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Abstract

The container terminal in the Port of Gothenburg, Skandia Container Terminal,
is operated APM Terminals that is part of the Danish consortium A.P. Mogller -
Mzeersk A/S. In the terminals hinterland operations, containers arrives and departs
from the terminal by either rail-road or truck. For the rail-road, there is a sufficient
system for controlling the volumes containers arriving to and departing from the
terminal. No such system is in place when i comes to the truck traffic. Many con-
tainer terminals in Sweden provide hauliers with slot times for when they can visit
the terminal. However, APM Terminals, do not use such slot times. Instead, the
haulers issue a visit code that gives them access to enter the terminal anytime during
the upcoming two week. Since the visit codes are valid for such a long time, there
is no sufficient indication of future volumes. To provide planners and management
with predictions of future volumes, a forecast system needs to be developed. To
forecast future demand in predictable environments are relatively easy and can be
done by using simple models. For more volatile environments where the fluctuation

of demand can seem irregular, the development of forecast methods are not as simple.

The aim of this study was to develop a forecast model that could predict the daily
volumes of trucks arriving at the Skandia Container Terminal. To produce the most
accurate and usable forecast system the performance of different models were com-
pared. The best performing time series model was determined by using the measures
of RMSE, MAPE, MaxAE and MaxAPE. Parallel to the time series models, two
causal models were developed, one simple linear regression model and one multiple

linear regression model.

The findings suggest that the time series model based on ARIMA yields a forecast
with the highest predictive ability. Furthermore, it was seen that the operations of
container freight has potential for digitization and more advanced method of fore-
casting. This study shows how more data and more advanced model could be used

to potentially make models with higher predictive ability.



Keywords: Forecasting, Time series forecasting, Machine Learning, LSTM, Con-
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1

Introduction

This chapter will present the essential background of the company and the problem
statement. It will also include the following sections limitations, aim, delimitations

and specification of the issue investigation.

1.1 Background

The port of Gothenburg is owned by the municipal company Géteborgs Hamn AB
and is by far the largest container terminal in Sweden Goteborgshamn (2021). As
owners, Goteborgs Hamn AB is responsible for the maintenance and the marketing,
but also developing the port. Their mission is to strengthen businesses both locally
and nationally. However, th the port is divided into three parts that are operated by
three separate privately owned companies. Skandia Container Terminal, the con-
tainer terminal in the Port of Gothenburg is operated by APM Terminals (APMT).
APMT is part of the Danish consortium A.P. Mgller - Maersk A/S. They operate

terminals all over the world and have since 2011 operated in the Port of Gothenburg.

APMT that operates the terminal is responsible for load and discharging the vessels
that are arriving at the port. Export goods are being loaded and import goods are
being discharged. They are therefore accountable for, and in charge of, the cranes,
carriers and other machines in the terminal. To load and discharge a container
ship, container cranes are used. The cranes are able to lift one container at a time.
When discharging a container ship, the crane grabs or locks, the container with an

equipped spreader in one locking point in each corner of the container called the
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corner castings. The container is then lifted onto the quay where a straddle carrier
picks it up with its equipped spreaders just like the crane. The carrier then moves
the container to a predetermined spot in the container yard where the container will
stay until pickup by truck, train, or if the container for some reason needs to be

moved.

1.1.1 The goods

A container used for shipping is called an intermodal container and can, as the name
indicates, be used for multiple forms of transportation such as semi-trailer trucks,
railroad transport, aircraft, or container ships. The intermodal container enables
containerization, a system where containers can be stacked on top of each other
and handled and transported efficiently due to the standardized dimension. There
are different standard dimensions, but the two most common lengths of containers
are 20 and 40 feet. A great advantage is that cargo can be loaded and discharged
without the need for any additional handling of the cargo when changing the form of
transportation. This increases the security for both humans and the cargo, and the
reduced handling time allows the transportation process to be smoother and faster.

In this report, intermodal containers will be referred to as containers only.

The content of the containers in the terminal is not specified. The only tag used for
specifying the content is if it contains any dangerous goods or hazardous material.
This type of goods can for example be chemical substances or compressed gases and

liquids.

1.1.2 Planning and Forecasting at APM Terminals

At APMT, long term forecasts are produced by the finance department and the
marketing department. These forecasts are considering the yearly volume and are
mostly used for budgeting and the planning of purchases. Due to the low resolution
of these forecasts, the daily operations can not make use of these forecasts. To plan

the daily operations there are three different type of planners, yard planner, rail
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planner and vessel planner.

1.1.2.1 Yard Planner

The yard planner is responsible for planning the operations in the container yard.
The operations involve moving, loading, and discharging containers with straddle
carriers and cranes from both trucks and vessels. The yard planner is also responsible
for allocating resources and making sure that the real capacity can meet the demand.
The planning horizon for the yard planner is one week, and therefore a short term
forecast is needed. A qualitative forecast of the capacity demand for the upcoming

week is developed by the yard planner and is used as the basis for resource allocation.

1.1.2.2 Rail Planner

As the name indicates, the rail planner is responsible for planning the freight trans-
ported by railroad. Unlike trucks, the railroad traffic is having slot times, and the
rail planner therefore needs to have frequent communication with different railroad

companies to coordinate the operations.

Rail operations have to deal with serving customers within certain time frames.
The rail operations have a demand forecast which is based upon customer orders
and slot times for the arriving trains. This enables the planning process to be more
optimized as sudden increases or decreases are limited. While trains can be late
there is often room for re-planning which enables customers to still get a satisfac-

tory service level.

1.1.2.3 Vessel Planner

The vessel planner is the one responsible for communicating with the vessels and
creating a stowage plan over how each container is going to be positioned at the
vessel. The stowage plan will be sent to the captain of the vessel who is either going
to accept or reject the plan. If the stowage plan is rejected the vessel planners need
to adjust it accordingly. When the stowage plan is accepted, the containers in the

yard will need to be placed in a way at the yard that makes the loading of the ship
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to be done as quickly as possible.

1.1.3 Actors in the Shipping Process

The port is only one of the actors active in the process of shipping goods. This
section will clarify the role of the other actors active when exporting or importing
goods. Since this report only covers the transport of containers in and out of the

port by truck, the process of rail transport will be disregarded.

1.1.3.1 Supplier

The supplier can be a manufacturer or other actor that is going to export goods.
Before shipment, the supplier is packing and preparing the container for pickup
by truck. The cargo in a container can be stuffed differently. An efficient stuffed
container can therefore carry more cargo, which leads to lower shipping costs for the

supplier.

1.1.3.2 End Customer

The end customer can be a manufacturer or wholesaler that has imported goods.

1.1.3.3 Haulage Contractor

In general terms, a haulage contractor is a business that transports goods either
by railroad or by truck. However, in this report, the term haulage contractor will
only refer to contractors transporting goods by truck. Trucks that are used for
transporting containers can be of two different types of trucks, with or without
side lifters. Trucks equipped with side lifter are able to load and unload containers
from the ground without the need for any additional equipment. By using a pair of
hydraulic-powered cranes mounted on the chassis, one crane on each end, the truck
can load one 20 feet container, one 40 feet container, or even two 20 feet containers.
The cranes can move along the chassis by hydraulic power to be of suitable length
for the loaded container. Trucks without the side lifter need a reach stacker or a

straddle carrier to load and unload containers.



1. Introduction

1.1.3.4 The Port

In this report, the port refers to the Skandia Container Terminal in the Port of
Gothenburg. The port is a facility that connects the sea with land by handling con-
tainers for import or export and is responsible for loading and discharging container

ships.

1.1.3.5 Shipping Line

The shipping line is a company that is responsible for the transportation by sea. The
transportation is made by container ships that are loaded with containers. Each ship
has its own route, both regarding destinations and time of arrivals. The routes are
generally one week long and the same ship is therefore striving to arrive at the port
on the same day and at the same time every week. However, things can happen

along the route and affect the arrival times.

1.1.3.6 Freight Forwarder

A freight forwarder is a company or person that is responsible for organizing the
logistics of shipments of goods. Multiple actors are involved in the shipping process
and the freight forwarder’s purpose is to act as an expert in this network of actors.
When shipping internationally the freight forwarder is often responsible for preparing
and handling customs documents. In some cases, the freight forwarder represents

the same company as the shipping line, but not necessarily.

1.1.4 The Flow of Freight

In this section, the role of the different actors in the shipping process will the out-

lined, both for export and import.

1.1.4.1 Export

The export process starts with the freight forwarder receiving an order from the
supplier to ship a container abroad. The freight forwarder contacts the shipping line

and orders transport by sea for the container. The shipping line will then inform the
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port about which container is going to be loaded on which ship. Simultaneously, an
order for pickup of the freight at the supplier is sent to the haulage contractor that
will deliver the freight to the port. For the haulier to enter the port, a visit code is
needed. The visit code can be issued two weeks before the arrival of the truck and
does not specify any day or time of the delivery. When the haulier has picked up
the freight and delivered it to the port, straddle carriers place the container at an
appropriate spot in the yard to later load it on a ship. How long a container stays

in the port can vary greatly.

Freight
forwarder
Supplier Haulage Port Shipping
—— contractor line
I N D N “—!'//ﬁ T
oo | 7 @_Q > [ 7 ==

Figure 1.1: An illustration over the flow of freight for the export process

1.1.4.2 Import

The import process is similar to the export process but reverse. The freight forwarder
has arranged so that the freight is shipped by the shipping line and arrives at the
port where the freight is discharged and placed in the container yard. The freight
forwarder then contacts the haulage contractor somewhere in between a week in
advance or even when the container is already at the port and ready for pickup. As
for export, the haulage contractor needs a visit code to enter the port. The haulier’s
time of arrival is first announced when the truck is at the gate of the port. The

container is thereafter loaded onto the truck and transported to the end customer.

6
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Freight
forwarder
Shipping Port Haulage End
line contractor customer

- T
ogx\E — "'—;'/4 —>

—_— i1 ©

Figure 1.2: An illustration over the flow of freight for the import process

1.1.5 Hinterland Operations

Hinterland refers to "the land behind" and is a term for the area behind the coast
such as the roads, railroads, or the yard of the port. Hinterland operations are asso-
ciated with all handling, transportation and storage of goods in this area. APMTs
hinterland operations include transporting containers within the container yard and

loading and unloading them onto trucks and train carts.

A competitive advantage that APMT has in the Skandia Container Terminal is
that they offer flexibility to haulage contractors in their hinterlands operations. A
haulier can schedule an import or export visit in the terminal any time during the
day and is free to enter during visit hours depending on when it suits the haulier.
Other terminals most commonly offer time slots to hauliers in order to better control

the workload of the hinterland operations (Hu et al., 2019).

While the truck drivers are offered great flexibility in the Skandia Container Ter-
minal the truck turnaround time might vary greatly during the course of a day.

In practice, this creates a volatile workload where significant ups and downs can

7
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occur. Long waiting time could suggest high utilization of resources, meaning that
all available resources are in use to serve arriving hauliers. Long waiting times will
also negatively impact the experience for the hauliers and are often associated with

penalty fees.

The yard planner can increase the capacity for serving hauliers by allocating more
resources and increasing the number of straddle carriers available during the work
shift. However, it is costly to increase resources and overcapacity is an unwanted
waste. Ideally, the amount of resources would be flexible to vary over time and be
able to adjust when demand increases or decreases. Today, this is only possible to
some extent by reallocating resources to other chores, but the set time for this is

high and will therefore reduce the overall capacity in the terminal during the set time.

Rather than the forecast used today created by the yard planner, APMT wishes
to have a quantitative forecasting system to estimate the volume of trucks arriving
at the port in order to improve the resource planning. Since the yard planner is
planning one week ahead of time, the quantitative forecast should ideally forecast
one week as well. The output from the forecast should be the volume of trucks on

a daily basis.

