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ABSTRACT 
 
 
Background With the development of global trade, the volume of goods transported around the world 
is growing. And over 90% of world trade is carried by shipping industry, container shipping is the most 
important way. But with the growth of trade imbalances, the reposition of empty containers has become 
an important issue for shipping. Accurately predicting the volume of empty containers will greatly assist 
the empty container reposition plan. 
Objectives The main aim of this study is to explore the effect of machine learning in predicting empty 
container volumes, make a performance comparison and analysis with existing empirical methods and 
mathematical statistics methods. 
Methods The main method of this study is experiment. In this study I chose the appropriate algorithm 
model and then trained and tested the model. This study uses the same data sources as the industrial 
approach, using the same metric to evaluate and compare the performance of machine learning methods 
and industrial methods. 
Results Through experiments, this study obtained the forecasting performance results of five machine 
algorithms including the LASSO regression algorithm on the Los Angeles Port and Long Beach Port 
datasets. Metrics are (Mean Square Error) MSE and (Mean Absolute Error) MAE. 
Conclusions LASSO Regression and Ridge Regression are the best machine learning algorithms for 
predicting the volume of empty containers. Compared to empirical methods, the single machine learning 
algorithm performs better and has better accuracy. However, compared with mature statistical methods 
such as time series, the performance of a single machine learning algorithm is worse than the time series 
method. Machine learning needs to try to combine multiple models or select more high-correlation 
feature quantities to improve performance on this prediction problem. 
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1 INTRODUCTION 
 

 
As global trade has increased year by year, the issue of trade imbalances[1] has become increasingly 
prominent. Container shipping, as a major means of world trade, is also affected by trade imbalances.[1] 
Every year, a large number of empty containers need to be transported from trade deficit countries to 
trade surplus countries. For example, in the United States, his trade deficit with China has increased year 
by year. In the Los Angeles port, the long beach port transports a large number of empty containers 
every year. How to plan the transportation of empty containers has also become a hot research issue. If 
we can accurately predict the volumes of empty containers that need to be transferred each month, then 
the arrangement of empty container transshipment will be of great help. In this project, I tried to use the 
supervised machine learning method to predict the container data, mainly using some mainstream 
supervised machine learning regression methods. As a time series related problem, first of all, in this 
experiment, I used the sliding window method to convert experimental data and convert time series 
problem data into data suitable for supervised machine learning problems. Then I further select and 
process the data and use it to train the machine learning model. Simply put, I use the data of the past 12 
months to forecast the empty container volumes in the next month. I chose to use the K-fold cross 
validation method to test the results of the model and compare the performance of the selected machine 
learning models. 
Finally, I compared the performance of machine learning methods with traditional industrial (statistical) 
methods. 
 

1.1 Problem Definition 
 
Over 90% of world trade is carried by shipping industry. Empty container transportation accounts for 
20% of all container shipping. With the increase of trade imbalance[1], the problem of container 
reposition has become a very important issue. Accurately predicting the number of empty containers 
can greatly help ports and shipping companies to develop empty container reposition plans. There are 
many studies on the prediction of port throughput using various methods. However, there are few studies 
using machine learning methods to predict empty containers.  
 

1.2 Research Question 
 
 
RQ1. Which Machine learning algorithm is the most suitable for predicting empty containers volumes 
and why?  
  
RQ2. How do the results of the best suitable Machine learning method compare with existing methods, 
why? 
 

1.3 Aim and Objectives 
1.3.1 Aim 

 
The main aim of this study is to explore the performance of machine learning in predicting empty 
container volumes, make a performance comparison and analysis with existing empirical methods and 
mathematical statistics methods. At the same time, the study tried to evaluate the feasibility of machine 
learning in the prediction of empty containers, analyze, summarize, and explore whether there are better 
comprehensive forecasting methods or suggestions.  
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1.3.1 Objective  
 

1. What machine learning algorithms exist for industrial container prediction to date   
2. What are the most widely used industrial forecasting methods and models to date?  
3. Which machine learning algorithm has the best effect in empty container prediction?  
4. Compare machine learning methods with existing industrial methods using Key Performance 
Indicators.  
5. If there is a gap between machine learning methods and existing industrial methods, analyze its causes 
and related factors.  
 

1.3.2 Research Methods Motivation 
 
I choose experiment as my main research method. The main aim of this study is to explore the 
performance of machine learning to forecasting empty container, make a performance comparison and 
analysis with existing empirical methods and statistical methods. As mentioned above, there are few 
studies using machine learning methods to forecast empty container volumes. I need to get the specific 
performance of machine learning through experiments. So, I can make further comparisons and analysis 
based on experimental results. 

1.4 Thesis Structure 
 
Chapter 2 The second chapter is the background and related work. In this chapter, I made a summary 
of the history and current situation of world shipping development and explained the origin of the empty 
container problem. I summarized the work related to forecasting empty containers and introduced the 
main industrial methods. In addition to this, some basic knowledge about machine learning is introduced. 
Chapter 3 The third chapter is the method. In this chapter, I detailed the methods and experimental 
steps used in the experiment.  
Chapter 4 The fourth chapter is the result. I showed the results of the experimental methods described 
in Chapter 3. 
Chapter 5 The fifth chapter is the analysis and discussion. I compared the results of each machine 
learning through common test methods. I got the best method for predicting the empty container volumes 
in the selected machine learning algorithm. Finally, I compared the machine learning algorithm with the 
industrial method (statistical method) and analyze the reason as much as possible. 
Chapter 6 The sixth chapter is conclusion and future work. I summarized the content of the whole study 
and proposed the possible future improvement of related content. 
 
 

1.5 Acronyms 
 
MSE Mean Square Error 
RMSE Root Mean Squared Error 
MAE Mean Absolute Error 
RF Random Forest 
Lasso Least Absolute Shrinkage and Selection Operator 
KNN K-Nearest Neighbors 
ACF Autocorrelation function 
TEUs Twenty-Foot Equivalent Units 

                                  
 



 

10 

2 BACKGROUND AND RELATED WORK 
 

The second chapter is the background and related work. In this chapter, I made a summary of the history 
and current situation of world shipping development and explained the origin of the empty container 
problem. I summarized the work related to forecasting empty containers and introduced the main 
industrial methods. In addition to this, some basic knowledge about machine learning is introduced. 

2.1 Background 
  

With the development of global trade, the volume of goods transported around the world is growing. 
Container shipping began in the early 19th century and has continued to increase in recent decades. 
World container traffic increased from the initial 84.6 million TEUs (20 foot equivalent units) in 1999 
to 362 million TEUs in 2005.[1] In 2016, Worldwide ocean container traffic reached 752 million 
TEUs.[2] 

 
However, due to the imbalance of global trade, a large number of empty containers will be piled up in 
areas with more imports than exports. There is much news that Chinese ban on the recycling of foreign 
waste will exacerbate current trade imbalances.[3]This is also the most fundamental cause of the empty 
container problem. [4]For example, according to the official data released by China in 2017, Chinese 
exports to the United States reached 13.4 million TEUs, while Chinese imports from the United States 
only 2.4 million TEUs.[5] Therefore, shipping companies need to ship empty containers from the United 
States back to China. Because China has a large demand for empty containers, and US exports do not 
need so many empty containers. It has been concluded that empty container transportation accounts for 
20% of all container shipping.[6] What we need to know is that it does not generate any direct income. 
But if we manage empty container transportation reasonably, shipping companies can significantly 
reduce the cost of the company. In addition, proper management of empty containers can reduce the 
consumption of fuel, traffic congestion and emissions.[7] 
 
If a port or a company can accurately predict the number of empty containers in the short or long term, 
this will be very helpful for the empty container reposition plan. This can help the port find the most 
efficient empty container repositioning plan. Rafael et al.[8] compared three existing prediction methods 
using data from three major ports in the United States, including Tioga Group, United Nations, and 
Winters Method. Gendreau et al.[9] did a case study to predict short-term demand for empty container. 
Existing forecasting methods have certain effects to help the port develop an empty container 
repositioning plan. Solmaz et al.[10] have summarized the existing forecasting process, and now the 
mainstream forecasting methods can be mainly divided into mathematical methods and statistical 
methods.  
 

2.2 Related Work  
 
In the research of container prediction, most of them are the prediction of container throughput, and few 
literatures pay attention to empty container prediction. Although in most cases they are very similar. In 
the aspect of empty container prediction, there is only a summary of industrial method and traditional 
method. Existing forecasting methods have certain effects to help the port develop an empty container 
repositioning plan. Solmaz et al.[10] have summarized the existing forecasting process, and now the 
mainstream forecasting methods can be mainly divided into mathematical methods and statistical 
methods. In 2011, Diaz, R et al [8] compared Tioga Group, United Nations and Winters method in 
predicting empty container volumes. They are three mainstream methods utilized by three U.S. container 
ports. From their literature review, we know that ports generally use the statistical regression model for 
forecasting container volumes including empty container. In the final comparison of this thesis, I mainly 
refer to this research summary. Next, I looked for some related work on container throughput forecasting. 
 



