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Abstract: The container throughput in a container logistics system is an important technical index, irrespective of the method used to 

manage and forecast the port throughput. The Qingdao port, one of the most important ports in North China, has the advantage of being 

located in the "One belt One Road" position. At present, the forecasting method for the container transportation throughput of Qingdao 

port still needs to be optimized, and a model that can predict its development trend needs to be constructed. Echo state networks (ESN) 

have been widely used in time-series prediction owing to their simple structure and fast convergence speed. To solve the problem of 

the applicability of the random weight matrix generated in the ESN to a specific time series, this study proposes an improved particle 

swarm optimization (PSO) algorithm to optimize partial random weights in the ESN. Compared to the standard particle swarm opti-

mization algorithm, the inertia weight and learning factor were adjusted to improve the optimization performance of the algorithm. 

Furthermore, by comparing the historical data with the predicted values, the prediction accuracy of the model was found to be over 

98%. The container throughput of Qingdao port from 2022 to 2024 was predicted, which showed that the container throughput of 

Qingdao Port will maintain a rapid and stable growth trend. 
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1. Introduction

Container transportation is a new mode of transportation that 

is safe, highly efficient, quality assuring, fast, and economical. In 

the past decades, container transportation has developed rapidly 

worldwide and has become one of the primary means of interna-

tional cargo transportation. The trend of global economic inte-

gration shows that container transportation has been involved in 

the core interests of enterprises, as well as the economic lifeline 

of countries. This has far-reaching strategic significance in con-

tainer transportation. Qingdao Port, China’s second largest port 

with a foreign trade of 100 million tons, is an international trade 

port and transit hub located on the shore of Jiaozhou Bay on the 

Shandong Peninsula bordering the Yellow Sea and the west coast 

of the Pacific Ocean. 

Qingdao Port is the third largest container port in China after 

Shanghai and Shenzhen, and the main export port for coal and 

crude oil from the Shengli Oilfield in the Jinzhong area. It has 

the largest container, crude oil, and iron mine terminals in China. 

Qingdao Port has become one of the fastest-growing ports of con-

tainer transportation in Northeast Asia and the largest port of in-

ternational container transfer in Northern China. 

The efficiency and international competitiveness of Qingdao 

Port's maritime transportation can be improved by carrying out 

reasonable and reliable port throughput forecasts, rationally de-

ploying port resources according to the forecast results, and mak-

ing the port's navigable capacity and investment in basic facilities 

consistent. Simultaneously, exploring the development trend of 

port throughput and accurately predicting the port throughput can 

effectively avoid the idle capacity of infrastructure and the wast-

age of resources, and help create a strategic plan for the develop-

ment of the country's shipping industry as a whole, which is im-

portant for improving the layout of port infrastructure and the op-

erations. Therefore, efficiency is crucial. 

Time series prediction is used to predict the future according 
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to the development process, direction, and trend of historical data 

by analyzing time series [1]. Time series prediction has been 

widely used in various fields, such as gene expression profiles in 

biology, stock prices in finance, urban traffic flow in society, 

wind energy assessment in industry, and climate temperature 

change prediction [2]. However, actual time series often show 

complex characteristics, such as non-stationary, random, high-di-

mensional, nonlinear, and non-periodic, and hence, the prediction 

research of time series still faces great challenges [3]. Therefore, 

this study analyzes and predicts the container throughput based 

on wavelet transform and proposes an improved particle swarm 

optimization algorithm to predict the time series of the echo state 

network. Furthermore, by combining the characteristics of Qing-

dao Port and the predicted result of container throughput, we pro-

pose a development plan for Qingdao Port container transporta-

tion. 

Linear and nonlinear methods are used to predict time series 

data. Linear methods mainly include autoregressive moving av-

erages [4] and autoregressive comprehensive moving averages 

[5][6]. These methods are suitable for predicting time series with 

long durations and relatively slow changes. Nonlinear methods 

mainly include the least squares support vector machine [7] and 

artificial neural networks. With the increasing scale and com-

plexity of networks, nonlinear methods can deal with nonstation-

ary, stochastic, high-dimensional, nonlinear, and nonperiodic 

problems of time series. Although nonlinear methods can effec-

tively deal with complex time series, they have some limitations. 