1.1.5.1 Volume of Trucks

In Figure 1.3, the fluctuation of volume can be seen for the year 2020. The y-axis
represents the volume of trucks arriving at the terminal, the scale is linear but does
not start in origin. The volume is of sensitive nature and will therefore not be shown
in this report. However, the figure displays the variation of volume over the course
of a year. It is important to consider that the graph only shows the volume during
2020, the year that the COVID-19 pandemic broke out in Europe. The pandemic
could potentially have affected the pattern of both import and export, but this
cannot be concluded with certainty. The graph only contains days with truck traffic
in the terminal. On weekends and other red-letter days, the terminal is closed for

hauliers even if the imports arrive by sea.

8
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2020-01-02 2020-02-02 2020-03-02 2020-04-02 2020-05-02 2020-06-02 2020-07-02 2020-08-02 2020-09-02 2020-10-02 2020-11-02 2020-12-02

Figure 1.3: An overview of the volume during the year

The terminal is open for hauliers between 6:00 am until 8:00 pm. Figure 1.4 displays
the distribution of trucks arriving on the average day of 2020. The y-axis represents
the number of hauliers arriving at a certain hour presented in percentage of the total
volume of trucks that day. The volume peaks between 1:00-2:00 pm and are steadily
declining until closing hour.

12%

10%

8%

6%

%

2%

0%
6 8 10 12 14 16 18 20

Figure 1.4: An overview of the volume during the average day

1.1.6 The haulier’s arrival

In Skandia Container Terminal there are two gates to which the hauliers arrive, gate
3 and gate 4. The arrangement of the gates is similar with some small differences
such as that gate 3 are handling empty containers. Both gates are holding 15 slots

for trucks, five of these slots in gate 3 are allocated for trucks with empty containers.
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In figure 1.5, the five slots in the "truck grid empty” are the ones used for trucks

with empty containers.

When the hauliers arrive at the gate they enter security in where a security guard is
checking so that the visit code and other security related codes match the container
loaded on the chassis. The truck is then driven past the OCR-portal in where the
container is automatically scanned and checked again. When the truck arrives at
gate in it is allowed to pass if there are any free slots in the grids. If all slots are
occupied the trucks need to wait, this can create a queue in front of gate in. When
a slot is available in the grid the truck is driven to the slot where they unload a
container for export, load a container for import, or both. Thereafter the truck
is driven through the OCR-portal out where the containers are scanned to control
that the container loaded on the chassis is correct. Then the haulier leaves the gate

through gate out.

rEe
Y | (3 '2%‘;“GATE ouT

SECURITY IN §1;2,1

hrRucK GRID
EXPORT/IMPORT

Figure 1.5: An overview of gate 3
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1.2 Limitations

The greatest limitations of this study was the limited amount of available data. The
limited data was impart due to the short time span in which APMT has gathered

data, as well as what data is gathered.

Another limitation of this study is the author’s lack of knowledge in programming
and model creation. Furthermore, the lack of processing power is another limiting

factors that limits the complexity of the models that can be created.

1.3 Aim

The aim of this report is to develop a forecast system for predicting demand that
could be used in an environment where demand cannot be controlled or known in
advance. The forecast system should provide APMT the daily volume of trucks and

foresee one week ahead of time.

1.4 Delimitations

To formulate the issues of investigation below, some delimitations and boundaries

for this project had to be defined.

Together with APMT the researchers decided not to implement the forecasting sys-
tem but only develop it. The project was initiated without a clear plan on how the
system would be integrated at APMT and how it would be used to improve oper-
ations. How the forecast would be presented was therefore not considered in this
project. Furthermore, the forecast system would be developed without any changes

in APMTs or any other actors operations or sharing of information.

The forecasts should only consider the upcoming week, thus a long term forecast to

support the finance department and the marketing department in their predictions
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1. Introduction

was not considered. The transportation by rail was completely ignored since the

forecast would only predict the volume of trucks.

1.5 Specification of Issue of Investigation

o How can the volume of trucks arriving at Skandia Container Terminal be
forecasted?
o How would such a forecasting system be designed?

o How accurate could such a forecast system be?

12
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Theory

In this chapter, essential theories on forecasting and statistics will be provided. An
overview of both qualitative and quantitative forecasts will be presented. Statistical
formulas and concepts for different forecasting methods will be clarified, followed by

measures for evaluating the accuracy of different forecasting methods.

2.1 Forecasting

In the planning process of resources and materials, forecasting is an integral part.
By providing planners and management with a forecast of the future, uncertainty
can be reduced and a more well-founded plan can be developed. In a study of the
airline industry, Polt (1998) states that a 20 percent reduction in forecast error will
have a positive effect on the revenue with approximately one percent. However, it
is important to have in mind that a forecast is only a number and only a basis for a
decision, not a decision as such. Long term demand forecast is required for establish-
ing long term plans while short term demand forecasts are used for monthly, weekly,

or even daily operation planning to deal with more immediate concerns (Kim et al.,

2016).

Mobarakeh et al. (2017) states that in environments where the nature of the de-
mand is intermittent and sporadic, traditional forecast methods such as moving

average and exponential smoothing are not always as appropriate as more sophis-
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ticated forecasting methods. Another downside with traditional methods is that
nonlinear data patterns are sometimes neglected Mobarakeh et al. (2017). Suh and
Ryerson (2019) states in an article about aviation demand forecasting that tech-
niques leveraging machine learning with the focus on short term demand are more
suitable for the planning of the daily operations. By using big data analysis to iden-
tify short term fluctuations, large volumes of data can be used and a more accurate

forecasting model can be developed (Kim et al., 2016).

2.2 Quantitative and Qualitative Forecasting

Methods

There are two main approaches when conducting a forecast, either a quantitative or
a qualitative method. The quantitative methods are objective and hold the ability to
process a large amount of data, which gives it a good level of consistency. However,
since the forecast is based on data, the quality of the data input must be high. The
qualitative methods are in contrast based on subjective judgments and few formal
calculations. There are risks related to subjectivity, such as overconfidence bias and
wishful thinking (Jonsson and Mattsson, 2009). Instead of basing the judgment on
pure facts, the judgments can be optimistically misleading. One of the advantages
of qualitative methods is that they can contemplate changes in the environment and

other factors neglected in a quantitative forecast.

2.3 Quantitative Forecasting Methods

In this section, the concepts of times series forecasting and causal forecasting mod-
els will be clarified. For each concept, there are some commonly used models for

forecasting that will be presented.

14
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2.3.1 Time Series Forecasting

Time series forecasting methods use raw historical data as the foundation of the
model. A fundamental difference between time series forecasting and causal fore-
casting models is that the former assumes that past events will repeat themselves.
These events are typically seasonal trends, cycles, volumes, etc. The use of time
series forecasting models is usually based on areas such as Business and Sales oper-
ations. Where it is thought that the model can help predict future trends, patterns,

growth rates and irregularities. Commonly used time series forecasting models are:

« Moving Average

o Auto Regressive

o Exponential Smoothing

e Seasonal Indexation

o ARIMA (Auto Regression Integrated Moving Average)
« Box Jenkins

o State Space

o Spectral Analysis

2.3.1.1 Moving Average

The moving average method M A(q) is a method where past data from a time series
is used to forecast a future value for a certain period. The model is based around
the statement that the past will represent the future Chen et al. (2010). When
calculating the moving average, the formulas below are used (Jonsson and Mattsson,
2009). A; represents the actual volume for period t, F;,; represents the forecasted
volume for period ¢ + 1 and value of n determines the number of time periods

considered in the forecast.

A+ A+ A
n

Ft+1 = (21)

If n is increased, the number of historical observations included in the forecast is
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increased. It will result in the forecast being more stable in respect to random

variation, but also react slower to systematic fluctuations.

2.3.1.2 Auto Regressive

The auto regressive model AR(p) model is a model that requires the data to be
stationary, this means that we want the distribution of data to depend only on
differences in time and not on the location in time. The AR model forecast a value

based on only the previous value in time is called AR(1) of order one.

Yi=w+ oY1 +e (2.2)

Where Y; is the target variable, w the intersect, Y;_; is the lagged variable, ¢ is the
slope coefficient and e; is the error. Furthermore, it is possible to look further back
in time to predict the future value. This can be done by going p steps back in time

- AR(p), see equation 2.3.

Yi=w+o1Yii+ Yot ...+ +e (2.3)

Depending on the chosen value of p the model works by regressing p steps back in
time until reaching the first target value Y;_,. Thus, each present value will have a
small effect on the target value Y;, which will depend on the value of ¢. See equation

2.4

K =w + Qﬁft_z + e (24)

2.3.1.3 ARIMA

The autoregressive integrated moving average (ARIMA) model is a model that com-
bines differencing with the AR(p) and M A(q) model. This makes the model suit-
able for non-stationary data. The ARIMA model has, compared to the AR(p) and
M A(q), three parameters that can be used to fit the model. This is denoted as
ARIMA(p,d,q). Where p is the order related to the AR(p) model. d is the order
of difference used. g is the order related to the M A(q) model. The difference in the
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time series is referred to as the change between consecutive data points in the data
set. Thus, the first order change is can be observed in equation 2.5 and the second

order can be observed in equation 2.6.

Y/ =Y, Y, . (2.5)

Y=Y - Y (2.6)

The ARIM A model will depend on the p, d, and ¢ being very different. ARIM A(0,0, q)
is the same as referring to the M A(q) model. Likewise, referring to ARIM A(p,0,0)
is the same as AR(p) model (Ho and Xie, 1998).

alXt—l — . Ozp/Xt_p/ =&+ 918,5_1 + ...+ qut—q (27)
p/ . q .
1-> oL'X; =1+ 6;L's (2.8)

i=1 =1

2.3.1.4 SARIMA

The seasonal autoregressive integrated moving average (SARIMA) is similar to the
ARIMA model but with an additional step, seasonal trends (Graves, 2020). The
model is denoted as SARIMA(p,d, q)(P,D,Q,s) where (p,d,q) are the ARIMA
model and (P, D, @, sm represents the parameters for the seasonal model. Meaning
that P and p are both representing the aggressive terms with the difference that P
are seasonal. The same goes for d and D as well as ¢ and ). The s in the model

represents the seasonal length in the data.

2.3.1.5 Exponential Smoothing Methods

Simple exponential smoothing forecasting is a univariate forecasting method that

uses past data observations of the target variable Y to predict future events. The
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method is similar to the M A method. However, the method uses past observations
and gives more recent observations an increased or decreased exponential weight.
The variable X; represents the known data at the present time. The variable Y;_;
represents the predicted target value from the previous step in time. « represents
the smoothing factor, where 0 < a < 1. A value closer to 1 will make the model

more responsive to the values closer in time. See equation 2.9

YVi=aX;+ (1 -a)Y 1+ (1-a)?Yg+.., (2.9)

2.3.1.6 Double Exponential Smoothing Forecasting

Double exponential smoothing forecasting is similar to the Simple method. How-
ever, it also adds a trend variable § in the forecast. The value of S can be chosen
between 0 < § < 1, depending on how strong the trend component is considered
to be. The initial value of b is then selected depending on the desired forecasting
horizon and the initial value of X;. The predicted value is then calculated as the

value of Y; is added by the trend value b multiplied by the desired forecasting time h.

The smoothing equation 2.10 serves to adjust the level component based on the
previous trend value by adding it to the previous smoothed trend value Y; ;. The
second equation 2.11 serves to update the trend component by adjusting the differ-

ence of the level component at ¢t and ¢ — 1 with the trend parameter .

1/;5 = OéXt + (1 — @)(K,l + btfl) (210)
bt - B(St - St_l) + (1 - /B)bt—l (211)
Yien = Yi + hiy (2.12)
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2.3.1.7 Seasonal Exponential Smoothing Forecasting

The Holt-Winters’ additive seasonal method is a seasonal exponential smoothing
forecasting method that combines a smoothing forecasting method to account for
both trends and seasonality. See equation 2.13. The method works by combining

the the forecasting equation with three smoothing equations: ¢; , b; and s;.

Each of the smoothing equations has smoothing parameters, namely: «, § and
~v. These parameters then have to be fitted to the data set where the model can
be used to make predictions. Furthermore, m has to be decided pending on the
frequency of seasonality and h depending on far the predictions will account for.

See equation 2.14.