 

11 

Time Series and Regression model 
A time series is a sequence in which successive observations of the same phenomenon are arranged at 
different times. Depending on the time of observation, the time in the time series can be in the form of 
a year, quarter, month, or any other time. The most Common and famous time series prediction models 
are ARMA (Autoregressive Moving Average) and ARIMA (Autoregressive Integrated Moving 
Average).[11] 
 
Common time series models include ARMA (Autoregressive Moving Average), Exponential 
Smoothing, Linear Prediction, Extrapolation, Growth Curve, Trend Estimation and Box-Jenkins. It is 
often used in the following aspects: sales forecast, stock market analysis, economic forecasting, yield 
projection, process and quality control, workload projection, inventory studies and so on.[11] 
 
There are many upgrade models based on time series models. For example, in 2019, Qingfei, Liu et 
al[12] proposed a hybrid forecasting model  based on TEI@I Methodology, which is based on ARIMA 
(autoregressive integrated moving average model) and BP neural network technology. TEI@I is full 
name of "text mining" + "econometrics" + "intelligence (intelligent algorithms)" @ "integration". 
TEI@I methodology proposed by Wang, et al in 2005, it is widely used in the prediction research in 
various fields.[13] Tian, X et al[14] proposed a TEI@I-Based Integrated Framework for Port Logistics 
Forecasting.  
 
And there are some research papers about forecasting the volumes of containers, including import 
containers, export containers or the sum of container of port. For example, in 2007, Chou, Chienchang 
et al[15] propose a modified regression model for forecasting the volumes of Taiwan s import 
containers. The prediction accuracy of proposed model is higher than traditional regression models. 
 
Machine Learning 
 In 2019, Min-jie Ding et al[16] propose a prediction model of the sum of container. They combined BP 
neural network and SVM in this model. The combined model has less relative error than single 
prediction model. But in this paper, they used features related to the number of containers in the same 
time period to predict the number of containers. In other words, they are not using machine learning 
models to predict the number of containers in the future. But we can use some of these ideas, such as 
trying to introduce relevant economic data, trying to use a combined model. Robert L and Victor[17] 
concluded that combining forecasts can improve forecast accuracy from a lot of extensive literature.  
 
In 2007, Mak et al. used LS-SVM applied an approximate approach (ALSSVM) to shorten the training 
time about Hong Kong’s port research. In 2010, Wu and Pan[18] used SVM in Jiujiang port to forecast 
container volume.  
 
Industrial methods: Tioga Group, United Nations, Winters 
In 2011, Diaz, R et al [7] compared the Tioga Group, United Nations and Winters method in predicting 
empty container volumes. They are three mainstream methods utilized by three U.S. container ports. 
 
Tioga Group 
A study forecasting empty container volumes of Long Beach port and Los Angeles concluded that 
outbound empty container volume for the two port is 88% of difference between the total loaded in 
bound and total loaded outbound containers.[8] 
  = 0.88 ∗   (2.1) 
 

 is the actual difference between the total loaded inbound and total outbound containers, during the 
period ‘t-1’, then the forecasted outbound empty container volume for period ‘t’, represented by . 
 
United Nations 
A forecast of the world’s volume of empty container flows using a simplified approach consisting of 
two major steps by United Nations.[8] They add 3.5% to the volumes of non-empty containers in the 
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major movements(import/export) direction for a given port. FMA  represents the volume of non-
empty containers in the major flow direction and FMI  represents the volume of non-empty containers 
in the minor flow direction during the period ‘t-1’. At last, M  is the forecasted volume of empty 
containers during period ‘t’. 
  = 1.035 ∗ −  (2.2) 
 
Winters 
Winters method uses exponentially weighted moving averages to replicate a time series that has trend 
and seasonality effects.[8] A multiplicative trend-seasonal method may be characterized as follows: 
  = ( + ) +  (2.3) 
 

 is the demand in the period t, a is a level, b is a trend,  is a seasonal factor, and  is assumed to be 
an independent random variable with mean  and constant variance . 
 

2.3 Machine Learning  
 

The definitions that machine learning is most commonly used by everyone are as follows: A computer 
program is said to learn from experience E with respect to some class of tasks T and performance 
measure P, if its performance at tasks in T, as measured by P, improves with experience E.[19] In simple 
terms, machine learning is a program that can handle similar tasks by analyzing and researching data. 
Data and learning about data are the most important for machine learning. There are many areas of 
research and application of machine learning, such as image processing and recognition, data mining, 
prediction and risk assessment, defective product identification, etc.  Machine learning algorithms can 
be divided into three categories, Supervised and semi supervised learning, Unsupervised learning and 
Reinforcement learning.[20]  
  

a. Supervised and semi-supervised Learning  
The core of supervised learning is to build a mathematical model that contains input and expected 
output.[20] The processed training data set must contain one or more inputs and a desired output. 
Supervised learning algorithms include classification and regression. Supervised learning is the 
study of training samples with conceptual markers (classifications) to mark (classify) predictions of 
data outside the training sample set as much as possible. Therefore, the training sample is low in 
derogatory.  

  
b. Unsupervised Learning  
The biggest difference between unsupervised learning and supervised learning is that the data set 
has only input.[20] Unsupervised learning is the learning of training samples without concept 
markers (classifications/ labels) to discover structural knowledge in the training sample set. 
Therefore, the training sample is highly ambiguous. Clustering is a typical unsupervised learning  

  
c. Reinforcement learning  
In simple terms, Reinforcement learning allows the computer to start at zero, without any foundation, 
by continually trying, learning from mistakes, finally finding the rules, and learning how to achieve 
the goal. The most famous example is Alpha go.  

 
Ensemble learning 
 
Ensemble learning is a way to complete machine learning tasks by integrating multiple learners. Just 
like figure2.2-1, Multiple learners work together to complete a task. The learners can be the same (base 
learner) or different algorithms (component learner). The results of multiple learners are obtained by 
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weighted average and other methods. In statistics or machine learning, many integrated methods can 
achieve better performance in predictions.[21] 

 

 
Figure 2-1 Ensemble Learning 

 
  
Common ensemble learning methods include Random Forest, Bagging, AdaBoost, etc. They can be 
divided into two main categories. The first type is a serialization method in which individual learners 
have strong dependencies and must be generated serially, such as Boosting. The second category is a 
parallelization method in which individual learners do not have strong dependencies and can be 
generated simultaneously, such as bagging, random forests. 
 
Mainstream machine learning algorithms for industrial or commercial prediction include linear 
regression models, Bayesian ridge regressor, decision tree (regression tree) models, random forests, 
xgboost and support vector regression, etc. 
 
 

2.4 Machine Learning Methods 
 
In this experiment, only the common single Supervised regression machine learning model performance 
is discussed and does not include various combination models or special frameworks. In this section, I 
will give a brief description and structural analysis of the machine learning model used in this 
experiment.  
 
They mainly include Lasso and Ridge Regression (linear regression model), an easy-to-understand and 
widely used K-Nearest Neighbors Regression model. In addition, I also chose Random Forest model 
based on decision trees and the Gradient Boosting model, both of which are representative of ensemble 
learning. 
 
 

2.4.1 Lasso and Ridge Regression (Linear Regression) 
 
Lasso (Least Absolute Shrinkage and Selection Operator) Regression and Ridge Regression are very 
similar. They are all typical Linear Regression using regularization methods. The key difference 
between these two is the penalty term. The goal of an optimization problem is to minimize the loss 
function.[22] Linear regression in machine learning will have an objective function, the goal of the 
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model is to maximize or minimize it. The cost function is used to evaluate the difference between the 
predicted value and the actual value, so people always want to find the minimum value. 
 
Both Lasso regression and Ridge regression modify the cost function based on standard linear regression, 
add L1 and L2 regularization respectively. Lasso Regression was proposed in 1996 by Robert Tibshirani, 
a professor of statistics at Stanford University[23], based on Leo Breiman's non-negative parameter 
estimation (Nonnegative Garrote, NNG)[24].  
 