A forward neural network has the problems of complex training 

algorithms, difficulty in determining the network structure, and 

large amounts of computation. An Echo State Network (ESN) is 

a new recursive neural network with good nonlinear approxima-

tion ability and can deal with nonlinear prediction problems well. 

Wavelet analysis is an effective method for dealing with nonsta-

tionary time series. Through wavelet decomposition, complex 

data in a time series can be decomposed into an approximately 

unrelated time series [8]. 

Particle swarm optimization (PSO), a meta-heuristic algo-

rithm, has been widely used in neural network structure optimi-

zation, electric power, industry, and other fields owing to its sim-

plicity, ease of implementation, and strong searchability. In [9], 

the author used the standard particle swarm optimization algo-

rithm to optimize random weights in the echo state network and 

improve the prediction performance of the network. 

The ESN network, a new type of recursive neural network, 

functions as short-term memory because the hidden layer of its 

reservoir, referred to as DR, comprises several sparsely con-

nected neurons, which effectively solves the training difficulties 

of traditional recursive neural networks in large-scale applica-

tions. They are often used to model complex nonlinear systems. 

An ESN network typically uses a linear regression algorithm to 

solve the output weight. In the actual application process, an ill-

conditioned solution can be easily generated, and the output 

weight of a large value affects the performance of the network 

prediction. 

This study adopted the PSO algorithm to optimize the ESN 

network, combined with wavelet decomposition to eliminate 

high-frequency signals. Qingdao Port was used as an example to 

analyze and forecast the research. In this study, the input indica-

tors of port throughput prediction are preprocessed by multimode 

fusion and integration, and the characteristics of the ESN net-

work are utilized to construct an intelligent prediction model sci-

entifically and effectively to accurately predict the typical port 

throughput. Furthermore, it provides solid technical support for 

port construction and emergency decision efficiency. 

2. Materials and methods

2.1 Wavelet Transform 

Wavelet Transform is a new method of transform analysis, its 

inheritance, and the development of the localization of the short-

time Fourier Transform (STFT); simultaneously, to overcome the 

shortcoming of the latter window size that does not change with 

frequency, it can provide a change with the frequency of the time-

frequency window. Therefore, it is considered an ideal signal 

time-frequency analysis and processing tool. 

Wavelet Transform gradually refines the signal (function) at 

multiple scales through telescopic and translational operations, 

and finally achieves time subdivision at high frequency and fre-

quency subdivision at low frequency by automatically adapting 

to the requirements of time frequency signal analysis and focus-

ing on any details of the signal. 

It is a mathematical tool that is based on signal analysis and 

has been proven efficient in various fields of application, such as 

image processing, data compression, and disaster prediction. The 

basic concept of wavelet analysis is to select a mother wave-

length or proper wavelet and perform an analysis using its trans-

lated and dilated versions [10]. There are two categories of wave-

let transforms: Continuous Wavelet Transforms (CWT) and Dis-

crete Wavelet Transforms (DWT) [11][12]. The continuous 
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wavelet transform 𝑊( , )  of the signal 𝑓( )  with respect to a 

wavelet 𝜑(𝑡) is given as: 

𝑊( , ) =
√

∫ 𝑓( )∅( ) 𝑑𝑡  (1) 

where φ(t) is the mother wavelet. The value of the wavelet 

transforms 𝑊( , ) is called the wavelet coefficient, where a and 

b are real numbers known as the time scale or dilation variable 

and time shift or translation variable, respectively, which denote 

how many components of the wavelet at dilation a are included 

in the original signal at translation 𝑏. 

The normalizing factor ensures that the energy remains the 

same for all a and b. Considering a closed subspace sequencej ∈

 Z on 𝐿 (𝑅), according to the multi-resolution theory, the space 

VO can be decomposed into 

𝐴 = 𝐴 + 𝐷 =. . . = 𝐷 + 𝐷 +. . . +𝐷 + 𝐴   (2) 

Figure 1 shows a schematic of the frequency space of wavelet 

decomposition based on multiresolution analysis, wherein the 

original frequency space is decomposed into a series of high-fre-

quency subspaces reflecting details D  (i = 1,2, . . . , j) and a low-

frequency subspace 𝐴  that reflects the general picture. Here, 𝐴  

is a low-pass filter that can filter out the high-frequency part of 

the input signal and output the low-frequency part, and D  is a 

high-pass filter that filters out the low-frequency part and outputs 

the high-frequency part. The frequency domain of the wavelet 

function has bandpass characteristics, called a bandpass filter, 

whereas the scale function has low-pass characteristics in the fre-

quency domain, called a low-pass filter [13]. 