Gegne = Lo + hby + Stph—mkt1) (2.13)

b= a(ys — st-m) + (1 — a) (b1 + b 1)
by =Bl —li_y) + (1 — By (2.14)

st =Yyt — b1 — bi—1) + (1 —7)St—m

2.3.2 Causal Forecasting Models

Causal forecasting models assume that the predicted variable has a cause-effect rela-
tionship with independent variables. This means that independent variables, one or
more, are used as input in the model. Whereas the dependent variable is the output
of the model. The independent variables can vary of sort and could be any factor
that in some way is correlated with the dependent variable. A drawback of this type
of model is that it must be updated if the relationship between the dependent and

the independent variable changes. Some common causal models are:

o Simple Linear regression
e Multiple Linear regression

« Artificial neural networks (ANN)
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The forecast period in causal models is usually medium- to long-term, therefore the
models offer great flexibility. The model can be used to forecast different segments
of a large set of data where different factors affect the chosen dependent variable
in a specific manner. Depending on the chosen model, the cost of forecasting can

be moderately low (Simple or Multiple Linear Regression) or costly (Econometric

Models and ANN).

For a causal model to be suitable there must be plentiful historical data available,
preferably at least two years. Furthermore, the models are rather easy to test and
the implementation time ranges from weeks to quarters depending on the models’

level complexity. (Zhang et al., 2015)

2.3.2.1 Simple Linear Regression

Linear regression is a statistical model which consists of a linear relationship between
a dependent variable also known as the forecast variable g, and an independent vari-
able also known as input variables z;. The correlation between y; and z; is then
calculated, often with methods such as the least square method. While the simple
Linear regression has predictive value it has in practice never full predictive power
as the dependent variable often is affected by other unknown factors. This is il-
lustrated by the 5y variable, which accounts for the effects of the unknown factors.
Furthermore, is the error term &, used to account for the forecasting error. See

equation 2.15 (Spath, 2014).

For regression models to work sufficiently, a few criteria should be covered.
e The value of Y should be normally distributed for any chosen value of the
variable x;.
» For any observations in the data set they should be independent of each other.
e The mean of the dependent variable should be linearly related to the indepen-

dent variable.
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e The variance of the error term ¢; should not depend on the independent vari-

able and thus, be the same regardless of when it is observed.

The benefit of linear regression is that it does not require the data set to be linear,
rather the input variable can be of a different kind of data. Though, the output of

the model will show a linear connection between the two variables(Spéth, 2014).

Ye = Po + Prae + & (2.15)

2.3.2.2 Multiple Linear Regression

Multiple Linear regression models can offer better predictive value compared to
simple Linear regression models when the output of the model is affected by more
than one input variable. Thus, rather than a linear function, the output of the
model will be a plane that best fits the relationship between the dependent and the
independent variables. The effect of each variable x; is modified by each correlation
coefficient [3,,, which makes the model measure the marginal effect of the forecasting

variables (Spath, 2014). See equation 2.16.

Yi = Po+ bixie + oo + ...+ Butng + € (2.16)

2.3.2.3 Artificial Neural Networks Model

An artificial neural network (ANN) is a type of network that can be thought of as
"neurons' that are organized in different structures and layers, see figure 2.1. The
simple form of an ANN consists of two layers. A base layer with input variables,
also known as predictors. A second layer that displays the output of the network.
The a ANN, also known as a Feed Forward Network. It is in a sense similar to
the linear regression models. Each node in the base layer is given a weight of how
much it should affect the output layer. This is in a sense how a multiple regres-

sion model as there is a linear combination of the inputs that causes a certain output.

For the simple ANN to work the model has to be "trained" on a representable
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2. Theory

data set that is desired to forecast. In this context, the training of the model is
referred to as analyzing how the model operates on a training data set. This is typ-
ically done by using a cost function that serves to analyze how good the model is.

The end result of the "training" is then suitable weights for each node in the network.

The ANN model can be further developed by adding "hidden" layers in the net-
work. These nodes can provide further accuracy and increase the efficiency of the

model. (Batista et al., 2004)

Input layer Hidden layer Output layer

X1

A neuron
— No weight on it
-=-» One weight on it

Figure 2.1: An illustration of Feed Forwards Artificial Neural networks by (Xie
et al., 2014)

The research within the field of ANN is growing and further improvements in learn-
ing algorithms and more accurate methods could serve to make the single variable
models yield forecasts with higher accuracy than today (Ray et al., 2020; Bui et al.,
2020; Pang et al., 2020).

2.3.2.4 Long Short Term Memory

Long Short Term Memory (LSTM) is a type of Recurrent Neural Network archi-
tecture (RNN). Its main attributes is related to deep learning and is suitable for
different kinds of forecasting environments. The theory behind LSTM is that in
contrast to the ANN architecture it allows for backpropagation rather than just a

feed forward structure like the classical ANN. This means that the network does
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not start from zero on each iteration the network is executed. The backpropagation
allows the network to store data from the previous calculation to improve the per-
formance of the next iteration. This type of backpropagation will however cause the
model to not perform well on long- term dependencies (Sherstinsky, 2020). Thus,
normal RNN models will have problems learning from specific data sets (Ouyang
et al., 2017). The LSTM architecture does not have this problem. By utilizing a
sigmoid function in each cell state, also known as the passing gate, the LSTM cell
can keep information relevant for a longer set of iterations. Where the normal RNN
architecture only contains a single layer in each cell has the LSTM architecture four
different interactive layers. These layers make the model able to remove or add in-
formation based on set parameters in the passing gates. In conclusion, the LSTM is
a model which can remember long term dependencies while also responding to short
term fluctuations in the selection of weights to a forecasting model (Zhao et al.,

2017).

2.3.2.5 Adam

Adaptive Moment Estimation (Adam) is a gradient descent optimization algorithm
that enables the machine learning algorithm to be reliable, quick to learn and provide
good accuracy in forecasts. The model operates by computing adaptive rates of
learning for all parameters in the network. The theory behind the model is to store
exponentially decaying averages of past gradients in square. The squared averages v;
can be seen in equation 2.17, where (3 is the decay rates which makes the model more
likely to keep improving without either overflowing or converging to zero. (Bock and

WeiB, 2019)

vy = Bovy1 + (1 — 52)91:2 (2.17)

The model also stores the non squared value of the exponentially decaying average

of past gradients. See equation 2.18

my = Bimy—1 + (1 = B1)ge (2.18)
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For Adam to operate as efficiently as possible Ruder (2016) suggests that 51 and (3,
should be selected to be as close to 1 as possible. This will in turn make the model
biased towards diverging to zero. Thus, this is prevented by calculating the biased

estimates before the bias corrected estimates. See equation 2.20 and 2.19

_ (0

= 2.1
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= 2.2

The algorithm then works by updating the weights 6, according to equation 2.21,
where n is the learning rate. A higher learning rate will yield a method that takes
larger "steps' in each epoch, thus, updating the weights of the model with a greater
magnitude. (Ruder, 2016)

9t+1 - 9,5 - (221)
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—m
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2.4 Qualitative Forecasting

When conducting a qualitative forecast few formal calculations are used and sub-
jective judgments are the basis for the forecast even though computerized support
can be used (Jonsson and Mattsson, 2009). The computerized support can illus-
trate historical information such as the actual demand compared to the forecasted
demand. These numbers can be obtained in an ERP system or other supportive
systems. Using a qualitative assessment of future demand is according to Jonsson
and Mattsson (2009) suitable in the situation of long term forecast and are there-
fore better when forecasting annual demand rather than weekly demand. Jonsson
and Mattsson (2009) describes three approaches for qualitative forecasting; the sales
management, a top-down approach; the grassroots, a bottom-up approach; and pyra-
mid forecast, an approach that combines the other two approaches. The downside
with judgemental approaches as these three is the tendency of thinking wishfully

rather than realistically and therefore being over-optimistic in the forecast.
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2.4.1 Sales Management Approach

The sales management approach is a top-down approach, based on the manage-
ment’s judgement(Jonsson and Mattsson, 2009). For management to achieve con-
sensus about future demand, managers are gathered in one or more meetings. In
these meetings, the composition of managers can vary depending on the size of the
company and the relevance of insights from different functions at the meeting. The
biggest advantage of the sales management approach is the speed at which a forecast

can be produced.

2.4.2 Grass Root Approach

This approach intends to include all personnel in direct connection to the market
by letting them separately making their own proposals for forecasts (Jonsson and
Mattsson, 2009). These forecasts are then collected and processed centrally. How
the processing looks differ from company to company depending on the structure
of sales activities and other market connections. The result of the processing is
a common forecast. One upside of this approach is that the ones responsible for

realizing the forecast are also the ones responsible for producing it.

2.4.3 Pyramid Forecasting

Pyramid forecasting is an approach that combines the two above approaches by
comparing both of the forecasts generated from the two approaches (Jonsson and
Mattsson, 2009). The procedure for this is to see the deviation between the two and
adjust them proportionally so that the total forecast is the same for both approaches.
The benefit of using this combined approach is that the width of insights is greater.
Generally, managers are better at taking an overall perspective while grass root

personnel are usually closer to the market.
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2.5 Trends and Patterns in the Quantitative Data

In this section, a review of the investigation of trends and patterns in quantitative

data used in this study will be presented. It will cover white noise and stationarity.

2.5.1 White Noise

White noise refers to a statistical signal whose samples are independent with unre-
lated random variables. It is a time series with a mean of zero, a standard deviation
that is constant with time and with zero correlation of lags (Shao, 2011). zero cor-
relation of lags means that there is no correlation between the time series and a
lagged version of the time series. If a time series has white noise, the values can not

be predicted.

One can investigate if there is any white noise in a time series in several ways.
One way is by making a visual test, look at the graphs and see if any obvious viola-
tion of the three criteria mentioned earlier exist. A more quantified way of testing
the white noise is by performing a Ljung-Box test and checking the ACF (Bosh-
nakov, 2021). By performing an ACF test the hypothesis of not finding any lags
which is non-correlated is examined. If no lags are statistically different from zero,
no correlation of lags can be assumed. A Ljung-Box test is not testing randomness

at each lag, but instead tests the global randomness based on several lags.

2.5.2 Stationarity

In statistics, stationary means that all statistical properties are unchanged with time
(Lindgren, 2012). A random function is called "stationary" if the statistical distri-
bution is identical when looking at any sample of data of the same size. For a time
series to be classified as stationary three conditions needs to be satisfied (Radecic,
2020). First, the mean needs to be constant; secondly, the variance needs to be con-
stant; and thirdly, the covariance of different periods with identical distance needs

to be constant. if these conditions are not satisfied the time series is classified as
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"non-stationary"', meaning that the statistical distribution is varying with time.

A common way to test stationarity is to perform an Augmented Dickey-Fuller test,
which examines the null hypothesis (Mushtaq, 2011). To test if the null hypothesis
can be rejected a P-value is calculated. The P-value is based on the given informa-
tion and can be produced by performing an analysis of variance (ANOVA) using a
program for statistics such as SPSS or Microsoft excel. If the P-value is < 0.05 the
null hypothesis can be rejected and the time series can be classified as stationary

(Mushtaq, 2011).

2.6 Accuracy of Quantitative Forecasting Models

The most important criterion when choosing a forecasting method is the accuracy of
the output, how well it represents the actual value. Therefore, estimating the error
of a certain forecast method and comparing it to other methods is an essential step
in the process of selecting an appropriate method for forecasting. When evaluating
different forecast methods, it is of great importance to find a suitable measure to
assess the forecast errors (Davydenko and Fildes, 2016). However, multiple differ-
ent measures have been developed by Shcherbakov et al. (2013), but no common
agreement of the most suitable accuracy metric exists (Hoover et al., 2006). In this
section, methods for assessing the accuracy of forecasting methods will be presented

and explained in further detail.

2.6.1 Mean Absolute Error

Calculating the mean absolute error (MAE) is relatively simple. The calculation
involves determining the absolute difference between the actual demand (A;) and
the forecasted demand (F}) for all data points (¢) (Shcherbakov et al., 2013). The
total error will be calculated by summing the magnitude of all errors. The total
error will then be divided by the number of observations considered (n) to get the

arithmetic value. Below, the equation for MAE can be seen.
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n

MAE =+ > A — F (2.22)
n

t=1

MAE is the most simple measure to use and Willmott and Matsuura (2006), among
others, states that it is the most natural measure when assessing the magnitude of
the average error and is unambiguous. Since MAE is scaled dependent, meaning
that the resulting measurements will be presented as a relative error, all series needs
to be on the same scale to be comparable. In environments where all series are on
the same scale, the MAE may be preferred based on the simplicity of the method
(Hyndman and Koehler, 2006).

