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At present, the existing prediction algorithm of a port cargo throughput neglects the correction of the initial value of the cargo
series data model, which leads to a large error in a port cargo throughput prediction. �erefore, a prediction algorithm of a port
cargo throughput based on the ES-Markovmodel is designed. A decompose function is used to decompose the time series of a port
cargo throughput, and the trend elements of a port cargo throughput are divided into long-term trend, seasonal trend, �uctuation
trend, and irregular trend. In this study, the ES-Markov model is introduced, and the initial prediction is obtained by using the
cubic exponential smoothing method, and the state transition matrix is obtained by the Markov principle. Based on the results of
the time-series analysis and the ES-Markov model, the prediction algorithm of a port cargo throughput is designed. In the
experimental design, the Elman neural network is used to construct an experimental sample data model. �e monthly cargo
throughput data of a certain port for eight months from May 2020 to December 2020 are collected and sorted according to the
time series. �e experimental results show that the prediction results of the proposed algorithm are closer to the actual value and
the �uctuation of the prediction results is less than that of the reference.

1. Introduction

Since the beginning of the 21st century, the rapid devel-
opment of economic globalization has deeply a�ected the
development of the production and transportation indus-
tries, and regional economic integration has been developing
with the tide. As an important economic and transportation
hub, the central strategic position of ports has become
prominent [1–5]. Historically, the ­rst generation of ports
has been an important transport hub, with its main func-
tions being the conversion of means of transport and the
transfer of goods, where large quantities of goods are
concentrated, and the movement of goods is bound to
promote economic development; the second generation of
ports, in turn, has added commercial services to the ­rst
generation, thus spawning new processing industries and
further promoting industrial development, and the third
generation of ports, in turn, has eliminated the obvious

monopoly of information between cities, cargo owners, and
consumers, but has made their links more frequent, and port
services have not been limited to trans-shipment of goods,
but have increased services such as real-time inquiries about
cargo information and commodity distribution, at a time
when ports have assumed a central position in international
logistics and promoted the development of international
trade [6–11]. So far, the port has developed to the fourth
generation, the port development mode is the most e�cient,
that is, the supply chain mode serving the integration of
trade, manufacturing industry, and logistics. Nowadays, the
aim of intelligent port is to improve the e�ciency of port
operation and management, which is also a test of port
construction and management [12–16]. �e accurate fore-
cast of a cargo throughput provides a basis for the planning,
deployment, and reasonable allocation of tasks in advance,
avoids the occurrence of a cargo backlog in the port, does not
a�ect the delivery of goods and customer satisfaction, and
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fully improves the operating efficiency of the port, forming a
virtuous circle [22–24]. -erefore, accurate and reasonable
forecast of a port cargo throughput is very important for port
layout and even transformation and upgrading.

Li et al. [25] argue that the ant colony algorithm is used
to optimize the initial weight and threshold of back-
propagation neural network, and a prediction model is
established to predict the port cargo throughput. -e ant
colony algorithm has the characteristics of global search
ability, distributed computing, and strong robustness. It is
conducive to accelerate the convergence speed of back-
propagation neural network, avoid the problem of easy
falling into local extremum, and improve the modeling
accuracy.

Chen et al. [26] studied and analyzed the main index
factors affecting the port throughput. On the basis of the
SVM prediction method, the genetic algorithm (GA) and
grid search algorithm (GS) are used to optimize and improve
the main parameters of the SVM model. -e prediction
results of the GA-SVM and GS-SVM models are based on
the SVM prediction method, and the genetic algorithm and
GS method are used to optimize and improve the main
parameters of the SVM model; the prediction results of
genetic support vector machine and GS support vector
machine are tested by MSE and R2. -e improved SVM
model is a new port throughput prediction method based on
the current research results, which can be popularized and
applied in the overall port planning.

Wang et al. [27] proposed a dynamic three-parameter
grey prediction model. Firstly, the model parameters are
estimated directly by difference equation. -en, the TPGM
(1, 1) prediction model is constructed based on the model
parameter values. Finally, combined with the idea of
metabolism, the old data are discarded and the predicted
value is added as a new original data sequence for modeling,
so as to realize the dynamic prediction of passenger
throughput of civil airport.

Shankar et al. [28] used the deep learning method to
predict the container throughput, and the performance of
other traditional time-series methods is compared. -is
study uses long-term and short-term memory (LSTM)
network to predict container throughput. -e container
throughput data of Singapore port are used for empirical
analysis. -e prediction performance of the LSTM model is
compared with seven different time-series prediction
methods: autoregressive comprehensive moving average
(ARIMA), simple exponential smoothing, Holt winter, error
trend seasonality, triangular regression (tbats), neural net-
work (NN), and ARIMA+NN.