The cost function of Lasso regression is as follows: 
 

 ∑ ( − ∑ ) + ∑   (2.4) 
 

 are standardized predictors,  are centred response values for i =1, 2, …, N and j = 1, 2, …, p, the 
Lasso solves the L1-penalized regression problem of finding b= to minimize the cost function.[23] The 
first half is the loss function and the second half is the penalty term. The lasso regression has been 
officially proposed for more than 20 years, but it is still very efficient and widely used. It also has many 
variations and improvements, such as Grouped Lasso, Elastic net.[25]  
 
The only difference between ridge regression and lasso regression is the penalty term in the cost function. 
The cost function of Ridge regression is as follows: 
 

 ∑ ( − ∑ ) + ∑  (2.5) 
 
Ridge regression analysis is a technique for the presence of multiple collinear data. Collinearity means 
that there is an approximately linear relationship between independent variables. Lasso is very similar 
to the ridge regression, adding an offset term to the regression optimization function to reduce the effect 
of collinearity. It is essentially an improved least squares estimation method. 
 
 

2.4.2 K-Nearest Neighbors Regression  
 
The K-Nearest Neighbors Regression (KNN) method is a very simple and easy to understand supervised 
learning method. We can make a simple overview of its workflow. First, it needs to set a metric to 
measure the distance between samples. When we give a sample that needs to be predicted, the model 
will find the K training samples closest to the predicted sample in the training set by calculating the 
distance. Then, the model calculates the results of the predicted samples from the values of the K training 
samples. As the Figure 2-2 shows, when we set K to 3, A is the predicted sample, and samples B, C, and 
D are the closest training samples to A. We should use the values of B, C, D to predict the value of A. 
 
Therefore, the key two points of the KNN algorithm are: 1. How to calculate the distance between 
samples, 2. How to calculate the results of the predicted samples based on k training samples. In the 
classification problem, we usually use the voting method  to determine the prediction result of the 
prediction sample. In the regression problem, we usually use the Average method , which is to 
calculate the average of these k samples as the prediction result. Common sample distance calculation 
methods include Euclidean Distance, Manhattan Distance and Hamming Distance. It is a typical 
example of lazy learning because it only saves data during the training phase. When the data dimension 
is high, it is a disaster for the KNN algorithm. We usually need to reduce the dimension of the data first. 
The main work of the KNN algorithm in this experiment is how to choose the value of K. In the 
experiment, I mainly searched for the best K value by cross-validation. 
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Figure 2-2 KNN algorithm 

 
 

2.4.3 Random Forest  
 
Random Forest (RF) is a typical ensemble machine learning method. It was proposed by Breiman in 
2001.[26] The content of ensemble learning is mentioned above. It is an ensemble machine learning 
based on decision tress as a base learner. Random Forest is an extended variant of bagging. It introduces 
random attribute selection based on the bagging algorithm. Random Forest algorithms show strong 
performance when solving many real-world tasks. 
 
The convergence of the Random Forest method is very similar to Bagging, and its initial performance 
is often poor. But as the number of base learners increases, Random Forests typically converge to lower 
generalization errors.[27] This is one of the reasons why I chose Random Forest and then Bagging as a 
further experimental object. But the more base learners do not represent the better performance. In 
addition, we also need to consider the cost of computing and so on. 
 
And Random Forests have many advantages[26], including a simple structure, easy implementation, 
and low computational overhead. It’s faster than bagging or boosting and easy to parallelize. 
 
 

2.4.4 Gradient Boosting 
 
Like random forests, Gradient Boosting is also an ensemble machine learning algorithm. Gradient 
Boosting is a method of Boosting. In fact, Boosting is more like an idea. Each time the model is 
established with the gradient loss direction of the previously established model loss function. The loss 
function we mentioned in the previous introduction. In simple terms, it is used to assess the difference 
between predicted and actual values. Now we can easily understand its name. If our model can make 
the loss function continue to decline, then our model is constantly improving, and the best way is to let 
the loss function fall in the direction of its gradient. 
 
The expression of the model function can be expressed as follows  

 F(x; P) = F(x; { , } ) = ∑ ℎ( ; ) (2.6) 
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P represents a parameter, and may have multiple parameters, P = {p0, p1, p2....}, and F(x; P) represents 
a function of x with P as the parameter, which is our prediction function. Our model is a combination of 
multiple models, β represents the weight of each model, and α represents the parameters in the model. 
To optimize F, we can optimize {β, α}, which is P. 
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3 METHOD 
The third chapter is the method. In this chapter, I detailed the methods and experimental steps used in 
the experiment including experimental environment, feature engineering, metric, etc 

3.1 Software Environment 
 

3.1.1 Python 
 
Python, a widely used high-level programming language, is a general-purpose programming language 
created by Guido van Rothsum and published in 1991 as the first edition.[28] In 2018, users using 
Python for data analysis were the most popular, followed by web development, again for DevOps/system 
management/writing automation code, machine learning, and more.[29] Python is an interpreted 
language. Python's design emphasizes the readability of the code and the concise syntax. Columns are 
divided into blocks of indentation using spaces instead of braces or keywords. Compared to traditional 
C++ or Java, Python allows developers to express ideas in less code. Whether it is a small or large 
program, the language tries to make the structure of the program clear. Figure 3-1 shows part of the 
process of observing data and feature selection using python. 
 

Python version Python 3.6.5 
 

 
 

Figure 3-1 Code Screen shot 
 

3.1.2 IDE: PyCharm 
 

PyCharm[30] is an Integrated Development Environment (IDE) used in computer programming, 
specifically for the Python language. It is developed by the Czech company JetBrains. 

 Features[31] 
 Coding assistance and analysis, with code completion, syntax and error highlighting, 

linter integration, and quick fixes 
 Project and code navigation: specialized project views, file structure views and quick 

jumping between files, classes, methods and usages 
 Python refactoring: including rename, extract method, introduce variable, introduce 

constant, pull up, push down and others 
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 Support for web frameworks: Django, web2py and Flask 
 Integrated Python debugger 
 Integrated unit testing, with line-by-line code coverage 
 Google App Engine Python development 
 Version control integration: unified user interface for Mercurial, Git, Subversion, 

Perforce and CVS with change lists and merge 
 
PyCharm version JetBrains PyCharm2017.3 

 

3.1.3 Third-party libraries 
 
Here is an introduction to some of the third-party libraries used in this thesis: 
Numpy 
NumPy is the fundamental package for scientific computing with Python.[32] The goal of this paper is 
to predict empty container capacity, so many steps require accurate and convenient scientific 
calculations such as machine learning performance metrics. 
 
Pandas 
Pandas is an open source, BSD-licensed library providing high-performance, easy-to-use data structures 
and data analysis tools for the Python programming language.[33] In the data reading, observation and 
pre-processing steps, Pandas can help me to observe the data rules, check the data quality and remove 
the wrong data. 
 
Sklearn 
Sklearn is an open source, efficient tool for data mining and data analysis.[34] The machine learning 
algorithm implementation and model in Sklearn is used in this experiment.  
 
Matplotlib 
Matplotlib is a Python 2D plotting library.[35] It is used for data analysis and graphical presentation of 
experimental results. 
 
Seaborn 
Seaborn is a Python data visualization library based on matplotlib.[36] It can make the data more 
intuitive and easy to observe. 
 

Data Source 
 
From the above introduction, we can understand that there is a huge trade deficit in the United States, 
not just from China. So, I initially chose some ports in the United States as my target. As mentioned in 
my introduction. According to the TOP 50 WORLD CONTAINER PORTS [37] issued by the World 
Shipping Council in 2018, the top ports in the United States include Los Angeles Port, Long Beach Port, 
New York-New Jersey Port and so on. I have tried to contact the port, but unfortunately, I have not 
received any response. So, I had gone online and search for open data from the Internet. The port of Los 
Angeles[38], Long Beach Port's official website[39] have good public historical data. 
 
In addition, we need to pay attention to the important point. We need to compare the machine learning 
method with the traditional method. Then we need to ensure that the data source chosen by the two is 
consistent. The traditional method used for comparison in this experiment is mainly from the summary 
of Diaz et al.[8] They summarize the three methods most commonly used in industry, and the specific 
content will be introduced in related work. They chose the Port of Los Angeles, the Long Beach port, 
and the Savannah port as a source of predictive data. 
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In summary, I chose Los Angeles Port and Long Beach as my data source. Not only because they are 
suitable for the premise of empty container forecasting, but also makes the comparison of experimental 
results more convenient. 
 
Also, as I mentioned in the related work. There are many economic factors linked to the transshipment 
capacity of empty containers, such as regional GDP and national trade balances, etc. CEIC is a 
comprehensive economic database of more than 200 countries. My relevant economic data is mainly 
from CEIC, including California's GDP data.[40] 
 
 
 
 
3.1 Data Pre-processing 

 
Data preprocessing mainly includes data cleaning, data feature extraction and selection. Data cleaning 
mainly includes missing data processing, data type conversion, outlier processing, text encoding, etc.  
Feature extraction is also the key to data preprocessing. Statistically speaking, predicting the number of 
empty containers is actually a time series problem. When we want to use supervised machine learning 
to study this problem, we need to transform the data. 
 