2.6.2 Mean Absolute Percentage Error

Mean absolute percentage error (MAPE) is one of the most commonly used method
for assessing the accuracy of a forecast and are used in multiple different fields and
for a great range of forecasting methods (Gupta and Dhingra, 2012; He et al., 2017;
Fadare, 2010). Two reasons for MAPE’s popularity are that the method is scale-
independent and the interpretation of the results is relatively intuitive and simple
(Byrne, 2012). MAPE is defined as the equation below where n represents the num-
ber of observations considered, A; and Fj}, are the value of actual demand and the

forecasted demand at observation ¢.

MAPE =1 y°

noi3

At_Ft
Ay

x 100 (2.23)

MAPE may be one of the most popular assessment methods, however, there are
some limitations and drawbacks of the method. MAPE is sensitive to outliers,
meaning that irregularities or other deviations can lead to deceptive results (Tay-

man and Swanson, 1999; Davydenko and Fildes, 2016). In Tayman and Swanson
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(1999), an article on a measure of population forecast accuracy, one can see that
MAPE’s tendency to overstate errors increases with a higher degree of asymmetry.
Further, the results from this study also indicate that when the forecast exceeds an
error of five percentage the MAPE tends to overstate the forecast errors. A com-
mon problem is that the measures can be misinterpreted when trying to average the
APEs since percentage errors are affected by positive errors to a higher degree than

negative errors (Tayman and Swanson, 1999; Davydenko and Fildes, 2016).

Another drawback with the use of MAPE is its inability to produce defined val-
ues when the actual demand, A;, is zero, due to the nature of the formula. In
environments where the demand constantly exceeds zero, this will not be a prob-
lem, but in environments where the demand is intermittent and occasionally drops

down to zero, the value of the error will be infinite or undefined (Kim and Kim,

2016).

2.6.3 Mean Squared Error

The mean squared error (MSE) is a method for evaluating forecasting methods
where each error (A; — F}) is squared and then summed up. To get the arithmetic
value the total square error is divided by the number of observations n Shcherbakov
et al. (2013).
1 n
MSE == Y (A, — F,)*(2.24)

n i3

Since each error is squared, the total error will be influenced in relation to its square
instead of its magnitude (Willmott and Matsuura, 2006). This results in large errors
having a greater impact on the total square error. Therefore, MSE are sensitive to
outliers and might perform better in environments where errors are small (Hyndman

and Koehler, 2006; Prayudani et al., 2019).
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2.6.4 Root Mean Square Error

The root mean squared error (RMSE) is similar to the MSE with the only addition
that the RMSE is the root square of MSE Shcherbakov et al. (2013). The formula
below shows how RMSE is calculated

> (A - A(225)

t=1

S|

RMSE :J

In relation to MAE, RMSE is more sensitive to outliers (Hyndman and Koehler,
2006). The difference is that RMSE does not weigh all errors equally but is instead
weighing errors with large absolute values higher (Chai and Draxler, 2014). This
gives the RMSE the ability to better uncover differences in performance for models

(Chai and Draxler, 2014).
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Methods

This study’s research strategy was a mixed methods research that integrated quan-
titative and qualitative research characteristics. The research methodology used in
this study was an inductive research strategy to present the relationship between
theory and research by generating theory based on research (Bryman et al., 2019).
The nature of the research question demanded mixed methods research. The under-
standing of how the volume of trucks arriving at the Skandia Container Terminal
could be forecasted required an understanding of processes, information flow, and
other relevant aspects and was examined with a qualitative approach. However,
the creation of a forecasting system required a quantitative approach including an

examination of historical data of the operations in the terminal.

A mixed methods design such as the one used in this study is called exploratory
sequential design (Bryman et al., 2019). As seen in figure 3.1, in exploratory se-
quential design, the collection of qualitative data is foregoing the quantitative data
collection. This sequencing is associated with the researchers wanting to develop
hypotheses that could be explored by using quantitative research (Bryman et al.,

2019).

Figure 3.1: Illustrating the exploratory sequential design by Bryman et al. (2019)

Even though the study was a mixed methods research, the exploratory sequential
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design was used in combination with the process of qualitative research outlined by
Bryman et al. (2019), see figure 3.2. A qualitative approach was used for the first
four steps, followed by a quantitative approach for the fifth step. The findings and
conclusions were both qualitative and quantitative. As the exploratory sequential
design suggests, the first four steps were used as preparation for the quantitative
research. It would not have been possible to comprehend the relevance of the quan-

titative data without qualitative preparation and interpretation.

1. General research questions

;

2. Selecting relevant site(s) and subjects

;

3. Collection of relevant data

y

4. Interpretation of data o ERRE 5b. Collection of further data

|t

5. Conceptual and theoretical work

¢ . 5a. Tighter specification of
the research question(s)

6. Writing up findings/conclusions

Figure 3.2: Illustrating the main steps of qualitative research by Bryman et al.
(2019)

3.1 Literature Review

In the initial phase of the research, a review of existing literature on the field of
forecasting and statistic was carried out. The literature review was critical for the
researchers to gain an initial understanding of the field of research as well as under-

standing key areas that need to be considered (Hart, 2018).

The literature review followed the steps proposed by Rowley and Slack (2004),
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scanning existing literature, making notes, creating the structure for the literature
review, and lastly writing the literature review and building the bibliography. To
scan and find existing literature on the topic, platforms such as Google scholar and
Chalmers library were used as well as various books by reputable authors. To find
relevant literature keywords such as demand forecasting, forecasting methods, short-
term forecasting, time-series, and forecasting assessment was used. Throughout the
scanning process, notes were taken and added to a spreadsheet along with comments

on the perception of the content, the relevance of the information, and its usefulness.

3.2 Collection of Data

Since a mixed methods strategy was used for this research, both qualitative and
quantitative data was used. The qualitative data was mainly gathered through
interviews and public material published by Goteborgs Hamn AB or APMT. The
quantitative data used in this research came from the terminal operating system

Navis Nj.

3.2.1 Qualitative Data Collection

An important aspect when gathering the qualitative data was the prior knowledge
of the operations in the container terminal by one of the researchers who had worked
for APMT at dispatch in the Skandia Container Terminal. This prior knowledge
was not considered as valid information for the research but was rather considered
facilitating the process of collecting further data that was considered as valid. To
map out the environment the forecasting system, interviews with people inside and
outside APMT were conducted. The interviews were carried out in a semi-structured
manner by using a set of general questions in a predetermined sequence (Bryman
et al., 2019). By using semi-structured interviews the interviewee had the option to
elaborate on subjects he or she considered important and the interviewer also had
the possibility to go off the script and ask follow up questions or even change the
sequence of questions to improve the flow of the interview and cover important sub-

jects that would otherwise be missed. All semi-structured interviews were recorded
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and notes were taken throughout the interviews.

Since the research questions addressed aspects regarding the haulers, the perspec-
tive of the haulage contractors was chosen to investigate further. An interview with
an employee at a Swedish haulage company was conducted to gain an understand-
ing of their situation. The interview covered the haulage contractor’s role in the
process of shipment and the contact they had with freight forwarders, suppliers,
end customers, and APMT. Interviews with employees at APMT provided valuable
information about the container terminal’s internal operations, the role of the ter-
minal in the process of shipment, and the communication they had with haulage

contractors, shipping lines, and freight forwarders.

Four interviews were conducted with staff from APMT, two blue collars, and two
white collars. These were chosen by using theoretcial sampling approach that is a
type of purposive sampling. The interviewees were considered to be the ones who
could provide most insights with regards to the field of study. The interviews in-
tended to answer questions regarding the forecast system today, how it could be
improved, how accurate it needs to be for it to be useful, and the advantages of a

well working forecast system.

3.2.2 Quantitative Data Collection

All quantitative data collected for this research was extracted from the terminal
operating system, Navis N4. Navis N4 is a Terminal operating system used for
enhancing operational efficiency in the terminal by facilitating yard management
and spotting performance related issues proactively. The operating system stores a
great deal of information about each container that arrives at or leaves the terminal.
The historical data available for this research covered all containers arriving at the
Skandia Container Terminal during the period of 30th of December 2019 until 30th
of December 2020. Additional information was given about all containers shipped
from the 30th of December 2019 until the middle of April. The content of this data

will be clarified later in the chapter.
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3.3 Data Analysis

In this section, the procedures of how the analysis of both the qualitative and the

quantitative data was carried out will be described.

3.3.1 Analysis of Qualitative Data

The qualitative data was mainly used to map out the environment in which the fore-
casting system was supposed to be used. The coding process included transcribing
interviews and structuring data collected during interviews. The information that
was considered valuable for mapping out the environment of the forecasting system
was organized into categories to enhance the comprehensibility of the data. The

categories that was used were internal operations and external operations.

3.3.2 Analysis of Quantitative Data

To analyze and summarize the quantitative data extracted from Navis N4, a spread-
sheet was used. With the data from the spreadsheet, graphs of the demand over
the available time period were plotted to see if there were any apparent patterns or

trends in the time series.

To see if and how the collected data was usable in a forecasting environment, a
number of tests had to be performed. The tests were based on the different types

of forecasting methods found in the literature review.

3.3.3 Screening and Testing of Quantitative Data

To see which forecasting method was most suitable for the collected data, four dif-
ferent tests were performed. The first test was to check the data for outliers and
missing values. The collected data covered weekends even though no trucks are
arriving at weekends. This created a lot of missing values that needed to be ac-
counted for. To solve this, the data set were fitted to a time axis with the help of

Pythons’Date_time library. The empty rows in the data with Nan-values, days the
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terminal was closed, were then filled with Pythons’ F'illna library which propagates

the last numeric value to the missing rows.

As different types of forecasting methods were to be evaluated, many different met-
rics were involved in the data set. Five variables were collected, with containers
per day being the dependent variable. Furthermore, the four other measured in-
dependent variables were related to import, export and storage relationship, ship
dwell time within the terminal per day as well total weight handled in gate 2 and
gate 4. These five variables were chosen to consider since they had a relatively high

correlation with the volume.

In order to transform the data into something useful, it first had to be aggregated
to weekdays. Furthermore, non-numeric data such as ship variation and import and
export were illustrated by assigning a numeric variable to the different states the
variable could take. This means that import and export could take 3 different val-
ues, being 1 to 3 i.e. import, export, and storage. Each different vessel name within
the data set was handled in the same way which led to a vast amount of different
variables. Each of the different variables was then summarized in a new column,
and each row could take the number of how many times the variable appears in the
data set on that specific weekday. The summarized data were then converted into

CSV-files for easier data integration.

3.3.3.1 Trends and Patterns in the Quantitative Data

To understand the statistical environment that is active when looking at how the
volume will differ over time, some trends and patterns needed to be investigated.
These trends and patterns would provide limitations and guidance as to which meth-
ods would be useful for forecasting the daily volume of trucks. Two things that
were investigated were white noise and stationarity. White noise was investigated
by carrying out a Ljung-Box test, and stationarity was tested with an augmented

Dickey-Fuller test.

36



3. Methods

The Ljung-Box test was performed in IBM’s platform for statistical analysis, SPSS.
The Ljung-Box test tests the hypothesis of zero correlation of lags in the time series.
In SPSS the auto-correlations were tested by inserting the data of volume of trucks
each day and plotting an ACF-graph. In the generated graph, a lower and a higher
confidence limit was plotted. For each lag, a staple representing the value of the co-
efficient for that specific lag. If the coefficients did not exceed the higher confidence
limit or go below the lower confidence limit, they were considered not statistically

significant.