However, the above reference algorithm ignores the
correction of the initial value of the cargo sequence data
model, resulting in large errors in the prediction results of a
port cargo throughput. -erefore, we mainly aim to design a
port cargo throughput prediction algorithm based on the
ES-Markov model.

2. Literature Review

Using big data, Ouyang [6] demonstrated that the selection of
the data fusion for the port logistics supply chain integrated
management model is rational. It suggests that the logic of
the mode selection for integrated management of the port
logistics supply chain is more accurate and that the capability
for integrated management of the port logistics supply chain
in the context of the Internet of -ings is enhanced.

-e gross ocean product, port cargo throughput, and
container throughput in coastal areas are the three key
components of Liu’s grey model first-order one variable
(GM [1]) model forecast of the port and marine engineering
economics, which was created according to the grey theory.
It will be possible to comprehend and anticipate the ports
throughput accurately using the GM (1, 1) model. -is study
concluded by making some recommendations on how to
more effectively carry out the economic growth of port and
marine engineering.

In the context of a Smart Port-City, Lacalle et al. [17]
suggested an IoT-based software architecture together with a
methodology for designing, computing, and forecasting
composite indicators that represent real-world occurrences.
In their study, the framework is envisioned, developed, and
applied to a genuine use case as a practical experiment. -e
initiative involves setting up a composite index to track
traffic congestion at -essaloniki’s port-city interface
(Greece). Results met expectations, were confirmed by nine
scenarios, and culminated in the delivery of a practical tool
that interested parties at Smart Port-Cities can be used to
explore and develop policy.

Long short-term memory (LSTM) networks were used by
Shankar et al. [28] to anticipate container throughput. For
empirical study, thecontainer throughputdata fromthePortof
Singaporewereused.-eperformanceof theLSTMmodelwas
compared to that of seven other time-series forecasting tech-
niques, including the neural network (NN), ARIMA+NN,
Holt Winter’s, error-trend-seasonality, trigonometric regres-
sors (TBATS), and simple exponential smoothing. -e per-
formance of the various models was examined with regard to
bias, accuracy, and uncertainty using the relative error matrix.
-e outcomes revealed that LSTM performed better than any
other benchmark technique.

To the best of our knowledge, despite the potentials of the
ES-Markov model, it has not yet been employed to design a
port cargo throughput prediction algorithm and such a gap
can be removed by the present study and following research.

3. Problem Statement

-e port cargo throughput reflects not only a country’s local
economic development but also a measure of a country’s
financial and trade development of the key indicators. In
order to accurately predict a port cargo throughput, the first
task is to analyze the time series of a port cargo throughput.
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-e time-series analysis of a port cargo throughput refers
to sequencing according to the generation time of a port
cargo throughput data and analyzing the variation law of the
port cargo throughput data. Based on this, the study pro-
vides reference for the construction of the following forecast
model of a port cargo throughput [29]. Time-series analysis
method is a series solution method, which combines nu-
merical analysis, matrix theory, and many other analysis
principles, and is widely used in many fields.

3.1. Time-Series Analysis of Cargo +roughput. -ere are
many factors that affect the cargo handling capacity of the
port, such as natural conditions, geographical location of the
port, national regulations and policies, and economic sit-
uation. -e mechanisms by which these factors work are
difficult to quantify numerically, but can be fully fed back
into the time series of throughput data.

In order to clearly analyze the time series of the port
cargo throughput, the decomposing function is used to
decompose the time series of the port cargo throughput. -e
throughput unit of the ordinate is 104 t and the abscissa is
year. -e exploded view is shown in Figure 1.

As shown in Figure 1, the trend components of a port cargo
throughput time series are mainly divided into four categories,
including long-term trend, seasonal trend, volatility trend, and
irregular trend. -e trend of time series of a port cargo
throughput is mainly determined by the factors such as re-
gional GDP level, economic policy, and instrument quota and
shall be determined according to the actual situation [30, 31].

3.2. Design of +roughput Prediction Algorithm Based on the
ES-MarkovModel. -eES-Markovmodel [32, 33] combines
the cubic exponential smoothing method with the Markov
model. First, the initial prediction value is obtained by the
cubic exponential smoothing method [34], and then, the
state transition matrix is obtained by the Markov principle.
-e initial prediction value is modified to improve the
prediction accuracy.

