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Introduction

As the world economy keeps growing, the container cargo shipping demand will keep increasing, particularly
in developing countries [32]. Graph 1.1 shows an overview of container throughput in million Twenty-foot
Equivalent Unit (TEU) per year in the last decade. The increasing amount of flow in goods demands terminals
to be able to cope with large deep sea container ships [16]. With the growth of the demand for TEU transport,
the demand for smarter and faster container terminals increases with it.

Port container traffic

World container port throughput
(Millions of twenty-foot equivalent units)

900
800
700
600

500
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Figure 1.1: World container traffic in millions of TEU per year [35].

Figure 1.2 shows an overview of the continuous increasing growth of container ships. To be able to cope
with these situations and the limited port space around large cities, existing ports have to evolve to retain
their market position. Simultaneously, the need for larger and more efficient ports increases. Consequently,
the demand for know-how increases. Modern technologies make it possible to gather data, model situations
and better process them [27]. Training machines to cope with data or situations becomes a common solution
in the increasing demand for efficiency.

50 YEARS OF CONTAINER SHIP GROWTH Container-carrying capacity has increased
by around 1,500% since 1968 and has
almost doubled over the past decade

1968 ~— Encounter Bay 1,530 teu
1972  h—  Hamburg Express 2,950 teu
1980 wsislle  Neptune Garnet 4,100 teu

2012
1984 _ American New York 4,600 teu Marco Polo (CMA CGM) 16,000+ teu

Regina Maersk 6,400 teu

1997 _ Susan Maersk 8,000+ teu

2002

2013 Maersk Mc-Kinney Meller 18,270 teu

|

Charlotte Maersk 8,890 teu i MSC Oscar 19,000+ teu

2003 Anna Maersk 9,000+ teu

2017

©0CL Hong Kong 21,413 teu
2005 Gjertrud Maersk 10,000+ teu

2019
2006 5 24,000 teu
Emma Maersk 11,000+ teu ¢

Approximate ship capacity data: Container-transportation.com; AGCS Source: Allianz Global Corporate & Specialty (AGCS)

!

Figure 1.2: Fifty years of container ship growth



8 1. Introduction

1.1. Problem statement

The demand for efficient and smart automated container terminals increases. Their layouts differ among
one other because of different surroundings, equipment, degree of automation etc. This causes different
challenges for each terminal. In automated container terminals, the Automated Guided Vehicles (AGVs) are
guided by a path planning algorithm. In some cases, the layout leads to exceptional situations where case-
specific solutions have to be found by the engineers to optimize the behaviour of the AGVs in the terminals.
Tuning or even building new software for each single situation requires a lot of manpower. A solution for the
path planning software to learn how to cope with exceptional situations in (new) terminals can be Machine
Learning. Machine Learning is software which uses data to draw conclusions or choose an action. An exam-
ple would be to use information of the terminal to choose the most efficient path for the vehicles. In doing so,
Machine Learning software can cope with any new situation. Conclusions of the Machine learning algorithm
can be integrated into the existing software so this is improved. Therefore there is potential in the integration
of machine learning in software for the path planning systems in automated container terminals.

1.2. The research objective

By applying Machine Learning (ML) to path planning in container terminals, this master thesis contributes
to the improvement and scientific academic innovation focused on the path planning software of container
terminals. The current research has multiple objectives, as described below.

» Find a gap in the literature, by reviewing literature describing the state of the art path planning, as well
as path planning combined with machine learning algorithms.

¢ Design an innovative algorithm capable of path planning in container terminals.
¢ Realize the innovative algorithm capable of path planning in container terminals.

¢ Evaluate the algorithm based on testing a practical case.

1.3. Research questions
The research objectives described in 1.2 and the problem statement described in 1.1 lead to the following
main question:
How can Machine Learning increase the efficiency of path planning for automated guided vehicles at a
container terminal?

In order to get a clear answer to this main question, several sub-questions need to be answered:

1. What are the challenges in AGV Path Planning in automated container terminals?

(a) What are Path Planning problems algorithms?

(b) What are state of the art solutions for Path Planning problems at container terminals?
2. What gap is found in the literature regarding Reinforcement Learning applied to Path Planning?

(a) What is Reinforcement Learning?

(b) Which Reinforcement Learning algorithms are applied in path planning?

3. What RL methodology suits best for this case?

(a) What data from the automated container terminal can be used for the algorithm?
(b) What are the key performance indicators?

(c) How will the scientific academic innovation and value for TBA be determined?

4. What is the Markov Decision Process (MDP) for this case?

(a) What are the states?
(b) What are the transition probabilities?

(c) What are the actions?
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(d) What is the total reward function?

5. How does the algorithm perform in the experimental setup?

(a) How does the algorithm compare to the state of the art machine learning path planning, in terms
of the KPIs?

(b) How does the algorithm compare to the path planning algorithm of TBA, in terms of the KPIs?

1.4. Research scope

This section describes the scope within which the research is performed. The scope is limited to path
planning for AGV’s in the internal transport section of the port. The following sections describe the
layout of the terminal, the infrastructure within the internal transport section and the environment
during the research.

Layout of automated container terminals A common container terminal exists of a waterside, a hor-
izontal transport area, a stacking area and a land side area, as shown in figure 1.3. Each of these sections
has its own equipment and vehicle types. The equipment of a typical sea terminal is shown in figure
1.4.

In section 1 (Waterside), the transport between ship and shore takes place. This can be done using
a Quay Crane (QC) or mobile harbour cranes. Section 2 (Internal transport) consists of the horizon-
tal transport by AGVs and by straddle carriers. For each Quay Crane, six to eight AGVs are deployed.
The stacking area in section 3 (Stacking area/yard) prepares the transport for the landside. At some
container terminals the external trucks are directly loaded/unloaded from the stacking area. Section
4 (Landside: trucks) is used to transport containers to and from the train. Lastly, the gate in section 5
(Landside: rail) is used for safety and registration of the containers on the port [16].

The internal transport section is an area where path planning is key for the performance of the terminal.
The Quay cranes should never have to wait for a vehicle to place its load on or to take it from. Therefore
the scope of this research is limited to the internal transport (section 2,) where the AGVs move between
the Quay Crane and the stacking area.

Waterside

Internal transport

L !
I'i"!l‘l-\‘1=
v

Landside: rail

Figure 1.3: Layout of a typical container terminal
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_ Section 1 Section 2 Section 3 _ Sectiond  Section 5 £
[ Tothe hinterland | Seaside | Intemal transport | Stacking area  |Internal transport | Landside | To the hinterland |
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Figure 1.4: Equipment of a typical sea terminal [16]

Internal transport infrastructure Automated container terminals can use different patterns for the
AGVs to travel between the stacking area and the Quay Crane (QC). One of them is the traditional
loop topology where the AGVs travel in recurring loops, independent from their current location or
destination, from the stacking area to the QC, as shown in 1.5. The advantages of this methodology
are that AGVs always travel in the same direction, the chances of crossing each other are relatively low,
and the predicted travel time is more constant. Therefore this system is robust. A disadvantage is that
the travel time and distance are relatively high. Another type of infrastructure is the Mesh layout, using
a Manhattan-grid of nodes, as shown in Figure 1.6. This layout allows AGVs to travel more directly to
their destination, while the grid provides a certain structure in the terminal that minimizes the chance
of collision. A disadvantage is that deadlocks, situations where two AGVs wait for each other to pass,

can occur.
- a7 il {
o it £ 1463

90 — L 3 40 2

| L I ’ T
ofvos o L
Sl YT Py TP e ——
. i ,?
2

| | |
I L |

Figure 1.5: Loop topology of AGVs in a Container Terminal
[10] Figure 1.6: Manhattan-grid of nodes [10]

Environment during the research During this research, the AGVs drive along Manhattan grid nodes,
as shown in figure 1.7. The bottom areas labelled with A are the claim areas in front of the stacking
area. The six horizontal lines are the highways, and the dots at the top represent the buffer areas. Since
this research is limited to the Internal transport area, the AGVs in this study will only interact with each
other and not with the equipment in the other areas.
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Figure 1.7: Manhattan grid of a container terminal

1.5. Research structure and methodology

The research structure is based on the method proposed by Bahill and Briggs. It consists of seven phases
which form the acronym SIMILAR. The SIMILAR method is used by system engineers and project managers
[1]. Figure 1.8 shows the SIMILAR applied to this project.

SIMILAR phase Sub question Methodology Chapter

Requirement and context
analysis

‘ |: State of the Problem ‘ ‘ Chapter 1: ’

Introduction

v
Literature study &
interviewing

[ Chapter 2: Literature ]

|

‘ Chapter 3: Analyse ’

‘II: Investigate Alternatives [ Literature study ]

3 [ Multi criteria analysis
)
{ Flowchart J
Ill: Model the System T

Chapter 4: Modelling ’

C 4 O ‘ Detailed Modelling ’

A 4

[ Pseudocode ]
IV: Integrate [ ) ]
[Structured programmmg] Chapter 5: Implementation
+
[ Emulation ]
. 5 ¥
V: Launch the System Chapter 6: experiments
[ KPI analyse ] and results
Mai ‘ Track performance
VI: Assess Performance regarding the KPlIs ‘ Chapter 7: Conclusion
‘ quesuon defined ?
VII: Re-evaluate Evaluate the theory Chapter 8: Dlscus§|on and
Recommendations

Figure 1.8: SIMILAR method for this project






Fundamentals and practical Case

The current research will propose an innovative algorithm that uses machine learning and is applied to a
container terminal emulated by software from TBA Group. This chapter describes the background of TBA
Group and the fundamentals of machine learning.

2.1. Research context: TBA Group

TBA Group is a global consultancy and software company that focusses on improving logistic systems. They
deliver cutting-edge software and services to design, implement and optimise solutions for the following
three categories:

¢ Ports & terminals that are able to handle containers and/or general bulk cargo;
e Warehouse & distribution;
¢ Industrial & manufacturing.

TBA is headquartered in Rijswijk, the Netherlands, and has centres in Leicester and Doncaster in the UK,
Satu Mare in Romania and Diisseldorf in Germany. The rest of this section will discuss the container terminal
department of TBA Rijswijk.

TBA covers three elements: design, implement, optimise. These elements are shown in figure 2.1. This
research is focused on the Implementation element, which is further discussed in the sections below.

Lifecycle approach & added value

+ ECS
Equipment Scheduling
+ Container TOS
Warehouse MS
+ Bulk & General Cargo TOS
+ Implementation

SOFTWARE " Ty

TEAMS

Conceptual Design
+  Simulation Tools

TIMESQUARE

+ Business Intelligence

+ Tuning Operational
Parameters

INTELLIGENT
APPLICATIONS

AUTOSTORE

COMMTRAC

CONTROLS.

TBIA

E

Figure 2.1: Scope of TBA Group



14 2. Fundamentals and practical Case

2.1.1. Implementation

The Implementation department deals with deploying a new design or upgrading the software in an existing
design. The team at TBA prepares, tests, tunes, trains users and deploys new complex systems. This research
will mainly focus on management system TEAMS, which controls the movement of the AGV in the terminal.

Terminal Equipment Automated Management System (TEAMS) TEAMS controls the equipment in the
port based on the orders from the Terminal Operating System (TOS). Figure 2.2 clarifies the position of the
TEAMS software between the TOS and the equipment.

TEAMS determines the routing movement, avoids collisions, interchange and interface functionality of
the vehicles. TEAMS can operate with various kinds of TOS, since there are different TOS applied in all kinds
of ports. Figure 2.3 shows the interface of TEAMS that gives an insight in the status of the equipment it
controls.