Time series is a sequence of data points arranged in chronological order. This type of data reflects the 
state or extent of a change over time. Such as hourly temperature data, ten years of GDP data. The time 
interval of the time series can be minutes and seconds, and can be days, weeks, months, quarters, years, 
or even larger time units. Time series are widely used in mathematical statistics econometrics, 
mathematical finance, weather forecasting, earthquake prediction, and most applied science and 
engineering involving time data measurement.[41] 
 
3.1.1 Data Overview  
 
Before actually starting data conversion, I need to clean and confirm the data. The data of this experiment 
mainly come from the official websites of various ports and the world financial database, but there may 
still be some data missing. Therefore, I need to manually organize and adjust the data. At the same time, 
I need to select the appropriate year as the experimental data. And I will observe the statistical results 
of the data and exclude or correct the erroneous data, outliers. 
 
3.1.2 Feature Engineering 
 
We need to distinguish a concept, the prediction in this experiment refers to the prediction of future data. 
Instead of using the relevant data of containers to calculate the number of containers at the same time 
point, as Min-Jie Ding et al. [16]have studied. Simply put, we can select the data before this time point 
as the input of machine learning to predict the future results 
 
The Sliding Window Method 
  
Sliding window is a method to transform time series problems into classical supervised learning 
problems. The sliding window method gives adequate performance in many applications.[42] The most 
obvious advantage of this sliding window approach is that it can be applied to any classical supervised 
learning algorithm.[42] When we look at data, we don't look at one point, we look at a period of time, 
like a sliding window. 
 
It constructs a window classifier ℎ  that maps an input window of width w into an individual output 
value y. [42] Specifically, let d = (w − 1)/2 be the “half-width” of the window. Then ℎ  predicts ,  
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using the window { , , , , … , , , … , , , , }. In effect, the input sequence  is 
padded on each end by d “null” values and then converted into  separate examples.[42] 
 
The window classifier ℎ  is trained by converting each sequential training example ( , ) into 
windows and then applying a standard supervised learning algorithm. A new sequence X is classified by 
converting it to windows, applying ℎ  to predict each  and then concatenating the  ’s to form the 
predicted sequence y.[42] 
 
Sliding window is able to frame the time series according to the specified unit length, so as to calculate 
the statistical index in the windows .This is equivalent to sliding a slider of a specified length over the 
scale, and each unit of sliding can feed back the data in the slider. In this experiment, I need to use past 
data to predict future data. In machine learning, we need to construct the features related to the predicted 
data. The method that I'm using in this experiment is the one that's commonly used in similar 
problems.[43] 
 
Trend and Differencing Transform 
 
Time series data, such as empty container capacity, have obvious seasonal trends and long-term growth 
trends. This can be observed with simple line graphs, such as the one shown in the experimental results. 
While this seasonal change and growth trend can be a key feature of sequence prediction, if you need to 
explore other system signals that help us make sequence predictions, they must be removed. In general, 
we refer to a time series in which seasonal changes and growth trends are removed as a stationary 
sequence. In order to eliminate this seasonal variation, a seasonal difference approach is usually adopted. 
The trend cycle with seasons and years is generally 12. 
 
Autocorrelation function (ACF) Analysis and Lag Features  
 
Autocorrelation is a correlation between a signal and itself at different points in time. It's a function of 
the similarity between two observations versus the time difference between them. It is a mathematical 
tool for finding repeating patterns (such as periodic signals masked by noise) or identifying fundamental 
frequencies that are hidden in the harmonic frequencies of the signal. It is often used in signal processing 
to analyze functions or series of values.[44] 
 
Lag features are the classical way that time series forecasting problems are transformed into supervised 
learning problems. The empty container quantity data set can be transformed into a supervised learning 
problem by taking the lagged observation (for example, t-1) as the input variable and the current 
observation (t) as the output variable. Simply put, just like the conversion from table 1 to table 2, table 
1 is the original data of the time series, and table 2 is the machine learning data with the lag data(X) as 
the feature used to predict the results(Y). Since there is no data before the value of Time 1, its T-1 lag 
data is empty. Of course, we can broaden the time window range and take T-2 and T-3 data as the object 
of feature selection. One difficulty of the sliding window method is how to determine the size of the 
window based on the actual problem. 
 

Time Volumes 
1 100 
2 200 
3 300 
4 400 

Table 3-1 Raw Data 
 
 

By observing the ACF diagram of the difference data, we can more intuitively see the feature of Lag 
with higher correlation that we need. 
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Time Volumes(Y) T-1(X) 
1 100 null 
2 200 100 
3 300 200 
4 400 300 

Table 3-2 Machine Learning Data 
 
 
Rolling Window Statistics 
When observing a sliding window, we can feature not only the lag value, but also the statistics inside 
the window, such as mean, maximum, minimum, variance, etc. 
 
Date Time Features 
In addition to the above, date information can also be used as a feature of supervised machine learning. 
The most basic data is the year, the month. But in fact, time may also contain more attributes, such as 
seasons, whether there are major festivals and so on. 
 
Other Features 
As Min-Jie Ding et al. mentioned in their study[16], port throughput is linked to regional GDP and other 
data. I tried to see if we can feature past economic data, such as the trade balance, regional GDP and so 
on. 
 
3.1.3 Feature Selection 
 
In this experiment, I used both Pearson correlation coefficient and Spearman rank correlation coefficient, 
because they have their own advantages and disadvantages. Pearson coefficient detection performance 
is better than spearman, but he can only detect the linear relation, may not be able to make a correct 
judgment of the nonlinear correlation. In addition, it is generally considered that the premise of using 
Pearson coefficient is that the data is normally distributed, although it still performs well when this 
premise is not met. Spearman's correlation coefficient doesn't perform as well as Pearson's, but it's more 
versatile and doesn't have as many limitations. Actually, I just use Spearman rank correlation coefficient 
to double check whether there is a non-linear correlation. 
 
Pearson Correlation Coefficient 
 
Pearson correlation coefficient is used to measure the linear correlation between two variables, X and 
Y.It has a value between +1 and -1, where 1 is the total positive linear correlation, 0 is the nonlinear 
correlation, and -1 is the total negative linear correlation. Its calculation formula can be expressed as: 
  , = ( , ) (3.1) 
 
The numerator is the covariance and the denominator is the product of the standard deviation of the two 
variables. 
 
Spearman Correlation Coefficient 
 
The Spearman rank correlation coefficient is a parameter less (distribution-independent) test method 
used to measure the strength of the relationship between variables. In the absence of repeated data, if 
one variable is a strictly monotonic function of another variable, the Spearman rank correlation 
coefficient is +1 or -1, which is called the complete Spearman rank correlation.[45] For a sample of size 
n, the n raw scores ,  are converted to ranks , , and  is computed from: 
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 = , = ( , )  (3.2) 
 ( , ) is the covariance of the rank variables.  and  are the standard deviations of the 
rank variables. 
 
The feature selection of this paper is based on the above two correlation coefficients. But because of the 
specific characteristics of each model, we cannot use the same number of characteristics to train different 
models. For example, if the feature dimension of KNN algorithm is too high, it may make the algorithm 
more difficult to calculate. Random Forest does not need to spend much time on feature selection. It can 
handle very high dimensional data (many features), does not require feature selection, and is not prone 
to over-fitting. 
 
3.1.4 K-Fold Cross Validation  
 
Cross Validation is a statistical analysis method used to verify the performance of a learner. The basic 
idea is to group the raw data (dataset) in a certain sense, part of it as a training set, and another part. As 
a validation set, the classifier is first trained with the training set, and the trained model is used to test 
the model obtained as a performance indicator for evaluating the learner.[46] Common cross-validation 
methods include Hold-out Method, K-fold cross validation (K-CV) and leave-one-out cross validation 
(LOO-CV). 
 

 
Figure 3-2 K-Fold Cross Validation 

 
As shown in Figure 3-2 above, we set the k value to 5, we randomly divide the data set into 5 equals 
(D1, D2, D3, D4, D5). We test the data five times instead of once. We select one each time as a test set 
and the rest as a training set. I randomly divide the training set in each fold into a training subset and a 
verification subset (30%) to select the optimal algorithm parameters. Finally, the average value is taken 
as the test result of this data set. Cross-validation avoids over-fitting on the training set in pursuit of high 
accuracy, resulting in high prediction accuracy of the model on data outside the sample. Common values 
for K values are 5, 10, etc. In this experiment, we take the value of K as 20. In this experiment, cross-
validation was mainly used to assist in the adjustment of model parameters and the evaluation of the 
final model results. 