The augmented Dickey-Fuller test was carried out by performing an ANOVA and
deciding the p-value in Microsoft Excel, the choice of software is important due to
the mechanism behind the different software. The input to the analysis was three
columns of data, differenced volume, lagged volume, differed lagged volumes. In
the list below, formulas for determining each input parameter are displayed. V(n)

represents the volume of the day n.

o Differenced volume: DV (n) =V (n) —V(n—1)
» Lagged volume: LV (n) =V (n —2)
« Differed lagged volumes: DLV (n) = DV (n) — DV (n —1)

In Microsoft Excels the data analysis tool was used, and regression was chosen to
estimate the p-value. By using the differenced volume column as input Y range and

the columns of both lagged volume and differed lagged volumes as input X range

the ANOVA has generated.

3.3.3.2 Screening of Multivariate Data

To not solely rely on past volume, i.e. time series data. A number of variables were
collected. These variables were analyzed in a persons correlation matrix. The test
shows how the different variables correlate with each other. This test wast used to
figure out which variables were of significance when building the multivariate fore-

casting models.
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The data set was plotted to screen for outliers and values which seemed illogical
or unlikely. As all multivariate data were aggregated from different files it was also

compared to the original volume file to see if the daily volume variable were identical.

3.4 Forecasting models

In this section, the methods for creating the forecast models and determining the
different parameters and variables used in these models will be outlined. First,
the creation of time series models will be presented, then the causal models, single

variable LSTM and multivariate LSTM, will be presented.

3.4.1 Creation of Time Series Models

In order to make predictions based on the collected data, it was concluded that a
few different methods should be tested to see which one is most appropriate for the

forecasting environment based on the established measurements.

3.4.1.1 Moving Average

The first forecasting method to test was the moving average. The moving average
model is one of the simplest methods used for forecasting. Therefore, the method
was chosen as a reference to how well a simple forecast model could perform in an

environment such as the one studied for this research.

The input to the formula is the actual value during previous time periods and the
number of time periods being considered. The actual value of historical events can
not be altered, meaning that the number of periods being considered is the only
parameter that can be altered. To determine the number of data points to consider
for producing the highest performing model, a python code inspired by Newton’s
method for iteratively producing better and better approximations to the roots was
used. Instead of using the root-finding algorithm, the code tried to find the low-
est RMSE-value possible. The way this was done began with an initial guess and

comparing it to a second guess. The n-value that generated the lowest RMSE-value
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becomes indicative of the next guess. This procedure was repeated until the lowest

RMSE is found.

The forecast was generated by using SPSS and using all available data of volumes
of containers. To carry out a moving average forecast with the optimal n-value an

ARIMA(0,0,q) was used where ¢ represents the n-value.

3.4.1.2 Exponential smoothing

There are different types of exponential smoothing methods for forecasting, and
therefore both a simple exponential smoothing forecast and a double exponential
smoothing method would be tested and compared. The method that performed
best with regards to RMSE would later be compared to the other methods. The dif-
ference between the two methods is that the double exponential smoothing method
consider trends in contrast to the simple version. By considering trends, the model

will faster react to sudden changes in the volume.

To create the forecast models, SPSS was used. By using SPSS the optimal value of
the smoothing factor o and the trend parameter § were automatically used by the
software. If no trends can be found in the data, the trend parameter would be zero,
and then produce the same forecast as the simple exponential smoothing method

would.

3.4.1.3 SARIMA

As the moving average model and exponential smoothing model seemed promis-
ing it was considered to see if they would perform better combined into one model.
SARIMA, also known as Seasonal Auto Regressive Integrating Moving Average, as a
combination of the above mentioned methods. Similar to ARIMA it has parameters
that make the different methods more or less impactful in the forecasting. The pa-
rameters which are as follows: SARIMA (p,d, q)(P, D, @, s), can make around 1300
different models depending on the different settings. To see which settings yielded

the lowest error with regards to RMSE on the current data set, a Python function
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was made. The function was made by building a for loop with 9 layers of indepen-
dent for loops. Every for loop did then run the SARIMA-model with a specific value.
Then store the parameters in a data frame and the results in a vector. When the
code was fully executed a new function was created to find the position of the lowest
error. The SARIMA settings were then printed out by selecting the corresponding

position in the data frame which stored the settings.

To verify the findings, the three best settings were tested in SPSS on the same
data set containing the daily volume. The model building tool was used to build

the model and the SPSS toolbox for statistics was used to evaluate the findings.

3.4.2 Single Variable LSTM

To make a model which does not only rely on fulfilling the prerequisites of the time
series methods, such as stationarity etc. It was concluded that a machine learning

model would be suitable.

To make a working model with the limited time and processing power available,
it was concluded that the model will be based around the LSTM method. The
coding of the model was performed in Python V.3,7 and the main libraries which
had been used in similar projects was chosen to be Keras Tensorflow and SKlearning
(Géron, 2019). LSTM was chosen to be suitable as the data set only covers one year.
Thus, seasonal trends are hard to identify and it allows the model to hopefully make

good predictions based on a rather short training window.

The data was imported from a CSV-file and stored into a data frame for easier
manipulation. The data frame which now contained the daily volume and a cor-
responding date, was changed into a vector with the date being an index for each
row. The high variation in the data set could pose a problem that could yield
instability and training problems such as exploding gradient or decaying gradient
(Batista et al., 2004). Thus, making the model unable to "learn"'. This was resolved

by normalizing the data frame with with a Minyraz junction. While this causes
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the model to only predict values from 0 to 1, it can still provide valuable informa-
tion regarding how well the predictions compare with the real normalized values.

This trade-off was thought of as necessary due to a lack of time and processing power.

The normalized data frame was then reshaped to the correct tensor alignment, in
order to fit the prerequisites of the Keras library (Géron, 2019). Three LSTM layers
and one Dense layer were added to the model and training loss was initially selected
to 0,01. These settings were changed throughout the testing phase and multiple
changes were made to see which of the settings performed best. This process of
selecting correct parameters were as seen in similar research projects an iterative
process which required trial and error to find optimal settings (Bouktif et al., 2018;
Sumi et al., 2012; Prudéncio and Ludermir, 2004). The metric to optimize for was
selected to be accuracy and RMSE was chosen as the loss metric to optimize against.
The output of the model was tested and by calculating MAPE between the predicted

values and the real values.

3.4.3 Multivariate LSTM

To consider more parameters for the forecast than only historical volume of trucks,
a multivariate model was tested. While many models fit this description, a machine
learning model was especially suitable. The multivariate LSTM model is relatively
easy to use and offers the option to be re-evaluated daily to constantly have an
updated forecasting model. The model is also quite easy to program in such a way
that the independent variables are chosen based on recent correlations. This means
that the variables that the model used can be changed depending on influences such

as external factors, that potentially can influence the daily volume.

The multivariate LSTM model is a type of RNN based machine learning model
which works well with time series data such as the one available in the collected
data. Since there is a high variation with the daily volume, it would be hard to use
a simple neural network model such as one based on the feed forward method (Sun

et al., 2020).
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Due to the authors’ limited knowledge in model creation, a simple program language
was chosen. Python 3.7 was chosen due to prior knowledge and its suitable machine
learning libraries. This means that the model was exclusively built in Python. The
coding was based on trending machine learning libraries such as Keras, Tensorflow,

and Scikit-learn.

Firstly, The desired data was imported from a CSV-file and then converted into
a data frame that fitted the variables on a timeline by using the date_ time function
in python. Since the truck terminal only operates during weekdays, weekend re-
sulted in rows with missing values. This led to a number of missing variables which
were filled in by using the F'illna, with the forward fill setting. While this leads
to a model which does not entirely predict the real volume. The model will still

illustrate the concept of predicting the daily volume.

The data was then separated into a set of training data which the model will "learn"
from, and a test data set on which the model will be evaluated. Furthermore, the
data also normalized to range from 0 < z < 1 to make the model easier to run with

limited time and processing power.

The data sets were then imported into a multivariate LSTM model with the Keras
library. To make the model both easy to run and quickly diverge to a low error.
The Adam optimizer was chosen as suggested by many other studies with similar

requirements (Chang et al., 2018; Fu et al., 2016; Sakinah et al., 2019).

To see how the model improved during training, a loss function was created to
see how many training iterations were needed for the model to stop improving sig-
nificantly. A suitable value based on the loss function was then selected as the

number of epochs.

The model was then tested and debugged to find any obvious issues with the model.
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The model then tested on the testing data. The two vectors which one were the
predicted volumes, and the other one the real volume on the same date was then
compared and plotted on an axis. The RMSE function from the SK — learn library
in python was then used to compare and calculate the RMSE on the predicted values

and the real values of the daily volume.

3.5 Assessment of Forecast Models

The assessment of the forecasting models differed depending on if the model were a
time series model or a causal model. The times series model was all assessed with the
same measurements and comparisons between the models were made. The purpose
of this was to identify how good a time series model could be. Single variable LSTM
used the same measurements but with a different sample size then the time series
models. For the multivariate LSTM, some of the measurements used for the other

models was unsuitable, while others worked just as well.

3.5.1 Assessment of Time Series Models

The time series models generated and assessed in SPSS forecasted the volume for
the next data point in the time series, meaning that the predicted value for a certain

day represents what was forecasted based on the data known the day before.

To evaluate the accuracy of the different forecasts, measurements needed to be
established. It was decided to use different methods for measuring the accuracy of
the forecasts. By using more than one measurement, the assessment would be more
robust and reliable since it would not only be primed to perform well with regards to
one specific measurement. It was decided to not use any weighing or prioritization
of the measurements. Instead, the performance of the forecast models was analyzed

and assessed with the chosen measurements as a basis.

One of the chosen methods was the MAPE due to its simplicity and easiness to

interpret (Tayman and Swanson, 1999; Davydenko and Fildes, 2016). An advantage
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with this measurement is that persons not familiar with methods of assessing the
accuracy of forecasting methods can, to some extent, understand the values and
evaluate the performance of the forecasts. The other method chosen for evaluating
the accuracy was RMSE. The main reason for using this measurement was due to its

sensitivity to large numbers, meaning that larger errors are more easily uncovered

(Chai and Draxler, 2014).

To assess the applicability of the different forecast models, two additional measures
were used, MazAFE and MazAPE. MaxAE represents the largest error for a specific
data point in the model in absolute value, and MaxAPE represents the largest error
for a specific data point in the model in percentage. These measures are relevant be-
cause they will expose the weakest performance of the model and therefore enhance
the understanding of how well it will perform during more volatile periods. A too
high value of MaxAE or MaxAPE will reduce the applicability of the model since it
will reveal the biggest shortcoming in the model. Great errors in the models would
affect the operations in the terminal negatively and potentially lead to improper

resource planning.

A less quantified way to assess the accuracy of the forecast models was by plot-
ting the predicted values from the model and comparing it to the real value in a
graph with the volume on the y-axis and time on the x-axis. In the next chapter,
these graphs will be shown, the value of the volume will not be visible due the
sensitive nature of that information. The y-axis starts at the origin, and the x-axis
reaches over the time period of available data. Both axes are linear. The purpose of
these graphs were that they provided indications of how well the compliance of the
different models was. By looking at heavy increases and decreases in real volume
and see how well the forecast model was able to predict these variations a compli-
ancy assessment was performed. The MaxAE and MaxAPE only examine the point
with the highest absolute error and the highest absolute percentage error. It can
therefore be interesting to analyze the compliance of the forecast model and consider

more data points than just the absolute largest error.
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3.5.2 Assessment of Causal Models

To assess the causal models and compare predicted values to actual values, the
predictions had to be made based on a data set not used for training the model.
Meaning that the model was trained on the data from January to November and
tested against the actual values in December for the single variable LSTM. For mul-
tivariate LSTM, the model was trained on the period January to March and the
model was then tested for April. This allowed a much lower sample size for the

assessment of the causal models

The single variable LSTM model used the same measurements, RMSE, MAPE,
MaxAE, and MaxAPE, as the time series models while the multivariate LSTM
model did not. The reason for this was that the multivariate LSTM model were
based on gradient decent optimization to learn the model. This in turn made it
necessary to normalize all values to make the model work. The normalization of
data also makes the model only able to yield an output in the same range. While
this in theory could possible have been resolved, the authors considered the lack of

knowledge and time as valid reasons for accepting the normalized output.