Collision and

Deadlock
/ Avoidance
Equipment
Container Routne
/ Management
Parig order \
Schedm e Dlspatchmg s ;S:nce

\ and Timing
Real Time
Grounding

Figure 2.2: Terminal Equipment Automated Management System (TEAMS) software integration

—_— e l——ﬂ——ﬂ{
o
. . I—4._n_<
o T — .
e

—

! = Ly - = A —
i e P T T T P R T YR e T O TR TV R PP TR o IS
L

Figure 2.3: Terminal Equipment Automated Management System (TEAMS) interface

Container TOS The Terminal Operating System (TOS) is software which is responsible for the logistics of
a container terminal. The information is based on the way a ship has to be loaded/unloaded, as well as
instructions for loading/ unloading the riverboats, trains and trucks.

Equipment routing: the pathfinding of TEAMS The pathfinding is based on the A* algorithm for each in-
dividual AGV. This is a widely used algorithm to find the exact solution.
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Emulation The Emulation software allows for testing a virtual port, using the Terminal Operating System of
the customer. It can be described as the digital twin of the terminal. The emulation software of TBA is called
CONTROLS.

2.2. Research context: Machine learning

Machine learning is the ability of a computer to convert their experience based on the input into knowledge or
expertise [31]. In 1959 A. L. Samuel wrote a paper about machine learning where he states that “Programming
computers to learn from experience should eventually eliminate the need for much of detailed programming
effort.”[30]. In 2002 Lim et al. proposed a machine learning algorithm for an AGV guide-path design to opti-
mize the travel time considering physical distance, interference of vehicles and the waiting time([22].

2.2.1. Why would one apply machine learning?

Numerous tasks that can be done by humans, such as speech regression or driving, have been shown to be
achievable by machine learning programs as well. They can translate huge amounts of data in patterns that
humans can use for their benefit [31]. Machine learning can be the preferred choice over explicitly program-
ming if:

¢ The human is not able to do the task or will be outperformed by the machine;
¢ The environment is adaptive;

¢ The task changes over time;

2.2.2. Types of machine learning

The literature typically divides machine learning algorithms into different categories. One of the categories
is based on learning style: Unsupervised Learning (UL), Supervised Learning (SL) or Reinforcement Learning
(RL) [8], as shown in figure 2.4.

(Data with labels) (Data without labels)
Input Input

ll Supervised learning

Critic

Unsupervised

learning:

Error

Output Output
(Mapping) (Classes)

Figure 2.4: Supervised and unsupervised machine learning [2]

Supervised Learning The input data of SL is labelled. Labelled data is data that is tagged with information,
such as a name or a category. An example is an algorithm that needs to distinguish dogs or cats from images of
dogs and cats that are labelled with the tags 'dog’ and ’'cat’. The algorithm determines from the image whether
it contains a dog or a cat, while the supervisor checks if the answer corresponds to the tag. The algorithm can
estimate the success of its answer, using the labelled training data by, for example, computing the empirical
loss [31], or in case of the dog or cat example, the percentage of cats versus dogs.

The goal of SL is to predict outcomes for new data, e.g. the prediction of prices, text classification and image
recognition.

Unsupervised Learning The input data of UL is unlabelled, which means that the data is not defined. UL
can be applied for statistical modelling, creating graphical models, summarizing or compressing input data,
also called clustering [31] [15]. The goal of clustering the data is to find patterns in it.

Hence, the goal of UL is to get insights from large volumes of data, such as grouping Web pages based on
their subjects, decision making, predicting future inputs and efficiently communicating the inputs to another
machine[4]. There are many variants of UL and this topic is enormous [15].
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Reinforcement Learning When the goal is to teach an agent to interact with an environment, a dataset is
not always available. In that case, Reinforcement Learning (RL) is the preferred choice. The advantage of RL
over UL and SL is that it can improve itself, whereas the UL and RL agents can never become smarter than
the best data they use.

There are many variants of RL. Most of them learn a policy by the (positive or negative) reward the algorithm
gets as a consequence of its action. For every action A; the agent receives a new State S; and Reward R;.
These are based on the effect the action A; had on the environment, as seen in figure 3.2 [15] [34].

Examples where RL is applied is the control of vehicles [22] or learning how to play games. One breakthrough
was that an algorithm using RL was able to win the game "Go", that has over 2.1!%70 legal board positions,
from the best players in the world [2].

For RL to learn from scratch can be very hard, time consuming or even impossible. Sometimes the algo-
rithm comes up with a solution that maximizes the rewards while not leading to the desired behaviour, or the
algorithm cannot find a solution at all as the environment and the rewards are just too unstable. Therefore,
the reward signal is very important and the use of RL requires simulations. These simulations allow the al-
gorithm to learn before being applied in the real world. Combining different algorithms and settings can be
important, as some are better at exploring and others need a model of the environment.

state reward action
S, R, A,

R
5. | Environment fe———

Figure 2.5: Reinforcement Learning [34]

Multi Agent Reinforcement Learning (MARL) The cooperative variant of RL systems is Multi Agent Rein-
forcement Learning (MARL) where different agents take a shared objective into account [5]. This has poten-
tial for cases where multiple agents share a reward, e.g. the throughput time of packages in a warehouse. The
states of the agents of the MARL are merged, therefore it can become exponentially complex with each added
agent [5]. Moreover, the new policy of the agents is behaviour based on the previous states. This slows down
the learning process with respect to the single agent RL.

2.3. Research context: Path Planning

When planning a path from origin to destination, path planning algorithms can provide the solution. One
of the first algorithms finding the shortest path was the Dijkstra algorithm, created in 1956 [7]. It is a sub-
ject that shows potential for the increasing demand for efficient movement of cargo. Therefore the subject
has drawn more attention in recent years, especially in the design of ports. According to Zhong et al. "Path
planning and integrated scheduling are two important problems to be resolved in the design of automated
container terminals. There has been relatively little research on automated guided vehicles (AGVs) conflict-
free path planning with quay cranes (QCs) and rail-mounted gantry (RMG) cranes." They use a mixed integer
programming model for Path planning. Their conclusion is that this is very time consuming and they suggest
that applying Machine Learning can increase the efficiency of automated container terminals [45].

2.4. Practical case

An example of path planning software in container terminal is a case study at TBA. The path planning of AGVs
in some container terminals is now automated by their software TEAMS. Their algorithm is programmed so
that the lanes parallel to the quay, called a highway, are taken into one direction by the AGVs. This is assumed
to be efficient based on the experience. The integration of machine learning might enable the software to
adapt the direction of the highway without having to find and program this optimal direction by their engi-
neers.



Literature Review

This chapter discusses the literature research which is done to find the current knowledge in the field of using
reinforcement learning for the equipment control systems of (fully) automated container terminals. First,
the methodology for this literature search is discussed, then the challenges for path planning in container
terminals, next the state of the art path planning in container terminals and finally the literature discussing
reinforcement learning.

This chapter will answer sub-question 1 and 2:

1. What are the challenges in AGV Path Planning in automated container terminals?

(a) What are Path Planning algorithms?

(b) What are state of the art solutions for Path Planning problems at container terminals?
2. What gap is found in the literature regarding reinforcement learning applied to Path Planning?

(a) What is reinforcement learning?

(b) Which reinforcement learning algorithms are applied in path planning?

3.1. Review methodology

The methodology of the literature research is based on the methodology of [36]; selecting a time frame,
searching for literature by the use of snowballing (the effect of finding new literature related to the found
literature), and selecting papers by explicit criteria. Sub questions are formulated that need to be answered
by quantitative research in the literature.

For the search of literature, we use the largest abstract and citation databases of peer-reviewed literature,
Elsevier Scopus and Google Scholar.

Selection criteria: Keywords related to the sub question are chosen. The keywords are sorted by relevance.
When the papers found are not related to the sub question; keywords are deleted in the order of there rele-
vance.

Papers that are cited a lot are preferred over the ones that are cited less.

Time frame: To make sure that the information is state of the art it may not be older than a decade.

3.2. Sub question 1: Path planning algorithms

This section describes the findings for sub question 1a: What are Path Planning algorithms? and 1b: What are
state of the art solutions for Path Planning problems at container terminals? in order to answer sub question
1: What are the challenges in AGV Path Planning in automated container terminals?

17
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3.2.1. What are Path Planning algorithms?

Path planning algorithms are used in a variety of situations and environments where routes need to be de-
termined. The algorithm is used to find the shortest path based on the given data. Examples are logistic
environments, such as finding the best route for a mobile robot [9], guiding autonomous vehicles across a
campus environment [28], navigation of ships in wind farm areas [40], and, as is the case in the current pa-
per, Automated Guided Vehicle (AGV) in container terminals. The goal of the algorithm is dependent on the
needs of the user. Examples are to find the lowest cost, shortest path or most fuel efficient-path. Thus, for
each situation another path planning algorithm fits best. The fundamental algorithm for Path planning is
the Dijkstra algorithm. A variant of it, the A* algorithm is widely used [44]. Both are discussed in the coming
subsections.

Dijkstra algorithm One of the first and best known path planning algorithms is the Dijkstra algorithm. The
algorithm is given by forehand the start and end position, nodes of the environment and the cost value of the
edges between the nodes [7]. In case of the container terminal this could be the cost in terms of the distance
or travel time between nodes. The algorithm is a deterministic algorithm, which means that for a given input
there will always be the same solution.

A brief explanation of the algorithm: From the starting point, each edge towards the neighbouring nodes are
examined to find the combination of nodes with the lowest cost value, i.e. the shortest paths between each of
the nodes. The path with the lowest cost towards a node which has not been examined yet is picked next. The
algorithm keeps track of the examined edges, so nodes will not be examined twice. This process is repeated
until the destination node is reached and there is no other node that, if visited, will increase the path cost.
The node connections with the lowest edge cost are connected and a the the shortest path between the given
start and end position is found.

A*algorithm A*isbased on the Dijkstra algorithm. It is in many circumstances the fastest shortest pathfind-
ing algorithm in a state space search when the road network is static due to the fact that in many cases checks
less nodes or vertices compared to the algorithm of Dijkstra [19][23]. It does so by an added heuristic, as seen
in equation 3.1. The heuristic is an estimation of the cost between the current node and the end point, e.g.
the euclidean distance. As the cost of the heuristic decreases the further the algorithm advances towards the
end point, the algorithm prefers the nodes that are closer to the end point. This gives the algorithm a clear
search direction, as well as speed, because the more distant nodes relative to the end point will have a higher
cost due to the added heuristic, and will not be examined. One important condition for the A* algorithm to
give an exact solution is that the heuristic must be admissible: it will never overestimate the real cost.

Figure 3.1 gives an insight into how the algorithm searches for the end position (arrival node).

F(v)=HWw) +G(v) (3.1)

Where:

* H(v) is the heuristic path between the node and destination, i.e. the estimated cost to move from the
current cell to the destination. One method to do so is the Manhattan method. This is named after an
area of New York where if one takes a top view of Manhattan one can see that when driving towards a
street which is not in a straight line connected to the current one, one has to take a minimum of one
corner. This way it it will never underestimate the cost of the route. The A* is equivalent to the Dijksta
algorithm if the heuristic variable is equal to 0.

¢ G(v)is the cost of moving from the previous cells to the current one.