 

3.2 Performance Metrics 
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The main purpose of this paper is to compare the performance of machine learning methods and 
traditional industrial methods in empty containers forecasting. So, the Performance metrics used by this 
experiment must be the same as traditional methods. This makes it easier to compare the performance 
of the two methods. Solmaz et al. summarized[10]  the process of industrial forecasting container 
capacity and pointed out the mainstream performance indicators of the shipping industry, including 
Mean Absolute deviation (MAD), Mean Square Error (MSE), Mean Absolute Percentage Error (MAPE). 
In 2010, Rafael DIAZ et al.[8] used actual data from three ports in the United States to compare Tioga 
Group, United Nations and other methods (methods being used in US ports). Their performance 
indicators include Mean Square Error (MSE), Mean Absolute deviation (MAD), Mean Absolute 
Percentage Error (MAPE), BIAS.  

 

3.2.1 Mean Square Error  
 

Mean Square Error (MSE) is a measure commonly used in regression models. This is also known as 
mean squared deviation (MSD). Mean Square Error is the average squared difference between the 
estimated values and the actual value. The fact that MSE is almost always strictly positive (and not zero) 
is because of randomness or because the estimator does not account for information that could produce 
a more accurate estimate.[47] Similarly, in this experiment, the closer the MSE value is to 0, the higher 
the accuracy of the machine learning model is. The formula is as follows: 

 
 = ∑ ( − )  3.3  

 
 is the number of data,  ( − ) is the difference between the predicted value of the model 

and the actual value. 
 

3.2.2 Root Mean Squared Error 
 

Root Mean Squared Error (RMSE) is the arithmetic square root of Mean Square Error (MSE). It works 
similarly to MSE.  Its characteristics are similar to those of MSE, but it is more suitable for observation 
and analysis in this experiment. Because the main body of this experiment is the number of containers, 
whose value is very large, and the value of MSE is also very large, which is not easy to observe. This 
point will also be explained in detail in the experimental results section. And as mentioned above, 
selected metrics need to be consistent with existing traditional methods (statistical methods) to facilitate 
comparison and analysis. RMSE is a very common metric in traditional container forecasting. The 
formula is as follows: 

 

 RMSE = ∑ ( − )  3.4  
 

 is the number of data,  ( − ) is the difference between the predicted value of the model 
and the actual value .  
3.2.3 Mean Absolute Error  

 
Mean Absolute Error (MAE) or Mean Absolute Difference (MAD) is a widely used metric in traditional 
container forecasting. MAE is a measure of difference between two continuous variables, the predicted 
value and actual value. Cort J. Willmott et al. indicate that MAE is a more natural measure of average 
error, and (unlike RMSE) is unambiguous.[48] And it is easier to understand than RMSE. Its value is 
always non-negative, and the closer the value is to 0, the more accurate the model is. The formula is as 
follows: 
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 MAE = ∑ | − | 1.5  
 

 is the number of data, | − |is the absolute difference between the predicted value of the 
model and the actual value. 

 

3.3 Model Selection 
 
In this experiment, I preliminarily selected some algorithms including LASSO, Ridge, SVR, SVR 
linear, K Neighbors, Decision Tree, Random Forest, AdaBoost, Gradient Boosting, Bagging, Extra 
Tree. These algorithms are suitable for time prediction regression problem in structure. Meanwhile, I 
refer to some existing literatures and add SVM and other methods that often appear in port throughput 
prediction. In the meantime, I followed some advice from my mentor Lawrence. After feature 
engineering, I will use default parameters and cross-validation to select the better performing algorithm 
from these algorithms.  
 

3.4 Experimental procedure 
 
1. Transform time series data and select features for each machine learning method. 
 
2. Conduct preliminary tests and select models with better performance. 
 
3. Train the model and adjust the parameters for the selected machine learning method. 
 
4. Test each model's performance.  
 

3.5 Paired t-tests (statistical hypothesis test) 
 
Paired t-tests is a statistical hypothesis test. It is used to test if there is a significant difference in the 
performance of the two learners. First of all, we establish a null hypothesis: there is no significant 
difference in the performance of the two learners. 
 
For the two learners A and B, we use the K-fold cross-validation method to obtain the performance data 
of the two learners as , , ,…,  and , , ,…, .  represents the result of learner A on 
the i-th test set/training set.  represents the result of learner B on the same i-th test set/training set. If 
the two learners perform the same, then each set of   and  should be exactly equal. 
 
First, we obtained two sets of results for the two learners by K-fold cross-validation. 
 
Second step, we first calculate the difference between each pair of results, denoted as Δ . Δ = − . 
So, we can obtain Δ , Δ , … . , Δ . 
 
Then we can calculate the mean μ and the variance of the difference. α is the confidence interval, and 
if  is less than the threshold , , our hypothesis cannot be rejected. There is no significant 

difference in the performance of the two learners. 
  = √  (3.6) 
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If  is large than the threshold , , the null hypothesis can be rejected. There is a significant 

difference in the performance of the two learners. And the learner with smaller average errors performs 
better. ,  T represents the critical value of the t-distribution with a degree of freedom of K-1 and the 

cumulative distribution of the tail is α/2. 
 
When the α is 0.10 and the K is 20, the threshold ,  is 1.729. 
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4 RESULTS 
The fourth chapter is the result. I showed the results of the experimental methods described in Chapter 
3. 

4.1 Data  
 
After preliminary examination, I selected the port data from 1995 to 2018 as the experimental data, 
because the data during this period are relatively complete. And, as mentioned in the background, it was 
during this period that the US trade deficit gradually increased. So, I got 288 lines of raw time series 
data for each port including time and volumes.  
 

4.1.1 Data Overview 
 
First, the data format is converted to obtain .csv format data, which is easy to manipulate data in 
experiments. Then I took a holistic view of the data. Below is a box plot of the two sets of data and a 
line graph that changes over time. From this we can observe the overall situation of the empty container 
data, the trend of change, etc. 

 
Figure 4-1 Box-plot of Los Angeles Empty  Figure 4-2 Box-plot of Long Beach Empty 

 
Figure 4-1 is a box chart of monthly empty container data at the port of Los Angeles measured in 
Twenty-Foot Equivalent Units (TEUs)The median (middle quartile) of box plot is 148793.225. The 
lower quartile of box plot is 102516.5. The upper quartile of box plot is 189996.4. The mean of box plot 
is 142024.934201. The maximum of box plot is 274342. The minimum of box plot is 19700.15. 
 
We can observe an outlier in the data from Los Angeles. After checking, we find that the original data 
of March 1998 has errors. The reason is that there are punctuation errors in the data published on the 
website. I modified it manually and set it to 47793.2, which is more suitable. 
 
Figure 4-2 is a box chart of monthly empty container data at the port of Long Beach. The median (middle 
quartile) of box plot is 119652.5. The lower quartile of box plot is 90707.75. The upper quartile of box 
plot is 160447.5. The mean of box plot is 124081.427083. The maximum of box plot is 255220. The 
minimum of box plot is 23322. 
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Figure 4-3 Empty Container Volumes(per month) of Los Angeles  

 
Figure 4-4 Empty Container Volumes(per month) of Long Beach 

 
Figure 4-3 and Figure 4-4 are line charts of the number of empty containers per month since los Angeles 
and Long Beach ports since 1995. We can see an obvious trend of increasing over time. As mentioned 
above, trade imbalances have intensified and the number of empty containers that need to be relocated 
has gradually increased. The trough in the middle of the line chart was affected by the global economic 
crisis. 
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Figure 4-5 Empty Container(per month)  Autocorrelation of Los Angeles 

 
Figure 4-5 shows the autocorrelation plot of the los Angeles empty container data after the one-level 
difference. The autocorrelation coefficients range from -1 to 1. 1 indicates a perfect positive correlation, 
and -1 indicates a perfect negative correlation. The correlation between empty container data and its 
lagging data can be seen from the figure. Moreover, there is a relatively high value every 12 months, 
which corresponds to the one-year cycle of container transportation. The situation in Long Beach is also 
the same as in this figure. 
 

4.2 Feature and Model Selection and Adjust parameters 
 
By referring to Pearson correlation coefficient and spearman correlation coefficient at the same time, all 
the suitable features were ranked. A Heat Map of each feature correlation coefficient can be seen in the 
appendix. After features engineering, I got 276 lines of machine learning data for each port. Because I 
use the sliding window method to transform time series data to machine learning data. My window size 
is 12. So, there is no lag data and rolling window statistics data for the first 12 months. 
 