Figure 1: Wavelet decomposition process 

2.2 Optimized echo state network by particle swarm opti-

mization 

2.2.1 Echo state network 

Jaeger and Haas (2001) proposed an ESN, a simple three-layer 

recursive neural network comprising an input, reserve pool, and 

output layers. U(t), x(t), and y(t) represent the input unit, state 

of neurons in the reserve pool, and the output unit at time t, re-

spectively. 𝑊  , W , 𝑊 ,  and 𝑊   represent the connection 

weight matrix between the input layer and reserve pool, neurons 

in the reserve pool, input layer and output layer, reserve pool, the 

output layer, and the reserve pool, respectively. When 𝑊  ex-

ists, the ESN can perform a multistep prediction; else, it can only 

perform a one-step prediction. In the ESN, the connection 

weights of the input layer to the reserve pool, the interior of the 

reserve pool, and the output layer to the reserve pool are ran-

domly initialized and remain unchanged during training. There-

fore, the ESN only needs to train the connection weights from the 

reserve pool to the output layer. The large-scale reserve pool re-

places the fully connected hidden layer and enhances the model-

ing ability of the complex time series. Training only the connec-

tion weights between the reserve pool and the output layer can 

avoid the slow convergence speed of traditional neural networks 

based on the gradient descent principle, and may fall into the 

problem of local optimization when searching for the optimal so-

lution. Figure 2 shows the structure of the basic ESN model. As 

shown in Figure 2, the layers are connected via different weight 

matrices [14][15]: 

Figure 2: Structure of ESN 

In the ESN, when signal 𝑈 (𝑡 + 1) is input to the network, the 

update rules of the neuron status and network output in the re-

serve pool are given as: 

𝑥(𝑡 + 1)  =  𝑓 (𝑊 𝑢(𝑡 + 1) + 𝑊𝑥(𝑡) + 𝑊 𝑦(𝑡))    (3) 
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𝑦(𝑡 + 1)  =  𝑓   (𝑊 𝑥(𝑡 + 1))  (4) 

where f  and 𝑓   are the activation functions of the reserve 

pool and output unit, respectively; f  is the hyperbolic tangent 

function tanh, and 𝑓  is the identity function. 

When 𝑓  is the identity function, the model output y(t) can 

be expressed as: 

𝑦(𝑡)  =  𝑊 𝑥(𝑡)  (5) 

During model training, we want to achieve a 𝑊  that mini-

mizes the error between the model's output Y (t) and the target 

value y(t), that is, we solve the following optimization problem: 

𝑊  = 𝑎𝑟𝑔 min ∑ ‖𝑦(𝑡) − 𝑊 𝑥(𝑡)‖   (6) 

where k is the number of training samples. 

2.2.2 Particle swarm optimization 

PSO was proposed in 1995 by Kennedy, an American psy-

chologist, and Eberhart, an electrical engineer, inspired by the 

foraging behavior of birds. PSO is a global random optimization 

algorithm based on swarm intelligence. It imitates the foraging 

behavior of birds, compares the search space of the problem with 

the flight space of birds, and abstracts each bird into a particle to 

represent a candidate solution to the problem. The optimal solu-

tion is equivalent to the food to be sought. The algorithm pro-

vides each particle with a position and speed, and each particle 

updates its own position by updating its speed. Through iterative 

search, the population can constantly find better particle posi-

tions to obtain a better solution to the optimization problem 

[16][17]. 

The principle of the PSO algorithm is as follows: n flying par-

ticles are in the solution space of dimension D, and the state of 

each flying particle can be described based on the position vector 

and flight velocity vector. Suppose vector 𝑋  =  (𝑥 , 𝑥 , . . . 𝑥 ) 

is the current position of flying particle I and vector 𝑉  =

(𝑣 , 𝑣 , . . . 𝑣 ) is the current flight speed of flying particle i , 

where 1 ≤  I ≤ n, 1 ≤  d ≤ D. The fitness function is defined, 

the fitness value of each flying particle is calculated, and the cur-

rent optimal position 𝑃  =  (𝑝 , 𝑝 , . . . 𝑝 ) of the flying particle 

is selected according to the fitness value. Simultaneously, infor-

mation sharing is carried out to screen out the current optimal 

location of the whole population, 𝑃  =  (𝑝 , 𝑝 , . . . 𝑝 ) . 