¢ And F(v) is used to find the least cost, responsible to find the optimal path between source and desti-
nation [9].
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Figure 3.1: A* algorithm [28]

Unknown scenarios Dijkstra and A* are based on a static environment and will not deliver the shortest
path when the costs are unknown. However, the path planning algorithms are used in environments that still
needs to be explored. Examples are re-planning the route in local areas when collisions are predicted [42].

Zhang and Li [42] suggest a local target selection where, if a collision segment is detected in a radius
around the vehicle, a new target is selected to re plan the path around this collision segment in order to reach
the end position. In this way, the path planning algorithm can be used in a unknown environment.

3.2.2. The state of the art in path planning in automated container terminals
In this subsection the following sub-question will be answered:What are state of the art solutions for Path
planning problems at container terminals?

The sections below describe the developments of path planning in container terminals. The approaches
are divided into two categories based on the infrastructure: fixed layout and free range infrastructure.

Static routing on a fixed layout There are different types of infrastructure for container terminals. A fixed
layout means that there are certain guidelines the AGVs have to follow. For example, the static route on a fixed
layout means that the AGVs drive along a fixed path in the area.

An important factor to consider when designing an AGV system is preventing collisions, deadlocks and
congestion. The work of Gawrilow et al. [14] suggests a static path planning algorithm that is able to avoid
deadlocks by considering a time-expanded network. Their algorithm adds waiting time to the route to al-
low other vehicles to pass. Their goal is to be more robust with respect to dynamic routing. Their research
only shows improvement with medium and small traffic scenarios due to the calculation of their deadlock
avoiding reservation schedule.

Dynamic routing on a fixed layout Another type of infrastructure is dynamic routing on a fixed layout,
where the AGVs can choose a path based on a grid structure in the area, also known as mesh routing.

Li et al. [21] propose and test a Quantum ant colony optimization algorithm (QACO). Quantum stands
for the usage of quantum computing. This is a way of mechanical computing where a quantum mechanical
system can do several operations at the same time, whereas the classical computer cannot. The Ant Colony
Optimization algorithm is based on the behaviour of ants in a colony, who spread pheromones when they
find food. In the same way, the algorithm is programmed to find the shortest path within parts of the map
and will spread 'pheromones), i.e. the reward. At the same time, the AGVs spread a repulsive pheromone that
will make the AGVs avoid each other in their path, thereby preventing collisions. This way the complete map
can be investigated efficiently.

Hu et al. [17] propose a solution that combines preplanning with real time planning to create a time win-
dow based A* algorithm. They strive for the shortest collision-free path with the least number of turns. The al-
gorithm generates multiple shortest paths using A* and selects the one with the lowest number of turns. Their
approach minimized AGV travel distance, which reduced the completion time and the average response time
significantly.

Another approach is suggested by Zhong et al.[46], who aim for conflict-free AGV movements, which
increases the operational efficiency of the container terminal. They do this by applying a heuristic algorithm:
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the Dijkstra Depth-First Search algorithm for their priority-based speed control strategy. This is a heuristic
algorithm to obtain the optimal path in an automated container terminal. Their results show operational
efficiency and reduce the conflict probability of AGVs.

Free range infrastructure In contrast to the fixed layout, free range routing means that the AGVs do not
have to follow any guidelines and can move completely freely in the area. Duinkerken and Lodewijks [10]
proposes a free range path planning algorithm based on the behaviour of pedestrians, called Dynamic, Eva-
sive Free-ranging Trajectories. The algorithm calculates trajectories for individual AGVs, based on costs for
speed of movement, time pressure, static obstacles and other vehicles. The results showed a reduction in
trajectory length, waiting time and a significant improvement in the moves per hour with respect to mesh
routing.

The intensive interaction between different vehicles at a container terminal leads to longer executing
time of the orders. Xin et al. [38] therefore investigate collision-free scheduling of interacting machines in
automated container terminals, which incorporates the planning of free range AGVs and the scheduling of
different types of equipment. The authors suggest a methodology of path planning in a hierarchical order.
The system sequentially solves collections of mixed integer linear programming problems. Compared to the
widely used mesh routing, the average distance travelled by the AGV is reduced significantly. This is because
the range free AGVs drive a shorter route. However, this result was only found when an insufficient number of
AGVs were involved. An insufficient number occurs when there are not enough AGVs per Quay crane, so the
Quay Crane cannot unload the container and has to wait for an AGV. The order time is not improved when
a sufficient number of AGVs are involved. The advantage of this method is that fewer AGVs are needed to
reach the same capacity. However, this method also brings great challenges for operational terminal control,
because of its complexity and computational issues.

Table 3.1 gives an overview of literature regarding the path finding technologies which are leveraged in
container terminals in the last decade.

Table 3.1: Path planning solutions in automated container terminals

Reference A* DA DEFT GA LB MIP QACO TW RL Focus
. Be collision and deadlock-free and outper-
Gawrilow etal., 2012 [14] } ) v . oo ) . ) forming dynamical PP algorithms
Lietal., 2018 [21] v oo - - - - v - - AGVs path planning at an ACT using QACO
Hu et al., 2020 [17] v - i v ) i i v i Mlnlm.IZIDg AGV travel d}stance, reducing
operation and response time
Zhong et al., 2020 [46] ) v ) . . ) ) ) ) Prlonty—based SCT for ACTs, reducing con-
flicts and TT
Duinkerken and Lodewi- . .
jks, 2015 [10] - - v - - - - - - AGV PP based on pedestrian behaviour
. Planning of free-ranging AGVs and the
Xin etal., 2015 [38] ) ) ) ) ) v ) ) ) scheduling of different types of equipment.
. PP of AGVs using a local varient of a time-
Xin etal,, 2020 39] o7 ) ) - ) ) " space network in a manhattan grid ACT
Applying RL to create vehicle aware input
This research VA - - - - - - V' data for an A* Path Planning (PP) algorithm

in a container terminal environment.

Abbreviation algorithms:

Abbreviation terminal:

A*(A* search algorithm), DA(Dijkstra (based) algorithm), DEFT(Dynamic, Evasive Free-ranging Trajectories)
GA(Graph Algorithm), IA(Interpolation Algorithm) LB(Load Balancing algorithm) MIP(Mixed Integer Programming)
QACO(Quantum Ant Colony Optimization Algorithm) TW(Time window based)

AGV(Automated Guided Vehicle), PP(path planning)
ACT(Automated Container Terminal), SCT(speed control strategy )
SA(Stacking Area), TD(Travel Distance), TT(Travel Time )
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3.2.3. The challenges in path planning in automated container terminals

This subsection answers the question: What are the challenges in path planning in automated container ter-
minals?

The key objective of path planning is to discover a path which avoids certain obstacles and passes over
the given points while being as efficient as possible [13]. Inefficiency of multi-AGV processes will have direct
influence on the complete automated container terminal.

Several methods have been developed in order to reach this objective. Static routing on a fixed layout has
been proven to be robust, but not efficient. Dynamic routing on a fixed layout is more efficient, but deadlocks,
collisions and congestion are widely spread problems that need to be manually solved in the algorithm each
time they occur. The free range layout does not always prove to be more efficient, while at the same time
bringing challenges in terms of computational time and operational terminal control.

3.3. Sub question 2: reinforcement learning for path planning

This section describes the findings for sub question 2a: What is reinforcement learning? and 2b: Which rein-
forcement learning algorithms are applied in path planning? in order to answer sub question 2: What gap is
found in the literature regarding reinforcement learning applied to Path Planning?

3.3.1. Sub question 2a: What is reinforcement learning?

Machine learning is the ability of a computer to convert their experience into knowledge [31]. A reinforce-
ment learning (RL) algorithm will learn from the interaction with its environment. An agent decides what
actions will be taken based on the observations of the environment. The state describes what an agent ob-
serves in a numeric matter. Furthermore, the action the agent initiates is based on the policy. The reward is a
calculation based on the consequences of the action, which reflects how well the action performed regarding
the goals. This process is shown in figure 3.2.

act it_J!l
Agent Environment
*\--. b

observation. reward

Figure 3.2: Basic RL loop

The basic idea of RL is learning on the job. For every time step, which can be a pre-defined increase in

time, the agent receives a state (s) in a state space (S) and selects an action (a) from an action space (A) based
on the current policy n(s) for that state. After the action, the agent receives a reward (r) and a new state (s).
This process is shown in figure 3.4.
The goal of the agent is to find an optimal policy 7* which maximizes the total reward. As Zhang and Li
[41] state: "Reinforced learning, also known as reward-learning, learns the optimal behavioural strategies of
dynamic systems by perceiving changes in the dynamic environment and obtaining uncertain rewards and
punishments from the resulting actions, and evaluating the pros and cons of the movements".

To do so, the agent can use two strategies: exploration and exploitation. Exploration is finding new infor-
mation on the environment in order to discover a new and potentially better policy. Exploitation is using the
current information for reward maximization. Finding the right balance between exploration and exploita-
tion is essential in RL.
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Figure 3.4: Reinforcement learning basic [? ]

Reward function The input of the reward function is the state and the action, and the output is the value
of the reward. The rewards can be programmed as either positive or negative rewards. The following are
possible ways the value can be calculated.

Sparse reward returns either a reward or no reward at all. In this case this could be the reaching of a
destination. The downside of this is that it can take a long time of training, because the agent is not guided
into the right policy direction.

Shaping reward is the reward system that can reward the agent for every step along the way. An example
of a positive shaping reward is providing a higher reward when the AGV is closer to the end point. This way,
the agent is guided into the right direction. One has to be careful with this type of reward, as the downside
can be that the agent will never reach its goal but keeps driving around it, as it keeps getting positive rewards
for getting close. The negative reward is a solution in this case, e.g. when the agent gets a negative reward
for every step it takes, it will minimize the amount of steps it takes to reach its goal in order to maximize
its reward. Another example is when one wants to drive as environmentally friendly as possible, one can
program a negative reward for taking a corner, breaking or accelerating.

Terminal conditions Terminal conditions can be set during the learning phase; when these are reached the
environment will reset. This is beneficial when for example all AGVs are unable to continue their path. In
this case, resetting the environment will avoid wasting valuable learning time. There are different types of
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terminal conditions: time terminal is when a time limit is reached and positive terminal is when the agent
reached its goal.

Active and passive RL  Passive reinforcement learning evaluates how well a model is performing by the given
policy. On the other hand, the goal of active reinforcement learning is to optimize or learn a policy [3], by
updating the policy as it learns. For this project, the active reinforcement learning is used, as we want to
optimize the policy of the AGVs.

3.3.2. Types of reinforcement learning algorithms

There are different types of RL that are useful for specific challenges [25]. They can be categorized by their
learning method: model-based or model-free (value-based or policy-based). This section will describe the
definitions of these categories, the best known algorithms and how they work.

Model-based Model-based reinforcement learning requires a model of the environment. A model is de-
fined as anything an agent can use to predict the response of the environment. Hence, the behaviour of the
environment is modelled and all the states are known beforehand [29].

The model simulates the environment and returns a simulated experience. The model can be either stochas-
tic or deterministic. Maximizing the reward often leads to a deterministic policy, but in some cases, this is not
desirable. For example, some parts of games need to be unpredictable to maximize the reward, so stochastic
models have several next states and rewards for each action, based on probability.

The advantage of model-based reinforcement learning is that it can converge to an optimal policy in order of
a magnitude faster than a model-free approach [20]. The downside is that it can only be used when there is a
model available.

An example case of model-based reinforcement learning is Atari games, which utilize a pre-defined model
[34]. Model-based RL is rarely applied to real world scenarios, as they are complex to model.