With normalized values, some of the measurements would be misleading and irrel-
evant. The benefit with MAPE and MaxAPE is that the scale used is not relevant
since they are percentage based. Therefore, MAPE and MaxAPE could be used to

assess the causal models.

To measure RMSE would be misleading when comparing the multivariate LSTM
model of the time series models due to the nature of the formula for calculating
RMSE. MaxAE is another measurement that would be misleading to use and is

therefore disregarded for the multivariate LSTM model.

The compliance will, for the causal models, be assessed in the same way as with

the time series models. Since the multivariate LSTM model did not use as many
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measurements as the other models, more weight was put on the assessment of the vi-
sual compliance in the plotted graph of real and predicted values for the multivariate

LSTM model.

3.6 Analysis of the Results

The analysis started with dividing the models into two groups, the time series mod-
els and the causal models. These two groups were analyzed separately due to the

nature of the models.

The time series models, moving average, exponential smoothing and SARIMA (p,d,q)(P,D,Q,s)
were analyzed by using the measurements of RMSE, MAPE, MaxAE, and MaxAPE.
RMSE and MAPE measured how well the models performed overall while MaxAE
and MaxAPE provided some indications of how wrong the predictions could be at
their greatest. This was important to investigate since it is crucial for the prediction
to not diverge from the real value too much. If the errors are too great, the forecasts
will no be applicable. This is especially true if major errors recur frequently. To
analyze how well the models are performing with regards to major errors the graphs
of volume over time was studied. Models, where major errors occurred frequently,

were considered unqualified as forecast models for APMT.

The machine learning model single variable LSTM and multivariate LSTM were
also analyzed based on statistical metrics. The single variable LSTM model was an-
alyzed using RMSE, MAPE, MaxAE, and MaxAPE. While the Multivariate model
was due to its normalized values only analyzed with MAPE and MaxAPE.

The five forecast models were analyzed by comparing the performance of their pre-
dictions concerning the measurements and compliance. The measurements were
compared to see how well the different models performed for the different measures.
The time series model that was considered to have the best predictions over the time

period available was the one considered to represent how good a time series could
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be in an environment such as the volume of trucks in a container terminal.
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Results

In this chapter, the results from this research will be objectively presented. No
analysis of or discussion about the data will be given. First, the results from the
interviews will be presented. Then an examination of trends and patterns in the
quantitative data and how these will affect the different forecasting methods will be
performed. Lastly, the forecasting models will be presented and evaluated based on

the decided methods for accuracy assessment.

4.1 Interviews

From the interviews with APMT, it was found that the greatest advantage of a prop-
erly functioning forecasting system would be to make resource planning more cost
effective and reliable. Today, the forecasts are considered to be of qualitative nature
with some support of simple computations. They are based on historical data and
the pattern of seasons, the total volume of export and import are also considered.
The forecasts are done one week ahead of time. These forecasts are performing with
a MAPE of approximately 15 — 20 %. Based on this margin of error, a model with
a MAPE of 10 % would be usable and 5 % would be great.

When the interviewees were asked about potential parameters that could be used
to improve the forecast, some proposals were made. The first proposal was the use
of a "pre-advice" system where the hauliers send a notification earlier of which con-
tainers that are going to be delivered or picked up. Secondly, the implementation of

some kind of "First delivery date" system was proposed, meaning that the first day
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a container can be delivered to the terminal before export shipment. Thirdly, it was
proposed to compare the forecasts of volume for the railroad and the forecasts of
total export and import volumes. Both railroad transportation’s and sea traffic are
having relatively well working forecast systems and therefore these can be used. By
comparing the differences between these two, one can figure out the weekly volume
of containers that are going to be either delivered or picked up by truck. The last
proposal was to consider trends in the industry and follow an order index to see

future deliveries.

All interviewees agreed that an alternative way to improve the resource utiliza-
tion in the hinterland operations without using a forecasting system would be to
implement, as many other container terminals have, slot times for the hauliers to

arrive. If they do not arrive within the slot time a penalty fee will be placed.

4.2 'Trends and Patterns in the Quantitative Data

In the section, the outcome of the Ljung-Box test and the augmented Dickey-Fuller

test will be presented.

4.2.1 Ljung-Box-test

When the Ljung-Box-test was performed in SPSS, a figure illustrating the autocor-

relation was generated, figure 4.1.

As can be seen in the figure below, some white noise, i.e. non predictable sections,
occurs in the data set. However, if it is too much white noise to use the data to
make a proper forecast can not be determined. The evidence for white noise is not

strong enough to exclude the fact that values can be predicted.
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Figure 4.1: Illustrating the ACF over 16 lags

4.2.2 Augmented Dickey-fuller Test

The augmented Dickey-fuller test however clearly indicates that the time series is
stationary. The p-value generated from ANOVA using Microsoft Excel is much
lower than the critical value of 0.05. The p-value is estimated to be approximately

5% 1071, A clear indication of stationarity.

4.3 Assessment of Forecast Models

To assess the different forecast models, the established measurements will be used.
Each forecast model will be evaluated as equally as possible. For moving average,
exponential smoothing, and SARIMA the assessment will be identical. This is pos-
sible since the same software, SPSS, was used to create these three forecast models.
To create the single variable LSTM and the multiple variable LSTM Python was

used.
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4.3.1 Moving Average

The first step in creating a moving average model was to determine n, see formula

4.1.

A+ A+ A
n

Ft+1 =

(4.1)

When the Python code that optimized the n-value was executed, the best preforming
model used a n-value of 47. An ARIMA(0,0,47) was executed in SPSS and the
performance of the forecasting model was generated. The measurements and how
well the model performed with regards to the measurements can be seen in Table

4.1.

Table 4.1: Performance of the moving average model with an n-value of 47.

Moving Average
Measurements Values
RMSE 73
MAPE 5,51 %
MaxAE 306
MaxAPE 26,82 %

To visually evaluate the compliance of the model a graph with the real volumes and
the predicted volumes was plotted, see Figure 4.2. The graph is used to facilitate the
understanding of the performance showed in table 4.1 rather than a measurement
itself. The y-axis represents the volume of trucks arriving at the terminal and the
x-axis represents the time where each data point is one day of trucks arriving. The
axes are not numerical because the volumes are considered as sensitive information

for APMT.
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Figure 4.2: Illustrates the compliance of the moving average model.

4.3.2 Exponential Smoothing

Before assessing the exponential smoothing method, the type of exponential smooth-
ing method to be used needed to be determined. When running both the simple
and the double exponential smoothing method in SPSS only minor differences was
found, the §-value was almost zero. One can therefore conclude that no trends can
be considered to produce a more accurate forecast by looking at the available data.

The performance of the exponential smoothing forecast can be seen in Table 4.2.

Table 4.2: Performance of the exponential smoothing model.

Exponential Smoothing
Measurements Values
RMSE 85
MAPE 7,23 %
MaxAE 298
MaxAPE 48,05 %

As with the moving average forecast, a graph of the real volumes and the predicted
volumes was plotted, see Figure 4.3, to visually see how well the forecast model’s

compliancy was over time.
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Figure 4.3: Illustrates the compliance of the exponential smoothing model.

4.3.3 SARIMA

When the Python code was run to see which settings yielded the lowest error in
regards to RMSE it was found that no seasonal trends could be found to improve the
forecast. The setting that yielded the lowest RMSE was SARIMA(2,1,47)(0,0,0,c),
or ARIMA(2,1,47). The performance of the model can be seen in Table 4.3

Table 4.3: Performance of the ARIMA(2,1,47) model.

ARIMA (2,1,47)
Measurements Values
RMSE 73
MAPE 5,50 %
MaxAE 283
MaxAPE 23,63 %

In Figure 4.4 one can see the compliance of the predicted value in relation to the

real value over time.

4.3.4 Single Variable LSTM

The single variables LSTM model was able to stabilize around 20 epochs and was

improving until around 100 epochs, see figure 4.5. Going further than 100 epochs
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Figure 4.4: Illustrates the compliance of the ARIMA(2,1,47) model.

did not improve the overall performance of the model.
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Figure 4.5: Illustrating the learning behaviour of the single variable LSTM model.
It can be seen that the model keeps improving until around 100 epochs.

The compliance of the model when it had been improved with 100 epochs can be
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seen in figure 4.6. The y-axis represents the days that the model was tested on. The

forecasting accuracy of the model for the model can be seen in table 4.4

—— Real

] /\//\ — Predicted

Volume

Time

Figure 4.6: Illustrates the compliance of the single variable LSTM model.

Table 4.4: Performance of the single variable LSTM.

Single Variable LSTM
Measurements Values
RMSE 57
MAPE 22,41 %
MaxAE 188
MaxAPE 38,50 %

4.3.5 Multivariate LSTM

The LSTM-based model which used multiple variables to forecast the daily volume
of trucks was supposed to act more like a casual model rather than the other time
series based models. The theory behind the model was to find available metrics
from the daily operations of the container terminal and then see if these could be

correlated with the daily volumes of trucks.

The preliminary findings of understanding which variables that were relevant to base
the model on indicated that most variables were uncorrelated. The variables which
were found significant can be seen in table 4.5. The model which was constructed

ended up being based around the LSTM framework with Adam as an optimizer.
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See figure 4.7 for the logic behind the algorithm.

Table 4.5: Correlation Matrix

Export Import Storage Dwell time Volume

Export 1
Import 0.03 1
Storage 0.350 0.80 1
Dwell time 0.03 0.02 0.03 1
Volume —0.02 0.28 0.23 0.15 1
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Figure 4.7: Logic behind the algorithm with Adam.

It was shown that the model gained increased accuracy as the number of training
iterations increased. When training the model, different learning rates were tested

to see if any improvement could be found. See figure 4.8 and 4.9.
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Figure 4.8: The multivariate model’s training performance with high learning rate.
The figure illustrate how the model stabilize around 150 epochs, without being under
or over fitted.

— loss
— val_loss
— frain
Rate of — test
change in
weights
T T T T T T T T
0 20 40 100 120 140

GDEpochSBD

Figure 4.9: The multivariate model’s training performance with low learning rate.
It can be seen that a low learning rate reduce the problems with over and under
fitting. It can also be seen that the model stops improving around 110 epochs.

The model in figure 4.8 with a high learning rate seems to yield a model which is a
bit more unstable, it also does not reach a steady state as soon as the model seen

in figure 4.9. The predictive capabilities of the model were not noticed to differ
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depending on the difference in the two learning rates.

To test the model on the normalized data set different lags and training horizons
were selected. It was noticed that the model’s predictive ability improved while
increasing the lag of the model. It was also noticed that using more data to train

the model yielded a forecast which seems to follow the test data set more closely.

The first findings presented in figure 4.10 indicated that the model is somewhat
able to predict the daily volumes of trucks. While it does seem to follow changes it

is not able to make correct predictions regarding the size of the volume.
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Figure 4.10: Plot illustrating performance with very low lag and low test size. The
Y-axis illustrate the normalized volume, and the X-axis illustrate the timeline.

Further testing with higher lag, from 2 to 4 days and changes in test size did not

improve the model as seen in figure 4.11. The responsiveness of the model decreased
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and it was not able to correctly make predictions.
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Figure 4.11: Plot illustrating performance with low lag and low test size. The
Y-axis illustrate the normalized volume, and the X-axis illustrate the timeline.

By further increasing the lag of the model it was shown that the responsiveness
of the model increased. Though, the model could not follow the test data set as the
variety of the test data was high.

Lastly, the time lag was increased further and the test size was doubled. This, in
turn, made the model able to follow changes in the test data set. As well as following
the proportion of the changes in the test data. It was thus, concluded that a higher
lag and higher test size were a better fit for the model.
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Figure 4.12: Plot illustrating performance with moderate lag and moderate test
size. The Y-axis illustrate the normalized volume, and the X-axis illustrate the
timeline.
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Figure 4.13: Plot illustrating performance with high lag and high test size. The

Y-axis illustrate the normalized volume, and the X-axis illustrate the timeline.
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The final model which were created was able to follow changes and the descriptive

statistics related to the forecasting accuracy can be found in table 4.6.

Table 4.6: Performance of the multivariate LSTM.