When the algorithm starts to run, the position and speed of the 

flying particles are initially set, and the following formula is used 

to update their status of flying particles: 

𝑉 (𝑡 + 1) = 𝑤𝑉 (𝑡) + 𝑐 𝑟 𝑃 (𝑡) − 𝑋 (𝑡) +

 𝑐 𝑟 (𝑃 (𝑡) − 𝑋 (𝑡))   (7) 

𝑋 (𝑡 + 1) = 𝑋 (𝑡) + 𝑉 (𝑡 + 1)  (8) 

where constant W is the inertia weight, which significantly in-

fluences the global and local search abilities of the algorithm. 

Constants C  and C  are the cognitive and social factors, respec-

tively, which represent the cognition of the particle to itself and 

the whole group, respectively. R  and R   are random numbers 

between [0,1]. 

2.2.3 Echo state network optimized by particle swarm optimiza-

tion 

In the learning process of the ESN, only the connection 

weights between the reserve and output layers are adjusted, 

whereas other connection weights remain unchanged after being 

assigned randomly. If these randomly assigned connection 

weights are not appropriately set, the prediction performance of 

the ESN can be directly affected. Therefore, the standard particle 

swarm optimization algorithm is used to optimize some random 

weights in the ESN to improve its prediction performance 

[18][19].  

The training process of the ESN neural network determines the 

output weight matrix W of the system based on the given training 

samples. After the network structure of the ESN is randomly ini-

tialized, the training process of the ESN can be divided into two 

stages: sampling and weight training. 

2.2.3.1 Phase of sampling 

The network was initialized in the sampling stage. In general, 

the initial state of the network is selected as zero, that is x(0) =

0. The training sample (s(n), n = 1,2. . . , P) enters the dynamic

reserve pool after the input connection weight 𝑊 . 

2.2.3.2 Weight training stage 

In this study, the PSO algorithm was used to train the ESN 

network output weight. The particle position in the PSO algo-

rithm corresponded to the output connection weight of the neural 
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network, and the adaptation function of the PSO algorithm 

adopted the output error function of the neural network, which 

constituted the weight training of the neural network with fewer 

sample data, that is, the training output weight W . The output 

connection weight-learning problem was transformed into an op-

timization problem. 

First, the ESN network parameters were initialized, and 

𝑊 ,W,𝑊 , and 𝑊  were randomly generated. The popu-

lation size of the particle swarm and maximum iteration algebra 

of the particle swarm were set. Each example in the particle 

swarm was described by the position vector P and velocity vector 

v. The particle position p directly encoded the possible solution

to the problem; that is, all values of p represented a possible so-

lution to the output weight W. A flowchart of the PSO-ESN algo-

rithm is shown in Figure 3. 

Figure 3: Process diagram of the PSO-ESN algorithm 

The ESN training process based on PSO optimization is as fol-

lows: 

Step 1: Initialize the ESN network structure, set the number 

of neurons in the input, hidden, and output layers of the 

network, and conduct standardized processing for the 

given training dataset. 

Step 2: The Velocity v and position P of each particle in the 

randomly initialized particle swarm in the n-dimen-

sional search space. 

Step 3: Evaluate the fitness of each particle according to the 

mean square error function. If the current particle fit-

ness < 𝑃 , 𝑃 = current particle fitness; else, the 𝑃  re-

mains unchanged. If the current particle fitness < 𝑃 , 

𝑃   = current particle fitness value; else, 𝑃   remains 

unchanged. 

Step 4: Update the velocity vector v and position vector P of 

each particle according to Eqs. (7) and (8). 

Step 5: Repeat Steps 3 and 4 to determine whether the itera-

tion termination conditions are met; if yes, terminate the 

program and output Pid as the initial output weight of 

the network to complete the initial weight training. 