Value-based Value-based learning is a model-free approach which bases its algorithm on trial and error
[34]. The algorithm will discover its policy during the interaction with the environment. An environment is
defined as anything that cannot be changed by the agent. One of the advantages of this method is that it can
be applied to many environments.

The value-based algorithm uses a table, the Q-table, to store a value for all the actions in a certain state.
Initially, this table is filled with zeros. The Q-values are then calculated by a function containing the previous
Q-value and the reward for the action, which depends on the objective of the algorithm. Each new action
influences the state of the model, which creates a new row in the Q-table. This way, the Q-values for all
actions will be updated after every iteration.

An example of a case where a value-based algorithm can be applied is the game Tic-tac-toe. The robot has
nine actions it can take, i.e. the nine positions on the board where it can place the sign. The states are the
ways that the board is filled. The states and actions combined create the Q-table, as shown in figure 3.5. In
this case, the reward can depend on the chance of the opponent to win, as well as the chance of the robot to
win. During the learning process, the agent learns what the best action is for each current state.
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Figure 3.5: Actions and states Q-table [12]

Policy-based "Instead of computing learned probabilities for each of the many actions, we instead learn
statistics of the probability distribution" [34]. In other words, as opposed to value based learning, the policy-

based learning chooses its actions based on an approximation of the value, which is calculated with a proba-
bility distribution.

The policy-based method is often applied in cases that include a near infinite amount of actions. Because
the algorithm works with an approximation, it reduces the number of state variables it has to interact with. In
addition, prior knowledge can be used to estimate the values more efficiently [34]. Furthermore, policy-based
methods are known to converge to the optimal policy while remaining stable when approximating functions
[26]. A disadvantage is that there is a possibility that it will converge to a sub-optimal local policy.

3.3.3. Sub question 2b: Which reinforcement learning algorithms are applied in path
planning?

In this subsection the related literature with ML and PP problems are reviewed to see what is already there
regarding the subject. Table 3.2 gives an overview of the papers that are reviewed based on their relation

with container terminals, the reinforcement learning type, the reinforcement learning algorithm and path
planning.
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Table 3.2: Reinforcement learning in a container terminal related environment

Machine Machine Applied in
Learning Learning Learning a container Path planning
Reference type algorithm method  terminal related Focus
MARL algorithm “Ni I" lied i in-
Zhou et al.,2017 [47] MARL NegoSI VB - v RL algorithm "NegoSI" applied inan in
telligent warehouse problem
Eiffert et al.,2020 [11] RL MCTS VB } v P'ath planning in a close range dynamic en-
vironment
. Q-learning ) Path planning in static environment using
Sichkar,2019[33] RL and SARSA VB v Q-learning and SARSA algorithm
Zhang et al.,2020 [43] MARL MATS VB } v Mulltl agent tree §earch algorithm to oper-
ate in denser enviroments
. Model-based simulations to learn the
Keselman et al.,2018 [18] RL Q-learning VB . v heuristic for A* using a neural network
Combines A* with ML for a best PP algo-
ithm that is suitable for traffic jams, acci-
Liuetal.,2019 [23] RL Q-learning VB - v rithm that 1s suitabre for fraliic jams, accl

dents and temporary limits for intelligent
driving vehicle

Applying RL to create vehicle aware input
This thesis MARL MC VB v v data for an A* PP algorithm in a container
terminal environment

Machine Learning type: RL (reinforcement learning), MARL(Multi Agent reinforcement learning),
NegoSI(Negotiation-based MARL with sparse interactions)

Machine Learning algorithm: ~ MATS(multi-step ahead tree search)
MCTS(Monte Carlo Tree Search),SARSA(State—action-reward—-state—action)

Abbreviations: AGV(Automated Guided Vehicle), VB(Value-Based) PP(Path Planning), ML(Machine learning)

Negotiation-based algorithm Zhou et al. [47] have created a multi vehicle reinforcement learning algo-
rithm where agents first learn their policy and reward models while interacting individually with the environ-
ment. Part of the algorithm is designed so that when other agents are close, the state space of the agent is
expanded so the amount of states is limited with respect to the agents it will interact with. The state space
of the agents that the agent will not interact with are excluded. If an agent chooses a relatively high risk
state action pair, other agents are informed in order for them to negotiate for a policy leading to the best
found equilibrium. The authors propose a sparse-interaction version of the traditional negotiation-based
multi agent reinforcement learning algorithm. This way, it maintains better performances regarding charac-
teristics such as coordination ability, convergence, scalability and computational complexity, especially for
practical problems with respect to the method without negotiation.

Path planning in a close range dynamic environment Eiffert et al. [11] created an algorithm that can in-
teract with the world around it, e.g. pedestrians, using a Monte Carlo Tree Search (MCTS) algorithm. The
algorithm gets a reward by socially planning its path around objects. It is focused on collision avoidance. The
MCTS allows it to solve the Markov Decision Process (MDP) where the action for the states are unknown. Eif-
fert et al. state that the behaviour of the agent can be adapted by changing the state and is still effective while
maintaining the same policy. The model has shown to be trained by observed data and can lead to accurate
prediction of close range interactions [11].

Online Path planning using neighbouring grids for multi step ahead tree search Zhong et al. [45] state
that: “There has been relatively little research[...] on automated guided vehicles (AGVs) conflict-free path
planning [...]". They suggest the usage of machine learning for future research. Therefore, Zhang et al.[43]
apply a decentralized multi-agent RL framework on AGVs in a warehouse. They propose a multi-step ahead
Monte-Carlo tree search . The state space area of each AGV is limited to a 5x5 grid where the agent observes
obstacles or other AGVs. The available actions are the directions in which the agent can move or the option
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to maintain its position. The advantage is that the algorithm showed to be suitable to use in a real-world
warehouse case and showed improvement with respect to decentralized agents when the number of agents
was below 150.

Combining static and exploring algorithms The A* algorithm is an effective path-finding algorithm when
the heuristic is known. The A* algorithm is relatively fast to other algorithms [9]. It converges significantly
faster if the heuristics are calculated well.The A* algorithm chooses the next node based on the lowest value
of F(V) where

Fv)=Gw)+ H(v) (3.2)

In the above, G(v) is the total cost of going from the source node to the optional next node. The function
H(v) is a heuristic function, estimating the total cost of going from the optional next node to the destination
node. This heuristic function must be admissible, i.e. it may never overestimate the cost of the actual path
from the node that it is evaluating. It must also be fast to calculate, as long computational times will slow
down the algorithm significantly. When this heuristic is inadmissible this will lead to the algorithm searching
in the wrong direction, which can ultimately result in not finding the optimal path.

The heuristic function is not always known or can be hard to determine. Examples are areas where the
maximum speeds vary, traffic jams and varying travel times due to local roads or highways that are in the
environment. Keselman et al. [18] suggests a method in which the heuristic is calculated using a general
model-based reinforcement learning algorithm. In a simulation environment, searches are generated where
the next node is either chosen based on A* using the current heuristic or randomly with a fixed probability
epsilon. After the learning is done, the policy is evaluated using full exploitation settings. The results showed
that it can find paths with little branching. Little branching is defined as stopping the searching when a path
is found, which improves the computational speed of the A* algorithm.

Liu et al. [23] made a path planning algorithm which combines the A* algorithm with reinforcement learn-
ing. A* is used to obtain a reference path, then reinforcement learning is used to guide the vehicle on a more
detailed level. It can encounter traffic disturbances, which the algorithm uses to improve the search direction
and check if the path is correctly judged. Every node in the algorithm has eight possible nodes surrounded
by it. Only the four cheapest are selected to be evaluated. During the learning process, the algorithm learns
state action pairs by interacting with the environment until the values are within a certain range. When a new
obstacle is found, it gains knowledge by trial and error. This trial and error knowledge is used by a reinforce-
ment learning algorithm. This is repeated until the path around this obstacle is found. The gained data can
be reused the next time the path is planned. Results show advances in path length and computational time
with respect to traditional algorithms.

3.3.4. Conclusion: What gap is found in the literature regarding reinforcement learning
applied to Path Planning?

Under satisfied conditions, A* is the fastest optimal path planning algorithm [6]. Liu et al. [23] and Keselman
et al. [18] show the advantage of combining A* with ML. This way, the exploring part of the ML algorithm
is combined with the faster and more precise properties of graph search PP algorithms.However, this has
not been applied to container terminals yet. There is potential in combining the A* algorithm with a rein-
forcement learning algorithm to create a stronger path planning algorithm in container terminals. There is
possible gain in using machine learning for the heuristic or the cost part of the A* algorithm. Because the
environment is unknown, during exploitation costs change over iterations. Another gap is to combine the A*
algorithm with machine learning and vehicle aware planning. Currently there is no literature on this subject
Consequently, the current research investigates the possibilities of combining the A* algorithm with machine
learning and vehicle aware planning. This concept is worth investigating, as this has never been done before
for a container terminal.



Experimental Setup

The algorithm proposed by this research will be applied to the environment and the software from TBA.
In order to create this algorithm, a methodology needs to be selected that suits the environment and the
objectives of this research.

Therefore, this chapter will answer research question 3: What RL methodology suits best for this case?

First, the functioning of the container terminal emulator by TBA is analysed. In doing so, sub-question 3a
is answered: What data from the automated container terminal emulator can be used for the algorithm? With
this knowledge, the literature review of chapter 3.3.3 is revisited in order to find a suitable RL methodology.
Next, in order to reach the research objectives, sub-question 3b is answered: What are the key performance
indicators? Lastly, sub-question 3c is answered: How will the scientific academic innovation and value for
TBA be determined for the algorithm?

4.1. The functioning of the container terminal emulator by TBA

To create an algorithm and teach it a policy, it is important to make the training environment as realistic
as possible, in order to make the learned policy as realistic as possible. To build a new environment based
on a container terminal takes a lot of time and research. Fortunately, the Terminal Equipment Automated
Management System (TEAMS) environment already contains a realistic emulator that has been proven to
work within container terminals all over the world. This TEAMS emulator will be used for this research.
Additionally, communication between the learning based path planning algorithm and the emulator was
built for this research.

4.1.1. Choice of highway

This research is focused on the improvement and scientific academic innovation of the path planning soft-
ware of container terminals. In the environment at TBA, the AGVs use highways to get to their destination.
Highways are defined as the paths that are available for the AGVs to take that are parallel to the quay, as shown
in figure 4.1. The AGVs use these to guide their path to and from the buffer area and the stacking area. The
moment when the highway is entered and the choice of which highway is taken influence the performance
of the terminal.

The current behaviour of the AGVs The paths of the AGVs are determined by a path planning algorithm
designed by TBA, based on the A* algorithm. This algorithm is described in subsection 3.2.

AGVs can depart either from the buffer area or the stacking area, each with their own preferred highway.
AGVs departing from the buffer area prioritize the highway that is closest to the buffer area, whereas AGVs
departing from the stacking area prioritize the highway that is closest to the stacking area. Each highway has
a fixed driving direction for the AGVs.

4.1.2. Order generator

In the real world functioning of TEAMS, scheduling is input from another part of the software. Because this
is too complex for the scenarios that will be tested, a script is created to generate orders for the AGVs. These
orders will send the AGVs from the buffer to the stacking area and back.
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4.2, What data from the automated container terminal emulator can be

used for the algorithm?