-e exponential smoothing method is a special moving
average method, which is characterized by assigning

different weights to the previous observations, assigning
larger weights to the new data, and assigning smaller weights
to the old data, and the predicted values are the weighted
sum of the previous observations. -e exponential
smoothing prediction method includes 3 methods: the first
exponential smoothing method is suitable for nontrend
stationary time series. the second exponential smoothing
method is suitable for linear time series, and the third ex-
ponential smoothing prediction method is suitable for ir-
regular and nonlinear time series. -e cargo handling
capacity of a port is influenced by the national policy, the
surrounding economic development, and the natural en-
vironment, which leads to its obvious nonlinear charac-
teristics [35–37]. -erefore, the method of exponential
smoothing is used to predict the initial value. -e third
exponential smoothing formula is as follows:

W
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2
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3
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3
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(1)

where N � 2, 3, W1
N is the primary exponential smoothing

value of the port cargo throughput in phase N, W2
N is the

quadratic exponential smoothing value of the port cargo
throughput in phase N, W3

N is the third exponential
smoothing value of the port cargo throughput in phase N,
XN is the Nth actual data of the port cargo throughput time
series, δ is the static smoothing coefficient, and δ ∈ (0, 1).

-e predicted value of N + m is as follows:

XN+m � a + bm + cm
2
, (2)

where m is the prediction step size and the positive integers
are 1, 2, 3, . . . , n.

-e specific steps of the ES-Markov model construction
are as follows.

3.2.1. Calculation Accuracy. -e accuracy is the ratio of the
actual value to the initial value of cubic exponential
smoothing prediction, i.e.,
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Figure 1: Time-series breakdown of a port cargo throughput.
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. (3)

3.2.2. Construction of State Transition Probability Matrix.
-e state transition probability pij is calculated as follows:

pij �
Mij

Mi

, i � 1, 2, . . . , n; j � 1, 2, . . . , n, (4)

where pij is the probability of objective things transferring
from one state to another, Mi is the number of original data
in the initial state, Mij is the number of original data
transferred to the original state after step k, and Mi at the
end of the sample sequence is not included in the formula.

3.2.3. Determining Forecast Timing Transition Status.
Markov chain has no aftereffect; that is, the occurrence of
transition is only related to the current state. If the predicted
object is in the initial state, only line i state vector pij of the
current state transition probability matrix is considered. If
the probability value of column j is the largest, the predicted
object is most likely to turn to the initial state at the next
moment.

Based on the above analysis results of the port cargo
throughput time series, the original time series is examined,
and a prediction model of the port cargo throughput is
established on the basis of grey system theory [38]. -e
specific construction process is as follows.

In order to build a high precision throughput prediction
model, the first task is to verify the original time series. Set
level expression to

σ(k) �
x(k − 1)

x(k)
, (5)

where σ(k) represents the stage ratio of x and x represents
the original time series.

-en, the formula of original data time series test [39] is
as follows:

σ(k) ∈ e
− 2/n+1

, e
2/n+1

􏼐 􏼑, k � 2, 3, . . . , n. (6)

If the level ratio σ(k) of the original time series satisfies
formula (6), the said time series can be considered as the
design data of the throughput prediction algorithm; if the
level ratio σ(k) of the original time series does not satisfy
formula (6), the level ratio of the time series can be brought
into a given range by means of translation transformation.
-e time series after translation transformation is recorded
as y, and the order ratio expression is φ(k).

Based on the above verified original time series, the
throughput prediction model is generated by accumulation
to make it have strong regularity. -e design process of the
throughput prediction algorithm is as follows:

Set the original time series set after inspection as X(k),
and obtain the number series X(1)(k) through first order
accumulation. On this basis, calculate its immediate mean
series as Z(1)(k), and then, the throughput prediction al-
gorithm formula is as follows:

x
(1)

(k + 1) � x
(0)

(1) −
μ
a

􏼒 􏼓e
− ak

+
μ
a

, (7)

where μ represents the endogenous control grey number,
reflecting the data change relationship [12, 35, 40–42], which
is determined by the time series and its adjacent mean series,
and a represents the development grey number, reflecting
the development trend of sequence X(1)(k) [43].

4. Results

4.1. Sample Data Construction Based on Elman Neural
Network. Elman neural network is divided into four layers.
In addition to the common input layer, hidden layer, and
output layer, there is a special receiving layer. Its structure is
shown in Figure 2.