Multivariate LSTM
Measurements Values
MAPE 6,90 %
MaxAPE 38,50 %
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Analysis

In this chapter, an analysis of the results will be presented. The evaluation of
the different models and their accuracy and applicability will be covered here.
First, the three time series models, moving average, exponential smoothing and
ARIMA(2,1,47) will be evaluated. Then, the two casual models, single variable
LSTM and multivariate LSTM, will be evaluated

5.1 Evaluation of Time Series Models

A comparison of the time series models’ performance with regards to the four mea-
surements can be seen in Table 5.1. Since four different measurements were used
to assess the accuracy of the forecasting models, the assessment of which model is
most accurate does not necessarily have to be obvious since no weighing or prior-
itization of the measurements was used. A subjective judgment had to be applied
to analyze the performance. However, as can be seen in Table 5.1, there is a clear
indication that the exponential smoothing model performs worse. One can also see
that ARIMA(2,1,47) is the best performing model. It performs better or as well
as the other models for all measurements. The moving average model performs
equally well for both RMSE and MAPE. The difference in MAPE for the two mod-
els is not significant. When comparing the performance for MaxAE and MaxAPE,
ARIMA(2,1,47) performs better with a MaxAE of 23 units better and 3, 19 percent-

age points better when comparing MaxAPE.
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Table 5.1: Comparison of the performance of moving average, exponential
smoothing and ARIMA(2,1,47).

Comparison of performance
Models RMSE MAPE MaxAE MaxAPE
Moving average 73 5,51 % 306 26,82 %
Exponential smoothing 85 7,23 % 298 48,05 %
ARIMA (2,1,47) 73 5,50 % 283 23,63 %

When evaluating the compliance in figure 4.2 and 4.4 one can see that the predicted
volume for both the moving average model and the ARIMA(2,1,47) model is fol-
lowing the real value with noticeable compliance. Both models are having problems
forecasting some drops and peaks, but the overall impression of the compliance is

good.

The compliance of the exponential smoothing model in figure 4.3 is not as obvi-
ous as for the moving average model and the ARIMA(2,1,47) model. The mean is
relatively good, which a MAPE of 7,23 % indicates. However, when evaluating the
graph it is obvious that the exponential smoothing model does not have the ability
to foresee the increases and decreases in volume to the same extent as the moving
average model and the ARIMA(2,1,47) model. This makes the model inapplicable
to use as a basis for daily resource planning. The model would maybe be sufficient
when forecasting volume over longer periods of time where the mean is more im-
portant than following sporadic increases and decreases in volume. The exponential
smoothing method’s inability to follow increases and decreases in real volume dis-

qualifies the model for forecasting the volume of containers on a daily basis.

As mentioned, no significant difference can be found when assessing the perfor-
mance of the moving average model and the ARIMA(2,1,47) model. That these two
models perform as similar as they do is not surprising since the same lag is used in
both models, 47. The reason for the ARIMA(2,1,47) to better predict the sudden

increases and decreases is due to its additional parameters, p and d.

The ARIMA(2,1,47) performs slightly better for the measurements of MaxAE and
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MaxAPE. However, these measurements are only assessing the one predicted value
with the highest absolute error and the one with the highest absolute percentage
error. Totally, 251 values are predicted, but since there exist no differences in RMSE
and MAPE these two measurements will therefore be decisive. The ARIMA(2,1,47)
is the most appropriate model for forecasting the volume when considering time

series models.

It is an important requirement for the forecasting model to be used for planning
to foresee sudden and heavy increases and decreases in volume. If not, the yard
planner who is planing the resources available in the terminal would assume a fore-
cast that differs significantly from reality and therefore plan a large abundance or
shortage of resources. This would either result in unnecessary expenditure of re-
sources or penalty fees due to the inability to meet the high demand and high lead

times in hinterland operations.

5.2 Evaluation of Causal Models

The two different LSTM models which were created were with the correct fine tun-
ing of parameters able to make predictions which could act as guidance for the yard
planner. While the output of the models would yield predictions below MAPE of
ten percent, it was also the case that the models sometimes crashed due to exploding
vector gradient, see Chapter 2.3.2.5. Thus, the model failed to make any predic-
tions at all. Over some periods the error would also rise above 20 percent, which

according to interviews with staff at APMT is too high to be of use to a planner.

While these findings suggest that the models have the potential to work., the re-
sults also impose some of the drawbacks of using machine learning for prediction.
It seems that the smoothing component of the time series model will yield a fore-
cast which is more optimal for shorter forecast horizons. For example, a forecasting
horizon below two days, while the LSTM models, in theory, would perform bet-

ter on longer forecasting horizons. The findings of testing different parameters and
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horizons could not derive a correlation of lower forecast horizon and higher accuracy.

Since the time series models use moving average the weight of the model can be
shifted to be shortsighted and thus, be more appropriate for shorter horizons. While
the model can be trained on more short term data which is closer in time. The
model was not able to "learn" and the model would just overflow. Which results in

the model being unable to yield an output.

5.2.1 Single variable LSTM

The LSTM model based around only one variable seems to not offer any apparent
advantages compared to the other models which have been construed and tested
throughout the study. The method can make predictions, but the margin och error
is higher compared to all other tested models. While it has the potential to be
improved further by increasing the training data set and improving parameters in
the model. It seems that the model, as it is constructed now, has limits. Increasing
the training time yields marginal improvements but there is no guarantee that using

more data will make the model better.

The time series models on the other hand could gain from more data and would
thus, be a better candidate to improve upon. Controversially, a time series model
can only be improved so much. The results from findings the best parameters of
the time series models explored around 1300 different configurations. This way of
using for loops and finding optimal settings is possible for a machine learning model
but would require more data processing capabilities and time than available in this

study.
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5.2.2 Multivariate LSTM

Where as the single variable LSTM model has limitations the multivariate model
seems to cover up for these in some areas. The multivariate model is able to perform
better in regards to forecast accuracy and potential for improvements. The forecast
accuracy, as of now, measured in MAPE is lower, thus being better than the single
varaible LSTM model, see table 5.2. While, it is higher that the ARIMA(2,1,47). It
has a average forecasting accuracy around 10 percent which, according to planners

in the industry is good enough.

Table 5.2: Comparison of the performance of LSTM and multivariate LSTM.

Comparison of performance
Models RMSE MAPE MaxAE MaxAPE
LSTM 57 22,41 % 188 38,5 %
Multivariate LSTM * 6,90 % * 38,5 %

The model is also able to be developed further by finding new variables which can
be introduced to increase the accuracy of the model. Using more variables will make
the model harder to learn, thus, potentially harder to reliably use. This trade off,

however, could prove to be worth implementing.

Another advantage of using a multivariate model is that new variables can be in-
troduced depending on how the forecasting environment. If a planner has a gut
feeling that a certain variable in the operations is relevant. The hypothesis can be
tested and a new variable can quite easily be introduced in the model. If the model
improves with the addition of a new variable it can be kept and thus, the model
has been upgraded. This will make the forecasting model more time consuming and
resource intensive to use. Though, it can potentially become very good. By finding
new correlations between measurable events and the volume of daily trucks. It could
potentially be possible to forecast events that could be considered as "outliers. This
would in turn make the model better at reducing large deviations, compared to a

time series model.
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Discussion

This chapter will begin with a discussion about the results and the analysis, first
of the time series models, then of the causal models. Secondly, the usability of the
forecast model will be discussed as well. Thirdly, a discussion of the method used
for this study and the validity and reliability. Lastly, some recommendations for

further research will be given.

6.1 Time Series Models

In the previous chapter, it was demonstrated that ARIMA(2,1,47) was the best time
series model for predicting the future volume of trucks arriving at the terminal. The
performance of the model could be considered to be very good, a MAPE of 5,5 %
is good. The model is having some problems with sudden and heavy variations in
volume, to expect something else from a time series model would be unreasonable

since the predictions are based on only historical data.

If the model will be usable when the yard planner is planning resources is hard
to tell. The results presented are based on predictions made one day ahead and
today, the yard planner is using a planning horizon of one week. Generally, ARIMA
models are bad at predicting further than a few days. Depending on how the forecast
model would be used will determine if the ARIMA(2,1,47) is usable. The reason for
only predicting the volumes for one day ahead was that the software used for testing
the models was designed to predict the next data point in the time series, the next

day.
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When determining which settings would yield the lowest error for the

SARIMA(p,d, q)(P, D, Q, s) it was found that the ARIMA(2,1,47) yielded the low-
est error. As with the exponential smoothing model, no seasonal trends were found.
One reason for this could be that the data available only covered one year. If data
over a longer period of time, preferably several years, would be available, some sea-
sonal trends would presumably be found. If so, it would have increased the accuracy
of the model and most likely extended the number of days ahead of time that could

be forecasted.

It is important to understand that the optimal settings found, (2,1,47), are only
optimal based on the data available now. In the future, new settings can yield a
lower error. Therefore, if a SARIMA-model were applied at APMT, the Python
code described in section 3.4.1.3 must be executed regularly to ensure that the set-

tings used at that time are the ones that also yield the lowest error.

If the predictions from the SARIMA-model are not accurate enough or do not pre-
dict the volumes far enough in the future, the use of the model could be altered.
Instead of predicting the daily volume, the model could be used for predicting the
weekly volume. Then the fluctuations in volume would be lower and easier to pre-
dict. This method would not be sufficient to use as the basis of resource planning
but could provide the yard planner with a hint of the total volume for the upcoming
week. In such a model the input would be the weekly volume instead of the daily
volume. It is not necessary that the SARIMA-model would be most appropriate,
there is a likelihood that an exponential smoothing model would be the best fit even

if it performed worse among those compared.

6.2 Causal Models

Casual models have the advantage of relying on outside factors and events which

enable the models to be made which accounts for changes in the forecasting en-
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vironment. Rather than just using past data for predictions. While it is hard to
quantify and make outside factors and events into data it has been seen that this is
in some sense possible with some minor configurations to already existing data. As
there seems to be a trend to gather more and more data throughout the industry, it
can be assumed that data availability and quality will be higher in the near future.
This will in turn enable the building of more complex and potentially more accurate
models. The limitations of this research project were that only data available by
courtesy of APMT was used in the modeling. If more elaborate methods to extract

data are developed the casual models could be modeled very differently.

Different methods for finding data that has correlation or auto correlation with
the daily arrivals of trucks could be constructed. Either manual or automatic. The
parameters could also be modeled to be changed depending on the lowest error or
similar to how they were chosen in section 3.4.1.1. Choosing to include variables
based on correlation is not necessarily the most optimal solution for building a good

model. However, it was thought of to be a good starting point.

6.2.1 Single Variable LSTM

The single variable LSTM model is as of now not a model which has any apparent
advantages over the other models. It has low accuracy and offers no real advan-
tages to the other time series models, other than that it could be used over longer
forecasting horizons. Since the other time series model will trend down due to the
moving average component. In relation to the multivariate LSTM model. It is su-
perior in the sense that it is easier to train and program. However, in a performance
comparison, it seems to not offer any advantages. Thus, APMT should probably
be a lot better to look into more advanced models related to time series or machine

learning.

Though, only LSTM has been used in the modeling process of the ANN models.
Thus, the findings suggest that using a single variable LSTM is not suitable. There

could be other ANN methods that potentially can perform well in a forecasting en-
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vironment like the one with the daily volumes of trucks. The research within the
field of ANN is growing and further improvements in learning algorithms and more
accurate methods could serve to make the single variable models yield forecasts with

high accuracy(Ray et al., 2020; Bui et al., 2020; Pang et al., 2020).

6.2.2 Multivariate LSTM

The multivariate LSTM model has been able to reliably make accurate predictions.
While the model was a lot trickier and more complex to build than the others it
can provide some advantages related to how it can be improved and optimized for
different environments. The test which was used to evaluate the model will however
have some degree of error and the validity of the tests should be considered as lower
compared to the other methods. In part, due to the low training data and testing
data set. Furthermore, the data set used for testing and training was also altered
to fit the model prerequisites. These were that no zero numbers can be present and
the numbers have to be fitted to a continuous date. While it is possible to resolve
this, the lack of knowledge and time made the authors decide to keep the model as
is. Thus, the model is based on data with missing values which has been filled with
established methods. This could in theory make the model less valid, though, it still
goes to show that the reliability of the model is high.

while it has some values which have been filled in with the missing values formulas
in python. The model should still be reasonably good at predicting real volumes in

the truck terminal.