The state of the system can be defined by the following real-time state variables (observations) for each AGV,
which can be extracted from the emulator:

1. Position x of each AGV with respect to a point in the terminal;

\S]

3. Orientation in degrees;

. Position y with respect to a point in the terminal;

4. State of the order: executing, valid or finished;

5. Destination code

4.3. What are the key performance indicators?

One of the objectives of the container terminal is to have a high productivity: to make as many movements as
possible within a certain time frame. There is a risk involved when this is the only Key Performance Indicator
(KPI): it can make the container flow of the terminal unstable. An unstable container flow is defined as
any scenario where the AGVs are not optimally utilized. An example of this is when AGVs with the shortest
path will get priority over AGVs with a longer path. As a consequence, the amount of completed orders can
be high because of the high frequency of the short-path AGVs, but meanwhile, the longer-path AGVs are
compromised. In this case, the KPI is fulfilled, but the container flow is unstable.

In order to prevent an unstable container flow, a second KPI is added: Container flow: The lowest number
of completed orders by an AGV. For the Productivity KPI and the Container flow KPI, the target value for the
proposed algorithm is to be within 15% of the value for the current TEAMS algorithm or higher.
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4.4. How will the scientific academic innovation be determined?

The current state of the art algorithm where a path planning algorithm is guided by machine learning was
created by Liu et al. in 2019 [23]. Their strategy combines the A* path planning algorithm with a reinforcement
learning strategy. No papers that use machine learning to benefit A* path planning have been published ever
since.

In this paper another approach of path planning guided by machine learning is suggested. In order to
determine the scientific academic innovation of the current research, the proposed algorithm is compared
to the Liu algorithm. Furthermore, the innovative element is tested by experimenting as described in section
4.5 and comparing the suggested algorithm with and without this element.

4.5. How will the value for TBA be determined?

The proposed algorithm will be tested using experiments, the setup of which will be extracted from challenges
in container terminals. This section describes the experiments which are used to test the scientific academic
innovation and value for TBA.

4.5.1. Challenging situations in the container terminals
In order to structure the container terminal, each highway has been assigned a direction by the programmer
based on the test results of the emulation of the terminal. The one-way direction of the highway is chosen to
keep the terminal more stable, while also avoiding congestion and deadlocks. The advantage of the philoso-
phy of one-way driving on the highway is shown in figure 4.2. The AGVs avoid each other and AGV002 takes
the shortest route.

However, in some situations this policy is not beneficial, and instead, provides challenges. Such situations
are described in the next paragraph.

AGVOD1
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Figure 4.2: Advantage of the highway directions

Disadvantage of the set highway direction Having a set highway direction is not beneficial to the paths
taken by the AGVs. In figure 4.3 there is a chance that the AGVs will drive in their way and both have to take a
longer route due to the direction restriction. In figure 4.4 AGVs are crossing each other.

Another example is shown in figure 4.5 where AGV002 has to wait for AGV001. Lastly in figure 4.6 both
AGVs are in a position where one has to wait for another.

In all of the four examples given, a different policy could increase the efficiency regarding the order com-
pletion time. Therefore it desired to design the experiments in such a way that it is likely for these situations
to occur. This way, the proposed algorithm is tested as to how it copes with these challenges. These setups
are described in the following section.
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Figure 4.3: Long route example 1

Figure 4.5: AGVs crossing example 3

4.5.2. The experiments
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Figure 4.4: AGVs crossing example 2

Figure 4.6: AGVs crossing example 4

To show that the innovative algorithm is capable of applying Reinforcement Learning to create vehicle aware
input data for an A* Path Planning (PP) algorithm in a container terminal environment the experience of TBA
is used. They come across challenges where the path planning can be more efficient.

Environment The environment where the algorithm is tested is a part of a container terminal controlled
by software of TBA, which consists out of four buffer and stacking areas. Figure 4.7 and 4.8 show an abstract
depiction and a picture of the environment. The top area is the buffer area and the lower area is the stacking
area. Within this environment, the AGVs have access to two highways, which are indicated by the yellow

arrows and lines.

Buffer area positions
mmip-0 00000 O 0 O

Highways

420 . "
ne Stacking area positions

Figure 4.7: Environment with AGVs, highways are high-
lighted

Figure 4.8: Picture of the environment
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Two scenarios are used to compare the proposed algorithm to the TBA algorithm and the Liu et al. algo-
rithm. In both scenarios, two AGVs have access to two highways. This leads to either both AGVs choosing
their own highway or both choosing the same. Figure 4.9 shows scenario A, in which the red circles indicate
the start and end point of one AGV one and the green circle for the other AGV, AGV two. The desired situation
is that both AGVs learn to drive their own highway and as a consequence never cross.

i) o oooocoooooooao o

A2 A2l A20 A4

O O

Figure 4.9: Scenario A

In scenario B, the desired situation depends on the state of the AGVs, such as their location and desti-
nation. In figure 4.10 displaying scenario B, the red circles have the shortest route when the AGV takes the
highway closest to the starting point. However, this is only preferable when there is no breaking involved to
give priority to the other vehicle.
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Figure 4.10: Scenario B

Table 4.1 displays the amount of AGVs in the experiment scenarios and their start and end point. This will
very likely result to the challenging situations in container terminals as described in subsection 4.5.1.

Scenario | AGVs | Start/endpoint1 | Start/endpoint 2
A 2 Stacking areas Buffer Area (BA)
B 2 Stacking areas Stacking areas

Table 4.1: Test scenarios reinforcement learning script

AGV behaviour The boundaries of the AGV behaviour in the environment are as follows:
1. The AGVs will ride without load;

2. The AGVs will ride between predefined locations;
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3. Two highways are used;

4. One highway is used per order;

5. The number of AGVs is defined for each test;

6. The only vehicles the AGVs interact with are one other;

7. The behaviour of the AGVs regarding cornering and speed is defined in TEAMS;
8. The behaviour of the AGVs regarding cornering and speed is defined in TEAMS;
9. The maximum speed of an AGV is 6,7 m/s;

10. Each order has the same priority.

4.6. What RL methodology suits best for this case?

The section will answer 3: What RL methodology suits best for this case?. During the literature research differ-
ent machine learning algorithms were found.

4.6.1. RL algorithms used for path planning
As discussed in chapter 3, two main types of reinforcement learning were used for path planning: Monte
Carlo learning and Temporal difference learning. Both are briefly discussed below.

Monte Carlo Learning Lonza [24] states: "Monte Carlo methods are a powerful way to learn directly by
sampling from the environment." For each state in the trajectory, an action is chosen based on a policy. This
policy is created by pre-set parameters and formulas calculating the reward based on the reaction in the
environment. For each action a new reward is calculated and when the final state is reached, the value of
each action is calculated. When using Monte Carlo Learning, the final reward at the end of the episode is
required to calculate the value of each state. Therefore, this method will converge to the optimal policy if the
state-action pairs are visited of all trajectories towards the end point. An advantage is that it is not required to
know the probability that a state will go into another, e.g. when using dynamic programming, the algorithm
will not converge into a policy without the knowledge of state transition probability. Monte Carlo learning
will converge by gaining knowledge from the environment, using calculations for the state values from this
data.

Monte Carlo Control A variant of Monte Carlo Learning is Monte Carlo Control. This algorithm is used to
approximate optimal policies. The values learned are used for the decision of the action taken [34]. In figure
4.11 the basics of Monte Carlo Control are shown, where: 7, is the policy, E is the episode, g, is the action
value of the complete episode, I is a complete policy improvement. By following this method, the optimal
policy 7. can be found.

E 1 E I E 1
0 ? drq > T ? 47, > T2 ot

~

\ B,
I4 7T* 4 q* 3
Figure 4.11: Loop of Monte Carlo Control [34]

One disadvantage of Monte-Carlo Learning and Control is that the value is only known at the end of the
episode. When used in environments with long learning trajectories or episodes without an end, other algo-
rithms such as Temporal-Difference (TD), explained in paragraph 4.6.1, are advised.

Epsilon greedy algorithms: when the action is always based on the highest state action value, there is a
risk involved in large environments that the optimal policy will never be discovered. Therefore an element €
can be added to balance between exploration and exploitation. Algorithms that include the epsilon greedy
element pick a (pre-set) value of the €, which influences the amount of actions chosen based on randomness.
This way the agent can discover a new policy or can confirm that the action is indeed one of low value.



4.6. What RL methodology suits best for this case? 33

Temporal-Difference (TD) Learning TD Learning can adapt the state value at every time step. This way
the policy can be adapted during each learning episode, in contrast to the Monte-Carlo (MC) methods which
need to visit all states of the episode and learn after the completion. The TD learns during the episodes by an
estimation of the state values. This process defined as pping: "estimates of the values of states based on the
value of successor states" [34]. The time interval in which this estimation is done differs per algorithm and is
optimal if a stable state is reached.

A disadvantage of TD Learning is that the values the policy converges to are always based on an estimation
of the true value. This way the learning can be unstable and never converge to an optimal policy.

The advantage of these methods is that when a stable setting is found, they can converge faster to a opti-
mal policy, seeing as it learns during the episode.

Examples of methods using Temporal difference are SARSA and Q-Learning [34].

4.6.2. Reinforcement Learning aspects

In the literature review and the previous section, three aspects were found to categorize reinforcement learn-
ing algorithms. Table 4.2 summarizes these aspects and their corresponding options. The following section
argues which of the options is chosen for each aspect.

Aspect

A. Learning method Model Free Model based
B.Policy On-policy Off-policy
C.Epsilon-Greedy Yes No

Table 4.2: Aspects used in reinforcement learning algorithms

Learning method: Model free The model free approach is the best option for this case, as it unknown how
the AGV will respond in the states that will be created in the environment. The biggest advantage of the model
free approach is the ability to learn in different kinds of terminals, which eliminates the need for a model to
be built for each terminal. The challenge will be the converge speed, as we do not know all the behaviours of
the environment beforehand.

Policy: Off-policy During the training phase, there is a choice between an on-policy or off-policy method.
As S.Sutton and G.Barto describe it, "the distinguishing feature of on-policy methods is that they estimate
the value of a policy while using it for control. In off-policy methods these two functions are separated. The
policy used to generate behavior, called the behavior policy, may in fact be unrelated to the policy that is
evaluated and improved, called the target policy"[34]. For example, during the training phase, the behaviour
policy might be to explore multiple solutions, while the target policy is to find the optimal solution. Although
off-policy algorithms are less stable than on-policy, off-policy methods make use of the new data in every
iteration, as the old policy is not used for the next iteration. In case of this experiment, the Q-values of the
future are important as it is expected that the policy will develop during the learning phase. This is based
on the new expected states that will differ from the policy and the reward during the interaction with the A*
algorithm.

Epsilon-Greedy: Use Epsilon-Greedy policy The Epsilon-Greedy policy will allow the algorithm to (re)discover
the effects of the actions in the learning phase. The Epsilon-Greedy will not be used during the execution of
the algorithm after the learning phase.

4.6.3. This case: learning-based path planning for AGVs in container terminals

As the proposed algorithm will be combined with A* path planning, TD Learning is not an option, because the
A* needs stable input. Neither is Monte Carlo Learning, because the environment of the container terminal is
too large. Therefore, the most suitable methodology would be the Monte Carlo Control. This method includes
all preferred aspects discussed above. The disadvantage of the long learning trajectories will be taken into
account when designing the algorithm.
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4.7. Conclusion
This chapter has discussed research question 3: What RL methodology suits best for this case? The most
suitable methodology for this case is the Epsilon-Greedy Monte Carlo Control.