After the feature selection, I started the model selection. I have chosen some common regression models 
as follows, which are more common in actual prediction problems. At the same time, I also introduced 
the SVM model that is more common in throughput prediction. 
 
Next, I used the default parameters and K-fold cross-validation to test all the models and selected the 
following models including Lasso, Ridge, K Neighbors, Random Forest, Gradient Boosting. Test 
results can be viewed in the appendix. I did not choose AdaBoost and Bagging, which have the same 
excellent initial performance. As mentioned in the introduction of machine learning, Random Forest is 
an upgrading algorithm of Bagging, and RF should be better than Bagging in principle. Preliminary test 
results confirm this. And Gradient Boosting algorithm is an upgrading algorithm of AdaBoost algorithm. 
 
After selecting the models, I made further adjustments to the parameter data to achieve the best 
performance in every fold of K-fold cross validation.  
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4.3 Long Beach Results 
 
In this section, I will present the test results of each model in the Long Beach data set through 
a box plot. As mentioned above, the presentation contents are the results of various models 
obtained by k-fold cross-validation, including MSE, MAE. In addition, for ease of observation, 
I will also provide an average RMSE. 
 
 
 
LASSO Regression 

 
Figure 4-6 LASSO MSE of Long Beach  Figure 4-7 LASSO MAE of Long Beach 

 
Figure 4-6 is a box plot of the MSE results of the LASSO regressor verified by 20-fold cross validation 
test on the Long Beach dataset. The median (middle quartile) of MSE box plot is 2.297979e+08. The 
lower quartile of MSE box plot is 1.011932e+08. The upper quartile of MSE box plot is 3.274807e+08.  
 
The mean of MSE is 2.797583e+08. The maximum MSE is 9.503673e+08. The minimum MSE is 
3.919569e+07. 
 
Figure 4-7 is a box plot of the MAE results of the LASSO regressor verified by 20-fold cross validation 
test on the Long Beach dataset. The median (middle quartile) of MAE box plot is 12787.516095. The 
lower quartile of MAE box plot is 8775.686547. The upper quartile of MAE box plot is 15133.750873.  
 
The mean of MAE is 12689.467116. The maximum MAE is 22797.681380. The minimum MAE is 
4740.439219. 
 
 
 
RIDGE Regression  
 
Figure 4-8 is a box plot of the MSE results of the Ridge regressor verified by 20-fold cross validation 
test on the Long Beach dataset. The median (middle quartile) of MSE box plot is 2.280648e+08. The 
lower quartile of MSE box plot is 1.023588e+08. The upper quartile of MSE box plot is 
3.177199e+08.  
 
The mean of MSE is 2.782247e+08. The maximum MSE is 9.357112e+08. The minimum MSE 
is 3.924003e+07. 
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Figure 4-8 Ridge MSE of Long Beach Figure 4-9 Ridge MAE of Long Beach 

 
Figure 4-9 is a box plot of the MAE results of the Ridge regressor verified by 20-fold cross 
validation test on the Long Beach dataset. The median (middle quartile) of MAE box plot is 
12716.615505. The lower quartile of MAE box plot is 8891.800871. The upper quartile of MAE 
box plot is 15226.023375.  
 
The mean of MAE is 12671.508756. The maximum MAE is 22727.046430. The minimum 
MAE is 4774.108452. 
 
 
K-Nearest Neighbors Regression 

 
Figure 4-10 KNN MSE of Long Beach Figure 4-11 KNN MAE of Long Beach 

 
Figure 4-10 is a box plot of the MSE results of the KNN regressor verified by 20-fold cross validation 
test on the Long Beach dataset. The median (middle quartile) of MSE box plot is 3.018214e+08. The 
lower quartile of MSE box plot is 1.648685e+08. The upper quartile of MSE box plot is 
4.712400e+08.  
 
The mean of MSE is 4.054382e+08. The maximum MSE is 1.247288e+09. The minimum MSE is 
8.007983e+07. 
 
Figure 4-11 is a box plot of the MAE results of the KNN regressor verified by 20-fold cross validation 
test on the Long Beach dataset. The median (middle quartile) of MAE box plot is 13935.815475. The 
lower quartile of MAE box plot is 10864.562500. The upper quartile of MAE box plot is 
19198.328070.  
 



 

31 

The mean of MAE is 15436.048993. The maximum MAE is 27336.809520. The minimum MAE is 
7503.202381. 
 
 
Random Forest  

 
Figure 4-12 RF MSE of Long Beach Figure 4-13 RF MAE of Long Beach 

 
Figure 4-12 is a box plot of the MSE results of the RF regressor verified by 20-fold cross validation test 
on the Long Beach dataset. The median (middle quartile) of MSE box plot is 2.382074e+08. The lower 
quartile of MSE box plot is 1.450558e+08. The upper quartile of MSE box plot is 4.050636e+08.  
 
The mean of MSE is 3.254884e+08. The maximum MSE is 1.167324e+09. The minimum MSE is 
4.668746e+07. 
 
Figure 4-13 is a box plot of the MAE results of the RF regressor verified by 20-fold cross validation test 
on the Long Beach dataset. The median (middle quartile) of MAE box plot is 12676.832415. The lower 
quartile of MAE box plot is 10299.022994. The upper quartile of MAE box plot is 18049.034202.  
 
The mean of MAE is 13928.402599. The maximum MAE is 27842.187170. The minimum MAE is 
6072.265091. 
 
Gradient Boosting 

 
Figure 4-14 GDBT MSE of Long Beach Figure 4-15 GDBT MAE of Long Beach 

 
Figure 4-14 is a box plot of the MSE results of the GDBT regressor verified by 20-fold cross validation 
test on the Long Beach dataset. The median (middle quartile) of MSE box plot is 2.598537e+08. The 
lower quartile of MSE box plot is 1.729779e+08. The upper quartile of MSE box plot is 
4.405744e+08.  
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The mean of MSE is 3.718954e+08. The maximum MSE is 1.232513e+09. The minimum MSE is 
8.615230e+07. 
 
Figure 4-15 is a box plot of the MAE results of the GDBT regressor verified by 20-fold cross validation 
test on the Long Beach dataset. The median (middle quartile) of MAE box plot is 13552.702615. The 
lower quartile of MAE box plot is 9870.118739. The upper quartile of MAE box plot is 17154.609733.  
 
The mean of MAE is 14799.035760. The maximum MAE is 28697.184620. The minimum 
MAE is 7613.961578. 
 

 

4.4 Los Angeles Results 
 
 
LASSO Regression 
Figure 4-16 is a box plot of the MSE results of the LASSO regressor verified by 20-fold cross validation 
test on the Los Angeles dataset. The median (middle quartile) of MSE box plot is 3.627336e+08. The 
lower quartile of MSE box plot is 1.549499e+08. The upper quartile of MSE box plot is 5.335155e+08.  
 
The mean of MSE is 3.601716e+08. The maximum MSE is 9.079019e+08. The minimum MSE is 
3.392890e+07. 
 

 
 

Figure 4-16 LASSO MSE of Los Angeles Figure 4-17 LASSO MAE of Los Angeles 
 
Figure 4-17 is a box plot of the MAE results of the LASSO regressor verified by 20-fold validation test 
on the Los Angeles dataset. The median (middle quartile) of MAE box plot is 15315.348990. The lower 
quartile of MAE box plot is 9516.478085. The upper quartile of MAE box plot is 18339.197620.  
 
The mean of MAE is 13960.580258. The maximum MAE is 24614.217170. The minimum MAE is 
4833.308618. 
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RIDGE Regression 

 
Figure 4-18 Ridge MSE of Los Angeles Figure 4-19 Ridge MAE of Los Angeles 

 
Figure 4-18 is a box plot of the MSE results of the Ridge regressor verified by 20-fold cross validation 
test on the Los Angeles dataset. The median (middle quartile) of MSE box plot is 3.597525e+08. The 
lower quartile of MSE box plot is 1.558922e+08. The upper quartile of MSE box plot is 5.336675e+08.  
 
The mean of MSE is 3.639524e+08. The maximum MSE is 8.996798e+08. The minimum MSE is 
3.360824e+07. 
 
Figure 4-19 is a box plot of the MAE results of the Ridge regressor verified by 20-fold cross validation 
test on the Los Angeles dataset. The median (middle quartile) of MAE box plot is 15174.228775. The 
lower quartile of MAE box plot is 9567.781402. The upper quartile of MAE box plot is 18410.040682.  
 
The mean of MAE is 14025.110716. The maximum MAE is 24683.838450. The minimum MAE is 
4842.533845. 
 