As mentioned with the Single Variable model, it is likewise possible for the Mul-
tivariate LSTM model to be improved upon. Both in terms of code efficiency and
optimization of parameters. Furthermore, a change in the algorithm architecture
could also serve to improve the model, in terms of forecasting accuracy and reduced
training time. A real advantage that has been mentioned previously with the Mul-
tivariate LSTM is the possibility to keep expanding the model (Sagheer and Kotb,
2019). As more data gets available the model can be grown larger with relative

ease. External data such as economical, geographical and societal could be used to

72



6. Discussion

expand the variable list of the model (Xu et al., 2020; Alhirmizy and Qader, 2019).
With the hope of gaining increased accuracy related to uncommon events which

cause high variation in the daily volume of trucks.

Thus, the multivariate model could be considered to be the model with the most
improvement potential. In contrast to the ARIMA or SARIMA models which in the
best case would need a data set including different years. The multivariate LSTM
could potentially perform well on less data. The results, however, only suggest that
the multivariate model work on a shorter data set. Since the data set used to eval-
uate the multivariate were only 4 months. In contrast to the ARIMA model which

used a full year in the model creation.

6.2.3 Data Quality

While the main content of the Thesis is related to predicting values based on gath-
ered data, it is of great importance that the gathered data is based on reality. In
other terms, the validity of the data. While it is possible to check the reliability
of the models and the data with statistical tests. It is a lot harder to see if the
validity of the data is high. While all the data that has been used in the Thesis has
been provided by APM Temrinals Sea Traffic Management system, and thus, has
been gathered automatically. The chance of human errors is low and the data could

therefore be considered to be of high quality.

While it has been mentioned in the report that more data could be useful in creating
a forecasting model. It could also be useful in the sense of being more picky with
which data to train the models on. As more data is available the models can be

trained on variables which has high correlation with the arrival of trucks.

6.3 Usability of the Forecast Model

How a forecast model would be used by APMT in the Port of Gothenburg is unknown

at the time of writing this report. Different applications had been discussed but
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nothing has been decided. Therefore, the use of a forecast model will be discussed
and elaborated on in this section. First, the use of a forecast model as a basis
for resource planning will be examined. Secondly, an alternative way of using the

forecasts will be elaborated on.

6.3.1 Planning in Accordance with Forecast

If the predictions generated from the forecast model are of sufficient accuracy to plan
resources in accordance with, that would be a suitable use of the model. By using a
quantitative forecast model instead of a qualitative would eliminate the downsides
with subjective judgments. The quantitative forecast is less biased and does not
have the same tendency of thinking wishfully rather than realistically. However,
a qualitative forecast can consider many parameters and adjust which parameters
that are relevant and consider from week to week without the need of reprogram-
ming the forecast model. As have been concluded earlier, the time series models are
having some problem with foreseeing sudden changes in volume and would perform
worse when forecasting further forward in time, which can be costly if planned in

accordance with.

To partly overcome the problems with sudden and heavy changes in volume, an
alternative solution could be to sometimes abandon the quantitative forecast and
use a qualitative forecast instead. There are scenarios when things happen that the
quantitative forecast cannot consider. For example, on the 23 of March 2021 the
massive container ship ran aground in the Suez Canal and blocked the passage for
other vessels to pass (Samaan et al., 2021). This created turbulence and affected the
import volumes for the near future. The effects of the blockade in the Suez Canal
could not be considered by a quantitative model. A time series model would not
have foreseen the sudden drop in volume but would after some days stabilize to the
new low levels of volume and when the rise in volume comes after the ship has been
towed away the same procedure would be repeated until it stabilizes on the ordinary

level of volume.
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It is important to remember that a forecast is only a forecast and not a final deci-
sion. The forecast should only be considered as a tool. By understanding what the
forecast is basing its predictions on, one can make assumptions when parameters
not embedded in the forecast model can change the actual volume considerably, as
with the blockade of the Sues Canal. In a situation like that, it could be beneficial
to disregard the quantitative forecast and instead of using a well-founded subjective

judgment as the basis for the resource planning.

6.3.2 Change the Hauliers Behavior

An alternative way of using a forecast system would be by trying to even out the
volume over the day by encouraging the hauliers to visit the terminal during hours
with generally lower volume. By distributing the volume more evenly over the visit

hours, both the resource efficiency and the flow efficiency could be improved.

An idea of how such as system could work is by providing the hauliers with an
estimated waiting time at the gate if they arrive at a certain time. As has been seen
in figure 1.4, the number of haulier arrivals peaks between 1:00-2:00 pm. If an as-
sumption is made that the resources are constant over a day, which they are to some
degree, the longest waiting time for the hauliers would be between 1:00 pm until
4:00 pm. If this waiting time was communicated to the hauliers and the haulage
contractor they could see how much time they could save by arriving a couple of
hours earlier or later than planned. Expectantly, this would lead to the hauliers

arriving during hours with lower waiting time in order to increase their efficiency.

The forecast models presented in this report only predict the daily volume and
could not without modifications or additions be used for this purpose. The forecast
models are not good at creating so high-resolution predictions. There are several
different ways of increasing the resolution, one way to do it would be to assume that
the distribution of volume during a day is represented by the average day in figure
1.4. Meaning that, for example, approximately 10 % of the trucks during a day ar-
rive between 2:00-3:00 pm and 7 % arrive between 7:00-8:00 pm. By assuming this
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and knowing the daily volume, one can come up with an estimate for the volume
for each hour by multiplying the total volume with the portion of trucks arriving a
certain hour. See formula 6.1 where F}, represents the forecasted volume for hour
h, F; represents the forecast volume for day ¢ and P, represents the percentage of

daily volume during hour A

FhIFt*Ph (61)

When the forecasted volume for a certain hour, F},, is determined, the waiting time,
W), if the haulier arrives that hour can be estimated by dividing the F} with the
number of available resources R;, with the unit of the number of trucks that can be

processed per hour. See formula 6.2.

W, =
"SR

(6.2)

If an implementation of a forecast system such as this would be used as described
and give the desired effect, the distribution of trucks arriving would change over
time. For the waiting time to remain reliable, the P}, needs to be updated repeat-

edly.

6.4 Method Discussion

In this section, a reflection on the research methodology will be given.

6.4.1 Data Collection

Here, a reflection on the effects of the absence of a pilot study and the lack of data

that was available will be provided.
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6.4.1.1 Absence of a Pilot Study

Since the research method was mixed with a combination of quantitative and quali-
tative, data was collected in line with both methods. An initial plan was to conduct
a pilot study at companies that are, as APMT, active in an industry with a volatile
demand with no option to govern the demand with, for example, booking systems.
interesting businesses were for example fast food restaurants, grocery stores, mail
delivery or, emergency rooms. The idea of conducting the pilot study was to create
references to benchmark against and to understand how other businesses solved the
issues with forecasting. Unfortunately, no pilot study was carried out. When the
intended participants were contacted, the level of interest was generally low, they
considered this information as sensitive to their business and therefore did not want
to participate in the pilot study. The number of intended participants that were
interested to participate was considered too low and the idea to conduct a pilot

study was abandoned.

The pilot study would have added another dimension to benchmarking. Instead
of only comparing the different forecasting models with each other, it would have
been interesting to compare different businesses and understand how one model
performs in different environments. A pilot study would also facilitate the first se-
quence of the study, the qualitative phase, by enhancing the understanding of how

forecasting systems are created and used in other industries.

6.4.1.2 Lack of Quantitative Data

The data of volumes of containers in the terminal only reached from 30th of De-
cember 2019 until 30th of December 2020. In early 2020, the COVID-19 pandemic
broke out and can potentially have affected the volumes. Due to the fact that the
data only covers a relatively short time period and a very special time period, this

study only provides answers in the context of a pandemic.

If data over a longer time period would have been available, other findings could
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have been found. If looking at the figure 1.3, one can see that volume is high at
the beginning of the year, slowly decreases until the summer months. After the
summer the volume slowly increases and then stabilizes in September. With the

data available, one can only assume that this pattern is similar every year.

When creating the multivariate LSTM model, more variables than historical vol-
umes were consider. The additional information about the containers that were
needed for this only reached from January 2020 until April 2020. With only four
months of data, only a small sample size could be used which decreases the relia-
bility of the model. However, with the sample size that was available, inclinations

were identified.

6.5 Sustainability Discussion

With a proper forecast system at place a few advantages related to sustainability
could be gained. As of know, how the forecasts will be used at APMT is not yet
decided, and which advantages that could be gained are dependent on the use of the
forecasts. However, if the forecasts would be used to facilitate the yard planner with
allocating and planning resources, a more efficient planning could be made. With
a higher efficiency, the same effect could be produced with less resources which
could be considered a development towards sustainability. This is only one of a few
advantages that could be gained, but we could expect more sustainability related

advantages when a proper forecasting system is at place.

6.6 Further Research

This section will provide recommendations for further research, things that would
have been investigated if appropriate time, resources and data would have been

available.
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6.6.1 Access to More Data

As mentioned above, the data only covered a relatively small time period. With
more data, other findings could have been made. For further research, the recom-
mendation is to investigate it seasonal trends can be found when looking at data

over a period of several years.

It would also be interesting to have access to richer data about the container to
consider even more variables in the multivariate LSTM model. With richer data
about the specific containers, correlating variables not established in this study

could be found. If so, the multivariate LSTM model could probably be enhanced.

6.6.2 Investigate Possibility to Track the Trucks

Investigate the possibility to track the trucks was not included in the scope of this
study, even though it could be interesting. This could possibly enhance the forecast

in short term, on an hourly basis. Similar systems exist for sea traffic.

6.6.3 Investigate How the Model Could be Used

This study did not cover how a forecasting system of trucks arriving at the container
terminal could be used. It would be a natural next step to investigate this. For a
thorough analysis of the usability of a forecasting system, how the system will be
used are necessary. When the use of the system is determined, a decision regarding
how the system will facilitate the operations, or the planning of the operations is

needed.
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Conclusion

This study has explored different methods for building and constructing forecasting
models to be used for the forecast of trucks visiting a container terminal. Several
methods have been tested and used to construct models which then have been tested
on real truck data gathered from the previous year (2020). The models have been
evaluated on accuracy as well as how they could fit into the operations of a container

terminal.

Out of the five different models that were constructed, three were based on time
series methods and two were based on artificial neural networks and machine learn-
ing. It was shown that the time series models were on average better at predicting
a forecasting value more in line with the real world data. Furthermore, it was also
shown that all of the constructed models had the potential to be improved upon
with more data. The time series models could gain increased accuracy by adding
the seasonality and trend component of testing the models on multiple years. Fur-
thermore, could the LSTM models be improved with more training data and the

use of more relevant independent variables.

As it seems the random variation of sudden spikes in the volume of truck visits
was unable to be countered by a time series model. Perhaps since the outlier events
might not be autocorrelated with past volumes, or that they might just be random
appearances. While this might be the case, a strong argument for using LSTM
models is that it might exist external or internal variables related to the business

of container freight and terminal operations which are related to the outlier events.
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If these variables are identified and incorporated into the model, the Multivariate
LSTM model could be of great use to APMT as outlier events might be somewhat
predictable. Moreover, it was shown in the model creation phase of the multivariate
LSTM model that small changes in the models could yield decent improvements.
Though, as it seems, on average the multivariate LSTM model performs worse than
the tested ARIMA model. A conclusion can thus be made, that the ARIMA model
is the superior choice if a model was to be implemented into the business in the near
future. However, if more resources are invested in the multivariate LSTM model, it

is highly possible that this model would outperform the ARIMA model.

A conclusion to be made from the reasoning above is therefore that it might be
more profitable to invest the time and resources to construct a more advanced LSTM
model. Especially so, if the model could gain an advantage related to predicting out-
lier events which in turn could cause big problems in the operations of the container

terminal.
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