A Markov Decision Process

This chapter describes the modelling of the algorithm. The model is developed using the choices and conclu-
sions of chapter 3 Literature Review and chapter 4: Experimental Setup. The goal of this chapter is to describe
the algorithm forming the base for the implementation of the code.

First MDP will be explained and why it is important. Secondly the environment will be discussed. Based
on this the research question 4: What is the MDP for this case? is answered. Combining this will lead to the
flow chart diagrams that will be used during the implementation of the code.

5.1. Markov Decision Process
The Markov Decision Process (MDP) is a mathematical framework that can be used for decision making. It

can be solved by RL or Dynamic programming. It specifies how the environment is transitioning with respect
to the different actions that are taken.

The use of the Markov Decision Process The theoretical framework for the RL is the MDP. It contains
the information used for the goal to find the policy function that the agent will use in every state to decide
its next action. For most real world problems the MDP is unknown or known but too big to be used so an
approximation is made.

The Markov Decision Process Contains the description of the process by four main variables:

1. Finite set of states S

2. State transition probabilities &2
Equation 5.1 represents the state transition probability matrix &,. The content of the matrix defines
the probability of the current state s ending up into one of the successor states s’ when action a is taken.
S;+1-y is defined as the possible successor states s’. From the current state s when an action a is taken
from the action set A;.

gssr“:P[SHI:S/ISt:s,At:a] (51)
All information that the agent needs to know about the future behaviour of the environment has to

be in a state. When it does, the past can be disregarded and this is called the Markov Property. Every
reaction to a action in a state is described by the & [34].

3. Finite set of actions A
4. Reward #

The reward function %%, shown in equation 5.2 , is the expected reward of the current state for a
certain action A; = a.

%saz[E[gBHﬂSt:s,A[:a] (5.2)
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5.2. Environment interaction

The TEAMS environment is used as an emulator during the experiments. Three important reasons for this
decision are the fact that it is a emulator that is already there, it is well devolved and shown to be realistic as
it is used in real ports and lastly the emulator can be used to generate data to compare the Key Performance
Indicators with the contemporary algorithm.

During this research the order generator Terminal Operating System (TOS) is not used. The system is too
complex for the orders needed for the testing of the algorithms. Therefore an order generator is designed that
replaces the TOS part in the environment. As a result, there are four main systems that work together: The
order generator, emulator TEAMS, a path planning algorithm and a RL algorithm.

5.3. Markov Decision Process definition for the case
This section described the MDP for this case.

5.3.1. States

It is important for a reinforcement learning system to chose the state variables thoughtful. This is due the fact
that for every added state variable that does not add value to the agent it will slow down the policy learning
process. The state of the system is defined by the following real time updated variables for each AGV:

* Position x of the AGV requesting its state
* Position y of the AGV requesting its state
¢ Destination x of the AGV requesting its state
* Destination y of the AGV requesting its state

For the enviroment of the AGV:

¢ Position x of AGV,

* Positiony of AGV,

¢ Destination x of AGV,
¢ Destinationy of AGV/,
¢ Orientation of AGV,,

Orientation The orientation can give a lot of extra information: there is a high possibility that the AGV is
driving in a certain direction or is taking a corner which influences the driving speed as well. The information
about the orientation is split into less than the full 360 degrees. but for example 4 different orientations. The
reason for this is that precision will not benefit the system but increase the complexity. The orientation is not
included for the AGV which request its state as these will always start at the buffer or stacking area. To be able
to park on this position, the AGV must be in a certain orientation and will therefore not add any value to the
policy learning.

Degrees AGV Code
315till 45 0
45till 135 1
135 till 225 2
225till 315 3

Table 5.1: Code to Degrees

Enlarging the number of states with for example more angles, makes the algorithm more complex and
might slow down the learning. Though, when doing so, the information where the agent bases its action on
is more detailed.
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Table 5.2: State of the AGV

(Sx,Sy); /* x,y position of AGV requesting route */
(Ex,Ey); /* x,y target of AGV requesting route */
(Cxn, Cyn); /* x,y position of AGV, */
(Exn, Eyn); /* x,y target of AGV, */
Oy; /* Orientation of AGV, */

Combining the elements to the state:
((Sx,Sy), (Ex, Ey)(Cx1, Cy1) (Ex1, Ey1) O1...(Cxp, Cyn) (Exn, Eyn)Op) ; /* State */
(2,1),(3,4),(1,1),(4,3),0); /* Example state of a two AGV environment */

The maximal value of n is the total number of AGV’s -1. The count is sorted based on the position of the
nearest AGV based on Euclidean distance. When there are AGVs that are exactly at the same distance from the
AGV for which the route is calculated, the name of the state is sorted secondly on the closest end positions
with respect to the end position of the AGV for which the route is calculated

5.3.2. Actions

The environment of the port is unknown and it is important that the path planning algorithm gets the right
data to base its route on. A heuristic function of the A* algorithm as the Manhattan method described in
chapter 2, will point the path planning algorithm effectively into the direction of the goal. Therefore, it is
not chosen to actively influence this with a machine learning action. The gain can be found by finding the
correctroute based on the knowledge about the travel cost of the terminal. As a consequence the action of this
machine learning algorithm is to learn to pick the best possible cost matrix where the A* algorithm will base
the route on. The amount of possible actions keeps on growing during the learning phase as it is an epsilon
greedy algorithm. The actions which are added are generated from the last result of the measured cost during
the specific state are memorized. The algorithm will choose this action in case it meets the e-greedy an GA
conditions. The value of these parameters are set before the learning phase.

Algorithm 1: Action
e —rand(0,1); /* Setting for random or generated actions between O and 1 */
GA«—rand(0,1); /* Setting for generated actions between 0 and 1 */
MA — False; /* If 1, time spent in each part of the terminal is measured and

added as an action for the state */
if NA=<NH then

MA<—1; /* NA is the Number of actions for the state. NH is the number of
highways in the environment */
if NA=0 then
Astate =0; /* The zero matrix is assigned so a path based on the heuristic
is chosen */
end
end

if (n <¢€) then
if (n < GA) then
A —maxQ(S); /* Cost matrix with highest Q value for this state */

MA<—1
end

else

‘ A—A;; /* A random cost matrix linked to this state */
end

end

else

‘ A—maxQ(S); /* Cost matrix with highest Q value for this state */
end
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5.3.3. Reward

The goal of the algorithm is to estimate the cost of the nodes as accurately as possible. If the algorithm finds
a cost matrix that is very close to the values in the environment, the reward should be high. Therefore the
closer the algorithm reaches this action, the higher the reward will be when a reward function is chosen that
divides the difference. This function converges to unlimited if d¢ = 0 as 1 is divided by d¢. For this reason if
dt equals to 0, the value of dt is set near the lowest possible value in a float.

Algorithm 2: Reward R

T <Y |(tmm(m,n) — tgm(m,n))|; /* Time difference between estimation and measurement

*/

tmm tam s /* time spent at area, mm is measured matrix and ma action matrix */
m=1,2..M; /* with M the number of x grid lines */
n=12..N; /* with N the number of y grid lines */
if (T = 0) then

‘ T=6%10"% /* Near the lowest possible value in a float */
end

R—1/|T|; /* The closer to the solution, the higher the reward */

5.3.4. The value of the action: the Q value

The episodic tasks of the determination of the cost matrix consist of one step. The destination is independent
of the action of the AGV. The action has influence on the accuracy of the cost matrix and therefore on the
path the AGV takes. Because the actions the AGV takes into the future does not influence the accuracy of this
action, and therefore the value of the chosen action, they are not taken into account. The value of gamma is
set to zero which is shown into algorithm 3. The Q value in this algorithm is determined by:

Algorithm 3: Q value

if (s¢ S) then

newline Q(s, a) — p; /* If the state action pair is mnever visited before, it is
initialized with p>0. This makes sure that if new actions are chosen by the
epsilon greedy part of the algorithm, they have more chance that they will
converge to their real value with respect to Q initialized = 0 */

else
Q(s+1,a+1) — (1 —-a)*Q(s,a) + (a * R(s, a)))
; /* The closer to the solution, the higher the reward */
end
end
Where:

a is the Learning Rate
R(s, a) the reward
Q(s, a) the expected value of the quality of a certain action in a given state.

Learning rate @ As the environment is explored, information about in the environment can change over
time, so do the rewards of the actions. The higher the Learning rate a, the more aggressive the algorithm will
react to changes in the value of the last reward. Because of the unknown environment we want the Q value to
adapt relatively quickly, without the system becoming unstable.



A Reinforcement Learning Based A*
Algorithm

This chapter describes the design and implementation of the Reinforcement Learning Based A* Algorithm.

First the overview and the choices in the top level are described. Then for each part of the algorithm a detailed
flow chart is given.

The overview of the algorithm The algorithm consist out of nine phases: the initialization, checking avail-
ability of an AGV; translation of the measurement to the cost matrix, calculation of the action value, observa-
tion of the current state, action selection, route calculation, communication with the emulator, and when the
set time is reached, storage of data. Figure 6.1 shows how these parts of the algorithm are connected. Each
of these phases consist out of multiple steps, which are described in further detail in the sections below. The
complete flowchart with all of the detailed steps is included in appendix A.1
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Figure 6.1: Top level algorithm

Route calculation

6.1. Initialize the algorithm

Figure 6.2 shows the steps taken during phase 1: initialization of the algorithm. Each of the steps are further
explained below.
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Figure 6.2: Phase 1: Initialization of the algorithm

6.1.1. Set time and parameters for the Machine Learning
The algorithm is flexible in the environment it can operate in when the boundaries of the environment are
given. This is gathered in initialization phase: the user customizes the areas in which the AGVs can travel, i.e.
what parts of the area are unreachable.

For each machine learning algorithm certain parameters can be set. For this algorithm it is the Learning
rate a, the number of new generated actions, abbreviated by GA, the epsilon greedy level € and the simula-
tion/learning time.

The environment matrices The path planning algorithm cannot process the raw data. This is why the the
operating environment is translated into an environment matrix, based on the shape of the terminal. The
matrix has two purposes: first, it is used to describe the positions of the AGVs as states in a position matrix.
This is used to determine which positions are available for the AGVs for their route. Second, it is used to
describe the cost for each part of the quay in an cost matrix. Each node in the matrix is assigned a travel cost
based on the measurement by the system. This is used by the path planner to determine the route. As there
are no measurements yet in this phase, the costs are initialized at zero. The main task of the RL part of the
algorithm is to create an accurate estimation for the travel cost.

As the matrix grows, so does the data used for machine learning. Therefore a smart distribution of the
area that is represented by the rows and columns of the matrix benefits the performance of the algorithm.

6.1.2. How to set the x and y distributions of the cost and position matrix

The algorithm can process the data faster if the amount of data is limited. To limit the amount of data used
by the algorithm the matrices should be designed carefully. First the y-direction is chosen and after that the
x-direction.

Row distribution of the matrix: y- direction We first take a look at the behaviour of the AGVs when ran-
domley driving around to see where it is useful to apply limitations of the horizontal lines. AGVs were waiting
at their parking positions and the when an they had to wait for another AGV driving on a highway they did
so after driving a few meters. To measure this the positions of two horizontal lines were chosen close to the
parking position. The last horizontal line is positioned btetween the highways.
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The state of the system is a snapshot of the system. Information about the AGV when it is at rest or
accelerating from its rest position is essential because the AGVs will spend a longer time at this position due
the relative lower speed with respect to other positions of the quay. Therefore a more narrow line is chosen
between the buffer and stacking area positions and the first line.