 
K-Nearest Neighbors Regression 

 
Figure 4-20 KNN MSE of Los Angeles  Figure 4-21 KNN MAE of Los Angeles 

 
Figure 4-20 is a box plot of the MSE results of the KNN regressor verified by 20-fold cross validation 
test on the Los Angeles dataset. The median (middle quartile) of MSE box plot is 4.065936e+08. The 
lower quartile of MSE box plot is 2.073957e+08. The upper quartile of MSE box plot is 5.999896e+08.  
 
The mean of MSE is 4.024333e+08. The maximum MSE is 7.313863e+08. The minimum MSE is 
2.628876e+07. 
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Figure 4-21 is a box plot of the MAE results of the KNN regressor verified by 20-fold cross validation 
test on the Los Angeles dataset. The median (middle quartile) of MAE box plot is 14181.422940. The 
lower quartile of MAE box plot is 12110.406848. The upper quartile of MAE box plot is 20621.279238.  
 
The mean of MAE is 15240.980732. The maximum MAE is 22313.204170. The minimum MAE is 
4301.958333. 
 
 
Random Forest  
Figure 4-22 is a box plot of the MSE results of the RF regressor verified by 20-fold cross validation test 
on the Los Angeles dataset. The median (middle quartile) of MSE box plot is 3.454794e+08. The lower 
quartile of MSE box plot is 2.090462e+08. The upper quartile of MSE box plot is 5.353510e+08.  
 
The mean of MSE is 4.075933e+08. The maximum MSE is 1.392169e+09. The minimum MSE is 
3.160224e+07. 
 
Figure 4-23 is a box plot of the MAE results of the RF regressor verified by 20-fold cross validation test 
on the Los Angeles dataset. The median (middle quartile) of MAE box plot is 15233.296575. The lower 
quartile of MAE box plot is 11500.557840. The upper quartile of MAE box plot is 18751.376835.  
 
The mean of MAE is 14997.510923. The maximum MAE is 32012.256600. The minimum MAE is 
4872.816843. 
 

 
Figure 4-22 RF  MSE of Los Angeles  Figure 4-23 RF MAE of Los Angeles 

 
 
 
Gradient Boosting  
 
Figure 4-24 is a box plot of the MSE results of the GDBT regressor verified by 20-fold cross validation 
test on the Los Angeles dataset. The median (middle quartile) of MSE box plot is 3.498213e+08. The 
lower quartile of MSE box plot is 1.562954e+08. The upper quartile of MSE box plot is 5.681109e+08.  
 
The mean of MSE is 3.909824e+08. The maximum MSE is 1.129099e+09. The minimum MSE is 
8.234161e+07. 
 
Figure 4-25 is a box plot of the MAE results of the GDBT regressor verified by 20-fold cross validation 
test on the Los Angeles dataset. The median (middle quartile) of MAE box plot is 13586.717615. The 
lower quartile of MAE box plot is 9709.132635. The upper quartile of MAE box plot is 19264.042347.  
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Figure 4-24 GDBT MSE of Los Angeles Figure 4-25 GDBT MAE of Los Angeles 

 
The mean of MAE is 14561.573611. The maximum MAE is 30159.992240. The minimum MAE is 
6882.821086. 
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5 ANALYSIS AND DISCUSSION 
 

The fifth chapter is the analysis and discussion. I compared the results of each machine learning through 
common test methods. I got the best method for predicting the empty container volumes in the selected 
machine learning algorithm. Finally, I compared the machine learning algorithm with the industrial 
method (statistical method) and analyze the reason as much as possible. 
 
In machine learning method, I use the sliding window method to transform time series problems into 
classical supervised learning problems. Then I can disrupt the order of the data and use K-fold cross-
validation to test the average performance of machine learning. But for industrial methods, Winters 
method is actually a time series method (exponential smoothing method). Winters method uses 
exponentially weighted moving averages to replicate a time series that has trend and seasonality effects. 
Factors such as trends are related to the order of time series data, so I can't perform tests in the same 
way as machine learning methods and paired-t-tests. And the performance data for the data set industry 
approach is derived from other literature. To increase comparability, I used the same data time period 
(1995-2009) as the industrial method to test the performance of machine learning methods and compare 
the test results with industrial methods. 
 

5.1 Result Analysis 
 

5.1.1 Machine Learning Methods on Long Beach 
 
Table 5-1 shows the final test results for machine learning methods on the Long Beach dataset. The table 
contains the MSE and MAE values for each machine learning model. For ease of observation, the RMSE 
value is also given.  
 
. 

Table 5-1 Result of Long Beach for machine learning method 
 
 
Figure 5-1 is a bar graph of MSE performance results for machine learning methods at Long Beach port. 
Figure 5-2 is a bar graph of MAE performance results for machine learning methods at Long Beach port. 
As shown, the Ridge and LASSO regressions have the lowest MSE and MAE. We tentatively concluded 
that LASSO and Ridge are the most suitable machine learning methods on the Long Beach dataset to 
predict empty containers. But we also need to use statistical methods to test further. 
 

Model RMSE/MSE 
Mean of K-fold cross validation 

MAE 
Mean of K-fold cross 
validation 

Lasso  16725.977 / 279758312.479 12689.467 
Ridge 16680.070 / 278224731.853 12671.509 
K-Neighbors 20135.497 / 405438233.454 15436.049 
Random Forest  18041.296 / 325488374.444 13928.403 
Gradient Boosting  19284.589 / 371895366.906 14799.036 
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Figure 5-1 MSE of machine learning methods on Long Beach 

 

 
Figure 5-2 MAE of machine learning methods on Long Beach 

 

5.1.2 Paired t-tests on Long Beach 
 
As mentioned in the method, I did a paired t-tests on the results of the following learners.Comparing the 
MSE between LASSO learner and Ridge learner,  is 0.9169.  is smaller than 1.729, so there is no 
significant difference. Comparing the MSE between LASSO learner and KNN learner,  is 3.2908.  
is larger than 1.729, so there is a significant difference, and LASSO learner is better than KNN learner. 
Comparing the MSE between LASSO learner and GDBT learner,  is 2.8954.  is larger than 1.729, 
so there is a significant difference, and LASSO learner is better than GDBT learner. Comparing the 
MSE between LASSO learner and RF learner,  is 2.0604.  is larger than 1.729, so there is a 
significant difference, and LASSO learner is better than RF learner. 
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So, LASSO and Ridge learner performance is not significantly different, and their performance is better 
than other learners in Long Beach dataset. 
 

5.1.3 Compare with industrial method on Long Beach 
 
To increase comparability, I used the same data time period (1995-2009) as the industrial method to test 
the performance of machine learning methods and compare the test results with industrial methods. 
Figure 5-3 is from the paper written by Diza et al.[8] Tioga Group, United Nations and Winters are three 
industrial methods for forecasting empty containers volumes. Figure 5-3 shows the performance test 
results of the three industrial methods for Long Beach port data. Table 5-2 is the result of LASSO and 
Ridge method of Long Beach. 
 
Figure 5-4 is a bar graph of MSE performance results for all methods at Long Beach Port. Figure 5-5 is 
a bar graph of MAE performance results for all methods at Long Beach Port. As the image shows, the 
winters method has the best performance on the Long Beach port dataset. 
 

Model RMSE/MSE 
Mean of K-fold cross validation 

MAE 
Mean of K-fold cross validation 

LASSO 13342.131/178012446.281 10386.065 
Ridge 13369.082/178732348.568 10363.299 

Table 5-2 Result of Long Beach (the same data as the industrial method)  
 
 

 
Figure 5-3 MSE and MAE(MAD) for industrial method for Long Beach 

 
 

 
Figure 5-4 MSE of ML methods and Industrial methods on Long Beach 
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Figure 5-5 MAE of ML methods and Industrial methods on Long Beach 

 
 

 
 
 
 
 
 

5.1.4 Machine Learning Methods on Los Angeles 
 
Table 5-3 shows the final test results for machine learning methods on the Los Angeles dataset. The 
table contains the MSE and MAE values for each machine learning model. For ease of observation, the 
RMSE value is also given.  