3. Simulation results

Qingdao port has superior geographical conditions, a vast hin-

terland, a developed economy, a first-class collection and distri-

bution network, large-scale container transport, and sustainable 

development, which highlights the obvious comparative ad-

vantages of building an international shipping center in North 

China. The container throughput of Qingdao Port continues to 

increase rapidly. Figure 4 shows the container throughput data 

for Qingdao Port from 2008 to 2021 (units:10,000 TEU).  

Figure 4: Container throughput of Qingdao Port 

In this section, wavelet decomposition is applied to the 

monthly throughput data of Qingdao Port collected from 2008 to 

2021, resulting in 168 data samples. The data was preprocessed 

to become smoother by applying wavelet decomposition at level 

2 and reconstructed to obtain a new dataset. The original data is 

presented in Figure 4, and the performance of the wavelet de-

composition is shown in Figures 5 and 6. The pattern appeared 



Zitong Quㆍ Cuong Truong Ngocㆍ Bao Long Le Ngocㆍ Seungpil Leeㆍ Hwanseong Kim 

Journal of Advanced Marine Engineering and Technology, Vol. 47, No. 1, 2023. 2   39 

much smoother than the original one, considering the reconstruc-

tion step already included filters, which eliminated the high-fre-

quency patterns. 

Figure 5: Wavelet decomposition of original data at level 2 

Figure 6: Reconstructed data after decomposing 

Then, a hybrid approach called PSO-ESN was implemented to 

provide forecasting data for container throughput. Compared to 

the traditional ESN approach, the hybrid approach improved the 

effectiveness by exploring the adjacent areas of the current result 

for a better one. The training dataset considered 134 samples 

from the original data, and the performance was tested on the re-

maining 34 samples. In the ESN, the number of neurons in the 

dynamic reserve pool was 100, and the spectral radius of the ma-

trix was set to 0.6. 

Figures 7 and 8 show the results of the pure ESN and hybrid 

PSO-ESN methods, respectively, with the error comparison dis-

played in Table 1. 

Table 1: Error comparison between 2 methods 

Method RMSE 
ESN 0.1631 

ESN-PSO 0.0862 

Figure 7: Ground Truth and Echo State Network output 

Figure 8: Performance of hybrid PSO-ESN prediction 

The root means square error (RMSE) evaluation method in Ta-

ble 1 shows that with the improvement of the PSO algorithm, the 

accuracy of the ESN model improved from 0.1631 to 0.0862. 

Through statistical data comparison, the prediction model based 

on the PSO-improved ESN exhibited the best performance in the 

prediction model of Qingdao Port container throughput.  

The established model was used to predict the container 

throughput of Qingdao Port from 2022 to 2024, and the results 

are shown in Table 2. 

Table 2: Error comparison between 2 methods 

Year Predicted Container Throughput (10,000TEU) 
2022 2,550.92 

2023 2,625.72 
2024 2,589.32 

As seen in Table 2, the container throughput in 2022 and 2023 

shows an upward trend; however, the container throughput in 

2024 decreases slightly. The forecast data is only for the refer-

ence of the port staff. 

4. Conclusion

Owing to the development of global economic integration, 

ports have become important nodes in the logistics supply chain 

as the hub of comprehensive transportation. As an important part 

of port planning, the predicted throughput of port containers has 
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influenced the planning and decision making of governments in 

various countries. Simultaneously, the prediction of port through-

put can help the port identify problems and sources. This study 

proposed a novel method for predicting the port container 

throughput. Considering the characteristics of the container 

throughput time series, the container throughput series was de-

composed and reconstructed by a wavelet to obtain the approxi-

mate and detailed parts. Wavelet decomposition provides less 

noisy data, thereby improving performance prediction. Then, 

combined with the good nonlinear prediction effect of the ESN, 

the prediction result was calculated using the ESN prediction. 

Furthermore, an additional optimization algorithm was proposed, 

which used the improved particle swarm optimization algorithm 

to dynamically select part of the random weights of the echo state 

network. As a result, the prediction accuracy and generalization 

performance were improved. First, we searched for the ESN best 

parameters using the PSO approach; subsequently, we used the 

ESN pair to predict the port container throughput. The simulation 

results showed that the prediction method exhibited a good pre-

diction ability. Therefore, we intend to highlight this prediction 

in future studies to provide better suggestions for port develop-

ment. 
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