Seeing that there are two highways, the choice is made to separate the highways exactly into the middle.
Each highway has the same amount of length between the middle grid line and the highway. Distinguishing
AGVs that are performing an action or stationary, just started an action is the balance between amount of
data and precision. Therefore the final horizontal y-rows are chosen as shown in figure 6.3.
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Figure 6.3: Horizontal lines separating the Y positions

Column distribution of the matrix: x- direction Since the stacking areas at the bottom of figure 6.4 and
buffer areas at the top of the figure are not exactly lined up to each other one is chosen as a base for the x
distribution. As a consequence the stacking areas are chosen as the base. The distance between the lines
is based on the stacking positions. Due the fact that the model needs to be able to distinguish whether an
AGV is almost at its destination, it can do so combined with the angle of the vehicle. The final grid shown in
figure 6.4 is aimed to have the right balance between precision, reliability and data sufficiency. It is aspected
to provide just enough information to the model about the positions of the AGVs when a state is asked, and
the time spent at the positions of the quay.

]DDE]DE[I]]ID
AEYID1
.

Figure 6.4: Final Grid
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The x and y lines are translated into a matrix. Figure 6.5 shows how this is done with the corresponding x
and y direction as in the example.

< —3 X
no... 2 I _
n1 ... A1 Qi1

y 2 Ano ... Q29 A12
3 Gp3 ... Q23 Q13
ML Gnm ... @2, 1m |

Figure 6.5: Example of the matrix with the directions as in the container terminal

6.1.3. Connection with the emulator
Via Open Database Connectivity a connection is set where via a SQL Server, data is communicated between
the algorithm and emulator.

6.1.4. Creating empty dictionaries

The algorithm creates a place in the memory where the cost matrices, actions, states, Q values are stored. For
this purpose, dictionaries are created or emptied when the algorithm is started.

6.2. Availability

Figure 6.6 describes how the algorithm knows wheter an AGV is available for an action. This is the case when
an AGV has completed its route or when the AGV never had an order before. Then its status is Finished or
Prepared, which allows the algorithm to continue on to phase 3: create cost matrix.

If the time that is set by the user has passed, the algorithm will save the data and end the algorithm as
described in section 6.9.

Is an AGY
Finished OR
Prepared?

If time spent = Set time

Figure 6.6: Phase 2: Availability of AVGs

6.3. Create cost matrix

This section describes how the cost matrix is created. The definitions of the cost matrix are already given at
the initialization phase. When an AGV has never executed an order before, there is no measurement data
which the algorithm can process. Therefore in this case the measurement is done as if all cost were zero. After
that the state is determined. The state of the system describes the positions of the AGVs and their orientation.
For each state, there is a unique cost matrix. If there is no measurement yet, the state of the system also needs
to be determined here.

When there has been a previous order, the raw data measurement of the last executed order is translated
into the cost matrix by adding up the amount of cost, for example time spent into a position of the quay.When
the cost matrix is created the algorithm moves on to phase 4: action value calculation.
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Figure 6.7: Phase 3: Create cost matrix

6.4. Action value calculation

This section of the algorithm calculates the action value of the previous state action combination. The action
value is often referred to as the Q-value and indicates the value of the action in the particular state.

During the previous cycle of the algorithm there was determined if the data gathered during the previous
action was an Epsilon greedy action. As described in section 6.6 this is determined by a random generated
number and, if this is higher than the epsilon greedy value set by the user an epsilon greedy action is executed.

If the epsilon greedy action is true a new action number is connected to a cost matrix which is based on
the last measured data of the AGV during the latest state. In every state it is essential to know the cost of the
environment to be able to plan a route based on the complete environment in that particular state. Therefore
actions that do not have a value included to all highways, will be assigned a low action value. This way the
action with the most data will be picked. Until the learning phase for this state is finished and the start action
value is assigned to the state action.

When there is no epsilon greedy action picked the reward and action values are calculated as described in
chapter 5.

Add new action to the
database

Epsilon greedy
action?

Assign start action
value to the state  |[%—True
action

Calculate the reward
and action value

Do all possible node
have a value?

Falz=

h |

Assign negative
action value based on
the amount

L unassigned nodes

Figure 6.8: Phase 4: Action value calculation
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6.5. Observe the state

First the state is detirmended as shown in figure 6.9The state consists out of 4 variables for the main AGV plus
5 variables per extra AGV. This is the current x and current y position of the AGV, which is measured from the
emulator, the x and y destination of the AGV, this requested by the algorithm via the given order. The orienta-
tion is not included as the AGVs always start from a position which has a fixed orientation, this information
does not add any extra value for the algorithm. The five variables per remaining vehicle are their current x,y
position and x,y destination and their orientation. They are sorted by the euclidean distance between the
vehicles and the AGV requesting the route. In this way there will never be a description of multiple states rep-
resenting the same situation. When the state is unknown it will be created and stored in the state dictionary.
This dictionary will be saved afterwards so that the reinforcement learning can be used for the path planning.
Once the state is known the algorithm moves on to phase 6: select action.

State of the system is
determined and
saved

False Create a new state

numkber for the
system state

The state is
known

Figure 6.9: Phase 5: Observe the state

6.6. Select action

Figure 6.10 shows the selection of the action. There are four main ways to determine the action of the algo-
rithm.

Action for a never visited state The goal of this part of the algorithm is to determine which cost matrix will
be sent to the path planning algorithm. If the state the AGV is in has never been visited before, the first state
action combination that will be used is the zero matrix.

Action for a state that is visited less than the number of highways When an AGV travels a path, the data
of this is saved into a the action matrix used for the choice of the path. This action matrix is the latest action
used for the state. Each element related to the path the AGV just travelled, is replaced by the measured values.
The rest of the elements remain their value. The first cost matrix used for a new state is the zero matrix. This
is done so that the path planning algorithm will take a path that is not taken before due the low cost of this
route. As a consequence the part of the matrix that is not travelled remains at zero cost and is very likely to be
chosen. This way the cost for all of the highways are at least measured once. Therefore the first n times every
time new cost matrices are created and are added to the action library.

A random Action If the state is visited before and the number of actions for the state are equal or higher
than the number of highways, the algorithm gets at the epsilon greedy part. Epsilon greedy makes sure that
the algorithm sometimes takes an unexpected action to discover the consequences of the action. When an
algorithm does not have such a choice it will keep focused on a fixed set of actions, while there may be better
ones around. At the initialization part of the algorithm the user decides which percentage of the time an
epsilon greedy action is taken.
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A generated Action The user can decide a percentage of the time a new action is created when a random
action is chosen. This new action is created using the epsilon greedy database where the latest cost matrix
is stored related to the state and action. This new action number and cost matrix is then stored into the
database.
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Figure 6.10: Phase 6: Select action

6.7. Route calculation

The selected action in phase 6 is send to the route calculator. In this case the A* algorithm is used with the
heuristic function as described in section 6.7.1. In phase 5 is determined whether this action is a random
selected action. The goal of a random selected action is that a the AGV will discover a new cheaper route.
Though during the testing it often happened that the actions which where generated lead to the same high-
way route. As this random selected action has the goal to rediscover the best route once the AGVs behaviour
start to settle. Therefore, when a random action is picked, the second best route is selected so that the AGV
will rediscover a route or confirm that the previous found route is the better one.



6.8. Path planning and communication with the emulator 47

he action is a random
True selected action

Falze
¥
The second cheapest The best cheapest
route is selected route is selected

v

Send route to the
emulator

Figure 6.11: Phase 7: Route calculation

6.7.1. Settings of the path planning algorithm

During the experiment it is assumed that paths with more that two corners is always less efficient for the
system than a route taking two or less. An AGV changing its highway is rarely beneficial. Therefore, the action
of an AGV changing a highway is assumed to be so costly that paths generated by the Machine Learning Path
Planning (MLPP) algorithm contains one highway. The A star is limited to generate a path where a maximum
of two corners is allowed.

Heuristic function The heuristic of the A* path planning algorithm can be calculated using different meth-
ods. This is depended of the way the vehicle can move. Choosing the right heuristic has influence on the
speed but also on the correctness of the outcome of the calculation. Another heuristic function is the Eu-
clidean distance which takes a straight line from the current node to the goal. This heuristic is preferred
when the vehicle can drive into an straight line towards its goal. Another heuristic function is the the Man-
hattan distance. When one takes a top view of Manhattan one can see that when driving towards a street
which is not in a straight line connected to the current one, one has to take a minimum of one corner. This
distance is calculated as shown in equation 6.1

This research is focused op container terminals with highways. Therefore the AGVs cannot drive in straight
lines towards their goal as they have to follow the highway grid. The Manhattan heuristic takes this behaviour
into account and is chosen as heuristic function for the A*.

Hw)=dx+dy (6.1)
Where:
dx = |(Xposition — Xdestination)|
Vinax(aGv)
dy= |(Yposition — Ydestination)|

Vinaxacv)

Admissibility A condition of the heuristic function to be admissible is that it will never overestimate the cost
of the node to the destination. Within the algorithm the total cost of the path is given in seconds. Therefore
the algorithm will calculate the heuristic by the distance between in x direction devided by the maximum
speed plus y direction devided by the maximum speed. If the emulation speed increases, the V};,,x4cv) does
thosen which the AGV will never be able to over is calculated

6.8. Path planning and communication with the emulator

The layout of the quay is very important for the path planning. If a path is suggested which is not allowed, the
emulator will give an error or choose one by itself. Therefore the action is adjusted so that the path planning
algorithm can never plan a path over the areas that are not allowed e.g. the water.
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In the algorithm a module is build so that the output of the path planning gives a suggested highway. This
is used during the complete thesis, but can be turned off. An AGV changing its highway is assumed to be
not beneficial. Given that, the action of an AGV changing a highway is assumed to be so costly that paths
generated by the MLPP algorithm contain one highway. The project boundaries are limited to suggesting one
highway per order. This highway is calculated using a path planning algorithm.

v

Send route to the
emulator

Figure 6.12: Phase 8: Send to the emulator

6.9. Save states, actions and action values

As shown in figure 6.13, if the set learning time is expired the last part is saving all data regarding the state,
action and action value. This way the data can be loaded next time and the algorithm can continue controlling
the AGVS. Also the data related to the KPI are saved into .csv files with unique names regarding the time, data,
and the settings of the machine learning. This way it is easier to process the data later on if needed.

Iz an AGV
Finished OR
Prepared?

True

If time spent = Set time

Save ctates, actions
and action values

Figure 6.13: Phase 9: Learning phase



Experiments and Results

The current research centres around the main question How can Machine Learning increase the efficiency
of path planning for automated guided vehicles at a container terminal? In order to answer this question,
the current research has developed the proposed algorithm as described in the previous chapters. Next, this
algorithm will be tested for efficacy. Hence, this chapter answers research question 5: How does the algorithm
perform in the experimental setup?

First, the in this thesis proposed algorithm Vehicle Aware Reinforcement Learning Path Planning Algo-
rithm (VARLPPA) is compared to the state of the art algorithm Optimized Path Algorithm Based on Reinforce-
ment Learning (OPABRL) designed by Liu et al. (2019), in order to find the scientific academic innovative
element. Next, a sensitivity analysis is conducted, then the algorithm is verified and validated.

After this, several experiments are conducted, as described in chapter 4. The KPIs for VARLPPA are com-
pared to the OPABRL algorithm in order to answer sub-question 5a: How does the algorithm compare to the
state of the art machine learning path planning, in terms of the KPIs? The KPIs for VARLPPA are compared
to the TEAMS algorithm in order to answer sub-question 5b: How does the algorithm compare to the path
planning algorithm of TBA, in terms of the KPIs? Lastly, research question 5 is answered.