It can be seen from Figure 1 that the structural con-
nection mode of the network input layer, hidden layer, and
output layer is similar to the common feedforward neural
network (such as the BP neural network). Elman neural
network is special in that it adds a receiving layer, which is
used to remember and store the output data of the hidden
layer at the previous time and return it to the network input,
which enhances the ability of the neural network to process
dynamic information. Referring to the structural model of
Elman neural network in Figure 1, the input and output
relationship is shown in equations (8) to (10)as follows:

x(k) � f μ1xc(k) + μ2xc(k − 1)􏽨 􏽩, (8)

xc(k) � x(k − 1), (9)

y(k) � g μ3xc(k)􏽨 􏽩, (10)

where y, x, μ, and xc are output layer vector, middle layer
vector, input vector, and feedback vector, respectively, μ1 is
the connection weight from the receiving layer to the hidden
layer, μ2 is the connection weight from the input layer to the
hidden layer, μ3 is the connection weight from the hidden
layer to the output layer, f(·) is the transfer function of the
hidden layer, g(·) is the transfer function of the output layer,
and k is the current time.

According to the China Port Network, the monthly
cargo throughput data of a certain port for eight months
from May 2020 to December 2020 are collected and sorted
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...

Figure 2: Elman neural network structure.
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according to the time series. In order to make full use of the
data, improve the forecast precision of the port cargo
throughput and serve port construction better, the sample
data of Elman neural network is constructed by recursively
forecasting the throughput data of the next month for 8
consecutive months; that is, there are 6 input nodes and 1
output node of the neural network. Taking the monthly
cargo throughput data of a port in a city in 2020 as an
example, the original data are shown in Table 1, and the
construction method is shown in Table 2.

Based on the data of the port cargo throughput from
May 2020 to December 2020, a set of sample data can be
constructed. Among them, the latter five groups of data,
namely, the cargo throughput data of a certain port from
July to December 2020, are used as the test data of the neural
network, and the former one is used as the training data of
the neural network. At the same time, in order to ensure the
fast convergence of neural network, training data and test
data are normalized. Before the prediction of the port cargo
throughput, according to the time characteristics of the port
throughput data and many experiments, the neural network
structure is determined as the input layer of 6 neurons, the
output layer of 1 neuron, and the hidden layer of 7 neurons.
At the same time, in network training, the hidden layer, the
output layer, and the training function use tansig function,
purelin function, and trainlm function, respectively, while
the learning function of weights and thresholds use
learngdm, which drives the term.

4.2. Analysis of Experimental Results. Elman neural network
is realized by MATLAB simulation. At the same time, 69
groups of cargo throughput data of Ningbo Zhoushan port
are used to complete the network training, and then, the
trained network model is used to predict the cargo
throughput of a port from May to December 2020, and the
error is calculated by using the actual data. -e port cargo
throughput prediction algorithm based on the ant colony
optimization proposed in [25], the port cargo throughput

prediction algorithm based on SVM proposed in [26], and
the proposed algorithm are used to predict the port cargo
throughput, respectively.

4.2.1. Prediction Error of Different Algorithms. -e predic-
tion results and corresponding prediction errors of the three
algorithms are shown in Figures 3 and 4.

It can be seen from Figures 3 and 4 that compared with
the reference algorithm, the prediction results of the port
cargo throughput of the proposed algorithm are obviously
closer to the actual value. At the same time, its prediction
results fluctuate less, which proves that it has better stability.

4.2.2. Accuracy Test of Different Algorithms. -e throughput
prediction model is verified by residual test to realize the
accurate prediction of the port cargo throughput. -e

Table 1: Cargo throughput of a port in 2020/104 t.

Month -roughput Month -roughput
1 8904 7 8892
2 7820 8 8950
3 9653 9 9320
4 8702 10 9165
5 9120 11 8730
6 9034 12 8925

Table 2: Sample data construction method.

Input sample Output sample
2020–01 2020–02 2020–03 2020–04 2020–05 2020–06 2020–07
2020–02 2020–03 2020–04 2020–05 2020–06 2020–07 2020–08
2020–03 2020–04 2020–05 2020–06 2020–07 2020–08 2020–09
2020–04 2020–05 2020–06 2020–07 2020–08 2020–09 2020–10
2020–05 2020–06 2020–07 2020–08 2020–09 2020–10 2020–11
2020–06 2020–07 2020–08 2020–09 2020–10 2020–11 2020–12
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Figure 3: Predicted and actual values of different algorithms.
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prediction effect of the cargo throughput prediction model
depends on the parameter −a (development grey number).
According to the existing reference research, when −a≤ 0.3
0, the model meets the medium and long-term throughput
prediction demand. When 0.3< − a≤ 0.5, the model meets
the demand of short-term throughput prediction. When
0.5< − a≤ 0.8, the model has large error in short-term
throughput prediction. When 0.8< − a≤ 1, the accuracy of
the model is poor and the residual needs to be corrected.
When −a> 1, the prediction effect of the model is poor, so it
is not recommended to apply the model.

