
matrix inversion function “MINVERSE (matrix)”. These operations are fundamental for
deriving the parameter estimates within the models. Following the completion of the
calculations in Microsoft Excel, the forecasting results of the two models are presented in the
subsequent section.
3.3 Forecasting result of Cargo throughput by GM (1,1) model

By integrating the datasets on cargo throughput at seaports during the period 2015–2023
with the algorithm of the GM (1,1) model, this study identified two key parameters, a and b.
Through the computational process, the estimated values were determined as a = –0.06186
and b = 470.30133. Accordingly, the response function for forecasting cargo throughput at
Vietnamese seaports is formulated as follows:

��(1)� = 8030.951963 ∗ �−0.06186∗ �−1 − 7603.151963
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The forecasting results and corresponding errors of the model are presented in detail in
Table 2:

Table 2: Forecast values and percentage error of the GM (1,1) model

Year Actual value GM (1,1) model error (%)

2015 427.8 427.8 -

2016 459.8 512.45 11.45

2017 519.3 545.15 4.98

2018 606.6 579.93 4.40

2019 664.6 616.94 7.17

2020 692.3 656.31 5.20

2021 706.1 698.18 1.12

2022 733.18 742.73 1.30

2023 756.18 790.13 4.49

Percentage Error (MAPE) 5.01

Accuracy = (100-MAPE) (%) 94.99%

Evaluation Qualified

The results presented in Table 2 indicate that the GM (1,1) model is able to accepted for
forecasting cargo throughput at Vietnamese seaports, with an accuracy belong the range of
90% to 95%. This results only meets the criteria for an "qualified" level of evaluation.
Moreover, the error value of each year during the period time from 2015 to 2023 range from
1.12% to 11.45%.
3.4 Forecasting result of Cargo throughput by FGM (1,1) model

By combining the datasets collected from 2015 to 2023 with the algorithm of the FGM
(1,1) forecasting model presented in Section 2.2, the study determined the parameter values as.
Based on these values, the FGM (1,1) behavior model was developed to forecast cargo
throughput at Vietnamese seaports as follows. The calculated results are presented in Table 3:

Table 3: Forecast values and percentage error of the FGM(1,1) model

Year Actual value FGM (1,1) model error (%)

2015 427.8 427.8 -

2016 459.8 459.22 0.13
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2017 519.3 519.88 0.11

2018 606.6 606.02 0.10

2019 664.6 665.18 0.09

2020 692.3 691.72 0.08

2021 706.1 706.68 0.08

2022 733.18 732.60 0.08

2023 756.18 756.76 0.08

MAPE 0.09

Accuracy = (100-MAPE) (%) 99.91%

Evaluation Excellent

The results presented in Table 3 show that the accuracy of the FGM(1,1) model is
99.91%, which is 4.92% lower than the accuracy of the GM (1,1) forecasting model.
Furthermore, the MAPE coefficient for the values from 2015 to 2023 ranges from 0.08% to
0.13%. Based on these results, this study demonstrates that the performance of the FGM (1,1)
forecasting model is also satisfactory for this case. In addition, figure 2 emphasize that the
curve of FGM(1, 1) extremely closed with actual data than the curve of GM (1,1) model.

Figure 2: Cargo throughput at Vietnamese seaports from 2015 to 2030
3.5 Cargo throughput forecasting at seaports in Vietnam for the period 2025 – 2030

Through the comparison of the accuracy between the two forecasting models, this study
suggests using the GM (1,1) model for forecasting cargo throughput at Vietnamese seaports
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for the period 2025 – 2030, as the accuracy of the GM (1,1) model is superior to that of the
FGM (1,1) model. The forecasting results are presented in Table 4.

Table 4: Cargo throughput at Vietnamese seaports from 2025 to 2030

Year Volume of Cargo throughput (Unit: million ton)

2024 787.31
2025 868.92
2026 977.32
2027 1,060.18
2028 1,111.91
2029 1,153.70
2030 1,208.13

The results in Table 4 shows that the volume of cargo throughput at Vietnamese
seaports is expected to continue its strong growth in the coming years. Specifically, the
forecast of cargo throughput at Vietnamese seaports will reach nearly 870 million tons in
2025 (an increase of more than 14.8% compared to 2023) and is projected to exceed 1,208
million tons in 2030. This will serve as an important data source for regulatory authorities to
guide and plan the development of seaport activities in the near future.
4. Conclusions

Based on the simulation results, the study has identified the best forecasting model for
cargo throughput forecasting at Vietnamese seaports for the period 2025–2030, which is the
FGM(1,1) model with an accuracy rate of 99.91%. This result serves as a basis for the
government to assess Vietnam's international trade activities and plan for the upgrading of the
seaport system to meet the demands of the national economy. For businesses, this provides a
foundation for developing business strategies and optimizing operations. Although the
accuracy rate is quite high, there are still objective and subjective factors beyond the control
of the model, such as global economic fluctuations, political and social factors, or
technological advancements in the industry. Therefore, additional studies are needed to
further clarify these factors and to apply the forecasting model more flexibly in real-world
contexts. In the future, the authors propose studying cargo throughput at individual clusters of
ports or specific ports to better analyze the regional characteristics of the North, Central, and
South regions. This would support the government and businesses in making more accurate
decisions regarding resource allocation, investment, and infrastructure development for
seaports. To optimize this task, the team will continue to apply other forecasting models to
test their accuracy and effectiveness, thus selecting the best forecasting model for each phase
and specific conditions.
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