Table 5-3 Result of Los Angeles 
 
Figure 5-6 is a bar graph of MSE performance results for machine learning methods at Los Angeles port. 
Figure 5-7 is a bar graph of MAE performance results for machine learning methods at Los Angeles 
port. As shown, the Ridge and LASSO regressions have the lowest MSE and MAE. We tentatively 
concluded that LASSO and Ridge are the most suitable machine learning methods on the Los Angeles 
dataset to predict empty containers. But we also need to use statistical methods to test further. 
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Model RMSE/MSE 
Mean of N-fold cross 
validation 

MAE 
Mean of N-fold cross 
validation 

Lasso  18978.187 / 360171600.575 13960.580 
Ridge 19077.537/ 363952408.378 14025.111 
KNeighbors  20060.741/ 402433333.839 15240.981 
Random Forest  20188.940/407593291.959 14997.511 
Gradient Boosting  19773.275/390982386.909 14561.574 
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Figure 5-6 MSE of machine learning methods on Los Angeles 

 

 
Figure 5-7 MAE of machine learning methods on Los Angeles 

 

5.1.5 Paired t-tests on Los Angeles 
 
I did a pairwise comparison of five algorithms. Comparing the MSE between LASSO learner and Ridge 
learner,  is 1.347.  is smaller than 1.729, so there is no significant difference. Comparing the MSE 
between LASSO learner and KNN learner,  is 1.315.  is smaller than 1.729, so there is no significant 
difference. Comparing the MSE between LASSO learner and GDBT learner,  is 1.337.  is smaller 
than 1.729, so there is no significant difference. Comparing the MSE between LASSO learner and RF 
learner,  is 1.485.  is smaller than 1,729, so there is no significant difference. Comparing the MSE 
between KNN learner and GDBT learner,  is 0.2869  is smaller than 1,729, so there is no significant 
difference. 
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From the above results, we can find that the performance difference of all algorithms on the Los data 
set is not large. LASSO and Ridge have a slight lead on average MSE and MAE. 
 
 

5.1.6 Compare with industrial method on Los Angeles 
 
To increase comparability, I used the same data time period (1995-2009) as the industrial method to test 
the performance of machine learning methods and compare the test results with industrial methods. 
Figure 5-8 is from the paper written by Diza et al.[8] Tioga Group, United Nations and Winters are three 
industrial methods for forecasting empty containers volumes. Figure 5-8 shows the performance test 
results of the three industrial methods for Los Angeles port data. Table 5-4 is the result of LASSO and 
Ridge method of Los Angeles. 
 
 
 

Model RMSE/MSE 
Mean of K-fold cross validation 

MAE 
Mean of K-fold cross validation 

LASSO 15353.885/235741779.810 11543.380 
Ridge 15367.913/236172757.068 11596.022 

Table 5-4 Result of Los Angeles (the same data as the industrial method)  
 

 
Figure 5-8 MSE and MAE(MAD) for industrial method for Los Angeles 

 

 
Figure 5-9 MSE of ML methods and Industrial methods on Los Angeles 
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Figure 5-10 MAE of ML methods and Industrial methods on Los Angeles 

 
Figure 5-9 is a bar graph of MSE performance results for all methods at Los Angeles Port. Figure 5-10 
is a bar graph of MAE performance results for all methods at Los Angeles Port. As the image shows, 
the winters method has the best performance on the Los Angeles port dataset. 
 

5.2 Answer 
Compared the test results of the two ports, we can find that the port data can also impact the performance 
of the prediction method. At Long Beach, various forecasting methods have shown higher performance. 
 
RQ1. Which Machine learning algorithm is the most suitable for predicting empty containers volumes 
and why?  
 
 
In the case of using the sliding window method to convert data, and selecting data such as lag as a feature, 
LASSO Regression and Ridge Regression are the best algorithms for predicting the volume of empty 
containers. They have good performance with MSE and MAE. Their average RMSE performance is 
12.6% better than other algorithms in the Long Beach dataset. Their average RMSE performance is 5% 
better than other algorithms in the Los Angeles dataset. Ridge Regression and Lasso Regression add a 
regular term to the ordinary least squares linear regression to penalize the parameters. This allows some 
less relevant parameters to reduce the impact on the results. 
 
RQ2. How to the results of the best suitable Machine learning method compare with existing methods, 
why? 
 
LASSO and Ridge have stronger performance than industrial methods such as Tioga Group and United 
Nations. However, when compared with the statistical method Winters for time series problems, there 
is still a gap between the single machine learning algorithm and the Winters method in this experiment. 
Winter is a mature time series model that includes long-term trends, seasonal changes and other factors. 
Time series is mostly about more macro issues like stocks and weather and economic indicators and 
things like that that need to be well explained by models and that's not the strength of machine learning. 
And this may be related to the feature engineering method in this experiment. I should consider more 
relevant factors to improve the performance of machine learning.  
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5.3 Contributions 
 
The main goal of this study is to study machine learning methods to predict empty container capacity. 
Accurate prediction of empty container capacity can be an important reference for the port empty 
container reposition plan.  
 
Experimental results for industrial applications of machine learning in empty container forecasting. This 
paper selects a machine learning model with better performance in the prediction of empty containers. 
The performance of a single machine learning model is poor compared to the statistical time series 
method. We should try to use a combined model or introduce more relevant data if we want to use 
machine learning methods in empty container forecasting. 

5.4 Threat analysis 
 
In this thesis, I used the appropriate metrics. These metrics are widely accepted and consistent with the 
metrics of traditional forecasting methods. I used data comparison and paired t-tests to ensure that the 
conclusion validity. 
 
I used a 20-fold cross validation test to reduce the contingency of the experiment and improve 
generalization. This reduces the threat of internal validity. 
 
The main threat in this experiment came from external validity. It can be seen from the experimental 
results that the data sets of different ports will affect the performance of the machine learning algorithm. 
Although I used two of the largest empty container transshipment ports as data sets. I can only get public 
data and don't get detailed data inside the port. Moreover, there are certain limitations compared to the 
number of ports around the world. 

5.5 Limitation 
 
Comparing the results obtained by the two databases used in this experiment, the prediction effect of the 
same algorithm in different ports is not the same. The results of this experiment may not be applied to 
all ports. If possible, we should use more port datasets. 
 
This study only considers a relatively common single machine learning algorithm, and does not include 
neural networks, combined models, etc. In terms of data sources, this study only collected data published 
in the network due to the lack of technical support from the port. 
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6 CONCLUSION AND FUTURE WORK 
 

On the Long Beach dataset, the performance of LASSO and Ridge is significantly different from other 
algorithms. They have better performance on MSE and MAE. Their average RMSE performance is 12.6% 
better than other algorithms in the Long Beach dataset. But on the Los Angeles dataset, the performance 
of LASSO and Ridge are only slightly ahead of other algorithms. LASSO Regression and Ridge 
Regression are the most suitable algorithms for predicting the volume of empty containers.  
 
In industrial methods, Tioga Group and United Nations are empirical methods, and Winters is a 
statistical time series method. LASSO and Ridge have stronger performance than empirical methods 
such as Tioga Group and United Nations. However, when compared with the statistical method Winters 
for time series problems, there is still a minor gap between the single machine learning algorithm and 
the Winters method in this experiment.  
 
Time series is mostly about more macro issues such as stocks and weather and economic indicators and 
examples like that that need to be well explained by models and that's not the strength of machine 
learning. But if possible, we should introduce more relevant data into our machine learning model.  
 
In the future work, we can try to introduce more relevant data. The advantage of machine learning is the 
learning of data and related features. At the same time, we can try to generate a combination method 
using a variety of machine learning methods. At the same time, we can study what causes the same 
machine ldearning method or statistical method to perform differently in different ports. Whether data 
that changes as a result of the financial crisis affects the performance of machine learning methods. 
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APPENDIX  
 

Pearson Correlation Coefficient Heat map of Los Angeles 

 
 
 
 

Model Selection Test Result 
Model (Los Angeles data) RMSE 

Mean of K-fold cross 
validation 

(long beach) RMSE 
Mean of K-fold cross 
validation 

Lasso  18739.977 16206.112 
Ridge  18745.633 16729.442 
SVR 58344.45 47498.347 
SVR linear 29928.460 28559.283 
K Neighbors 20084.595 21783.572 
Decision Tree 26088.715 27641.757 
Random Forest 20402.578 17625.688 
AdaBoost 22981.694 19849.634 
Gradient Boosting  21154.605 16946.447 
Bagging  22148.061 17859.532 
ExtraTree 27944.060 21566.386 
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Partial Models parameter Los Angeles  
Lasso (F1-10) Alpha = 53.414 

max_iter = 1000000 
(random_state=4) 

Ridge (F1-10) Alpha = 0.6 
(random_state=4) 

KNN (F1-7) N_neighbors = 6 
Random Forest (F ALL) n_estimators=30,  

max_depth=10,  
min_samples_split=4 
(random_state=4) 

Gradient Boosting(F ALL) n_estimators=60,  
max_depth=3,  
min_samples_split=2 
(random_state=4) 

  
 

Partial Models parameter Long Beach  
Lasso  Alpha = 205.13 
Ridge Alpha = 1.0 
KNN N_neighbors = 6 
Random Forest n_estimators=30,  

max_depth=10,  
min_samples_split=7 
(random_state=4) 

Gradient Boosting n_estimators=60,  
max_depth=3,  
min_samples_split=3 
(random_state=4) 
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