According to the given experimental data, the optimal
development greynumberof the throughputpredictionmodel
is determined, and its change curve is shown in Figure 5.

As shown in Figure 5, when the development grey
number is 1.8, the prediction accuracy of the model is the
largest, so the best development grey number is 1.8.

According to the above description, in order to meet the
prediction demand of the port cargo throughput, the de-
velopment grey number range is determined as [−0.5, +∞],
and the best development grey number needs to be selected
according to the specific prediction demand.

Residual test refers to detecting the difference between
the predicted value and the actual value of the model. -e
absolute residual sequence, relative parameter sequence, and
average residual sequence are obtained by calculation, and
the expression is as follows:

Δ(k) � x(k) − x
(1)

(k + 1)􏽨 􏽩,

ϕ(k) �
Δ(k)

x(k)
􏼢 􏼣%,

ϕ(k) �
1

n − 1
􏽘

n

k�2
|ϕ(k)|.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(11)

Based on the above experimental preparation data and
the determined optimal development grey number, the
throughput prediction simulation experiment is carried out
to reflect the performance of the proposed method through
the throughput prediction residual and accuracy. -e spe-
cific experimental results and analysis process are as follows.
-e residual data of the cargo throughput obtained through
experiments are shown in Table 3.

-e division of accuracy standard is shown in Table 4.
-e prediction performance of different neural networks

shall be analyzed and evaluated in an all-round way by using
the four evaluation indexes of the absolute percentage error
maximum MAXAPE, mean absolute error (MAE), average
absolute percentage error (DMAPE), and mean square root
squared error (RMSE). Among them, themaximum absolute
percentage error represents the percentage of the maximum
error between the predicted value and the actual value to the
actual value; the average absolute error represents the mean
of the absolute value of the predicted error and reflects the
accuracy; the average absolute percentage error is an indi-
cator of the overall effectiveness of the forecasting method;
the root-mean-square error reflects the dispersion of the
predicted value and the actual value. -e four evaluation
indicators are as follows:

MAXAPE � 100maxn
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where df is the predicted value of the port cargo throughput
and di is the actual value of the port cargo throughput.

From the evaluation results in Table 5, we can see that the
prediction performance of the proposed algorithm is better
than that of other two algorithms, and the performance is
much better. -erefore, in the prediction of the port cargo
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Figure 4: Prediction error of different algorithms.
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throughput with time characteristics, the proposed algorithm
has better prediction performance and the prediction result is
closer to the actual value. -e experimental results show that
the prediction precision of the proposedmethod accords with
the grade 1 standard of grey system principle, which fully
indicates that the proposedmethodhas goodprediction effect.

5. Conclusions and Outlook

Currently, the existing prediction algorithm of the port
cargo throughput neglects the correction of the initial value
of the cargo series data model, leading to a large error in the
port cargo throughput prediction. So far, the port has de-
veloped to the fourth generation, whose development mode
is the most efficient, namely, the supply chain mode serving
the integration of trade, manufacturing industry, and lo-
gistics. Nowadays, an intelligent port aims to improve the
efficiency of the port operation and management, which is
also a test of port construction and management. -e ac-
curate prediction of the cargo throughput provides a basis
for the planning, deployment, and reasonable allocation of
tasks in advance, avoids the occurrence of a cargo backlog in
the port, does not affect the delivery of goods and customer
satisfaction, and fully improves the operating efficiency of
the port, forming a virtuous circle. -erefore, accurate and
reasonable forecast of the port cargo throughput is very
important for port layout and even transformation and
upgrading. As a result, we designed a prediction algorithm of
the port cargo throughput based on the ES-Markov model.
-e ES-Markov model is constructed to modify the initial
predicted value of the sample data. Based on the final results
of the time-series arrangement and ES-Markov model, the

port cargo throughput prediction algorithm is designed. -e
experimental results show that compared with the reference
algorithm, the error of the prediction result of the port cargo
throughput of the proposed algorithm is smaller and the
prediction result is more stable, indicating that the appli-
cation performance of the proposed algorithm is better.
Besides, the experimental findings indicate that the pre-
diction precision of the proposed method accords with the
grade 1 standard of grey system principle, which fully in-
dicates that the proposed method has good prediction effect.
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