7.1. Scientific academic innovation of the algorithm
This section compares the OPABRL with VARLPPA. Liu et al. uses the following phases. Below is description of

each phase, the comparison is made to the Vehicle Aware Reinforcement Learning Path Planning Algorithm
(VARLPPA), which is shown in italics.

1. Create a grid: the map used in the Liu algorithm is converted into a grid, in order to “clearly identify
safe and unsafe areas on which we can plan the path of the intelligent vehicle”.
- This is also done in the VARLPPA by identifying the areas in the grid which the path planning algorithm
is not allowed to include in its path determination.

2. Boundary learning process: in this phase, the vehicle drives along the edges between the nodes in
the grid, while utilising sensors to scan the environment. This is how it learns the distribution of the
obstacles.

- In the VARLPPA algorithm, this pre-learning phase is integrated into the learning phase, by starting with
initialized zero cost matrices so the A* algorithm will include all zero nodes into its first paths planned.
This way the opportunity arises to record cost data for all nodes.

3. Input start and end point.
This input is given to the algorithm, just like the OPABRL.

4. A priori reinforcement learning training: in this phase, the vehicle explores a reference path: the op-
timized shortest path algorithm determines the next grid position from the starting point while at the
same time, the vehicle scans every node to determine whether it is safe. If this is not the case, the node
is marked as unsafe and the previous node is set as the starting point. This cycle continues until the

49
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reference path is determined.

- The VARLPPA does not optimize for every node while driving, but updates the costs after each measure-
ment instead. This is possible because the routes in industrial environments such as ports and ware-
houses are less variable and often shorter than the ones drove by road vehicles. Furthermore, every lane
change requires making a corner, which is always more costly than continuing in the same lane. In the
case of the road vehicle, this would be a minor effect on the goal of the system, but in the industrial en-
vironment, every action of the individual vehicle affects the goal of the whole system: to move as many
vehicles per time unit. Therefore, the action of the vehicle will not be changed during the driving process,
which differs from the approach by Liu et al.

5. Machine learning phase: using reinforcement learning to recalculate the value of the path while driv-
ing.
- The VARLPPA collects data from all vehicles in the port to determine the state of the system within a split
second. This is not possible in the environment of Liu et al.

The innovative element The most innovative element of the VARLPPA, compared to the design of the
OPABRL, is the vehicle aware element: at every state of the VARLPPA, the state of the other vehicles is mea-
sured and taken into account, whereas the OPABRL is only used for the path planning of a single vehicle. In or-
der to determine the added value of this element, the experiments discussed below will compare the VARLPPA
with and without the vehicle aware element Reinforcement Learning Path Planning Algorithm (RLPPA). In the
sections below this is called 'Vehicle Aware’ and ’'Single Vehicle’, respectively.

7.2. Sensitivity analysis

A sensitivity analysis is conducted to examine how the settings of the model influence the outcome of the
amount of completed orders during the experiment phase. Therefore four different set ups regarding the
parameters are created and compared to each other in a preliminary experiment.

7.2.1. Determining the parameter settings during learning
In this preliminary experiment, the settings of the algorithm are manipulated to see whether this has a sig-
nificant influence on the results of the algorithm. Four experiments are conducted with different setups, as
shown in table 7.1.

The first column shows the setup number for reference. The second shows the learning rate a, the third
shows the value for the epsilon greedy €, and the last column shows the setting for the new Generated Action
(GA).

Learningrate ¢ The learning rate influences the effect the measured reward has on the value of the action.
The higher the Learning rate , the more aggressive the algorithm will react to the value of the last reward.
Because of the unkown environment we want the Q value to adapt relatively quickly, without the system
becoming unstable.

For setup 1, an «a value of 0.1 is chosen. This is relatively low compared to other values in the literature.
For setup 2, an «a value of 0.3 is chosen. This is relatively high compared to other values in the literature.
Between setup 1 and 2 this is the only parameter which is adapted and can therefore give a good indication
of the influence.

Epsilon ¢ Finding the right balance between exploration and exploitation is essential in RL. Exploration is
finding new information on the environment in order to discover a new and potentially better policy. Ex-
ploitation is using the current information for reward maximization by choosing the current action with the
highest action value.

The settings for € influences the chance that a greedy action is chosen. When epsilon is 1, all actions are
exploitation and therefore never a greedy action is chosen. If the epsilon is 0, always a greedy action is chosen
and no actions will be exploited. Therefore, € indicates the balance between exploitation and exploration.

For setup 2, an € value of 0.9 is chosen. This is relatively high compared to other values in the literature.
For setup 2, an € value of 0.7 is chosen. This is relatively low compared to other values in the literature.

Between setup 2 and 4 this is the only parameter which is adapted and can therefore give a good indication
of the influence.
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Generated Action (GA) When the algorithm is exploiting, it measures the action with the highest value.
When the algorithm is exploring, it has two options: to explore an existing action that does not have the
highest value, or to generate a new action. The setting for GA influences the chance that either option is
chosen. The higher the value of GA, the higher the chance a new action is measured.

For setup 3, a GA value of 0.5 is chosen, so the algorithms opts for new actions equally as often as for
existing actions. For setup 4, a GA value of 0.3 is chosen. In this case, the algorithm opts more often for
existing actions than for new actions. This way, comparing these setups can show the effect of the amount of
generated actions on the results of the algorithm.

Between setup 3 and 4 this is the only parameter which is adapted and can therefore give a good indication
of the influence.

Setup during learning alpha epsilon | Generated Action (GA)
1: 0.1 0.9 0.3
2: 0.3 0.9 0.3
3: 0.3 0.7 0.5
4: 0.3 0.7 0.3

Table 7.1: Parameter settings experiments during learning phase

7.2.2. Parameter settings evaluation time

With the learned policy the agent executes the orders during 30 minutes. The agent is able to change the
action values, as alpha is not equal to 0. This is done so that the learned best action will continuously be
evaluated. To keep the behaviour changes minimized, the greedy actions are taken out of the learning process
so the policy is more stable during the evaluation. The settings of the parameters are shown in table 7.2.

Setup during alpha epsilon | Generated Action (GA)
evaluation

I: 0.1 1 0
2: 0.3 1 0
3: 0.3 1 0
4: 0.3 1 0

Table 7.2: Parameter settings experiments after learning phase

7.2.3. Results parameter settings
The results in table 7.3 are based on the average of 2 emulations of 30 minutes after a learning phase of 3
hours in an emulation where the time is 4x accelerated.

Comparing the learning rate a using setup 1 and 2, we can see that in both experiment A and B, setup 2
performs better. So far the a setting of a = 0.3 is preferred.

Comparing the balance between exploitation and exploration € using setup 2 and 4, we can see that in
both experiment A and B, setup 2 performs better. So far setup 2 the € setting of € = 0.9 is preferred.

Comparing the balance between exploring new and existing actions GA using setup 3 and 4, we can see
that in both experiment A and B, setup 4 performs better. So far the GA setting of GA = 0.3 is preferred.

Setup Movements experiment A Movements experiment B

(S-curve) (U-curve)
1: 246 238
2: 265 261
3: 201 181
4: 229 213

Table 7.3: Results 30 min emulation experiments after learning phase of 180 minutes

Sensitivity analysis As shown above, the settings of the parameters influence the behaviour of the model
and this behaviour can be argumentative declared. One can conclude that the model is sensitive to the pa-
rameters of the model.
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Preferred settings for the experiments The preferred setup is alpha = 0.3, epsilon = 0.9 and GA = 0.3. This
corresponds to setup 2, which performs the best overall.

7.2.4. Learning time

To determine the Learning time of the experiments, three emulations were conducted during 7 hours at a
speed of 4x real time. All emulations were chosen to take place in scenario A: the S-curve, as the AGVs have
to travel more in this scenario compared to scenario B. Therefore, the amount of new states is expected to
be higher in scenario A. The results are shown in figure 7.1. The blue line is emulation 1, the orange line is
emulation 2, the green line is emulation 3 and the red line is the average of all three emulations. The y axis
shows the amount of new states that were found during the time interval of 30 minutes. The x axis shows the
emulation time in hours.

In all three emulation, the amount of new states decreased to nearly zero after seven hours. As the graph
shows, the amount of new states fluctuates up to 4.5 hours. After 4.5 hours, the fluctuation is negligible.
Therefore the algorithm is trained with a learning time of 4.5 hours, which is 270 minutes.

The equipment emulator is set at a speed of 4x real time. The learning time of 4.5 hours thus corresponds
to 18 hours of real time.
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Figure 7.1: New states per hour simulating the S scenario

7.3. Verification

Action matrix During the experiments the action matrices are created based on the historical data. The
data that is created by the model and shown in the emulation of the terminal is verified with the matrix that
is created by the model. The route that is taken by the AGV and the time spent in each part of the map
corresponds with the matrix created by the model.

An example is matrix 7.1 where the AGV drove without any disturbances on highway 1. The time changes

when accelerating and decelerating near the start and end point. While driving on the highways there is no
time spent in other areas than the highway. The areas of the highways in between the stacking areas are
slightly larger and this can be seen in that matrix as well.
0. 0 0 0 0 0 0 0 0 0
0. 0 0. 0.0 0 0 0 0 0.
27 0.523 0.297 0.243 0.297 0.25 0.3 0.483 0.233 0.54 0.787

0. 0. 0. 0 0 0. 0 0 0. 0

0. 0 0. 0. 0. 0. 0. 0. 0 0

0 0. 0
0. 0. 0.
.303 0.79 0.53 0.
017 0. 0.
0 0. 0

cooo

0. 0.0
0. 0.0.
.367 0. 0. (7.1)
. . . . 0. . 336 0. 0.
. . . . 0. . 0. 0.0

Order The AGV needs to give a signal to the model when it arrives at its final destination, this way a new
measurement can start when a new order is created.

Highway check The highway is determined by the algorithm and sent to the emulator. The emulator exe-
cutes the order as given by the algorithm as we can see that the AGV drives along the route as ordered by the
algorithm.

7.4. Validation

To see whether the algorithm can be applied in the real world, the choice was made to connect the algorithm
to TEAMS. The algorithm is able to control the AGVs without issues. The TEAMS software is used at container
terminals all over the world. A side note is that this has only be done at a small scale of the terminal. When the
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idea described and tested in this thesis will be scaled up, the algorithm can be made more efficient regarding
the use of data and be more by for example integrating it more into the software of TEAMS.

7.5. Results scenario A: the S-curve

In this section the performance of the VARLPPA (Vehicle Aware) is compared to the performance of the RLPPA
(Single Vehicle) and the TEAMS algorithm. The following subsections display the results of the ratio of high-
way choice and both Key Performance Indicators. The learning time is 4.5 hours and the emulation time is
60 minutes at a speed of 4x real time.

7.5.1. Highway distribution

To see how the behaviour of the AGVs is influenced by the algorithms, this experiment has collected data
regarding the choice of highway. Figure 7.2 and 7.3 show the behaviour of AGV 1 and AGV 2, respectively.
Each of the graphs show the ratio of which highway is chosen by each AGV. The X axis shows the percentage
of the choice of Highway one and Highway two. The Y axis show the results for each algorithm.

AGV1 The Single Vehicle algorithm learned a preference for highway one by 56.4 percent, the Vehicle Aware
algorithm learned a preference for highway two by 60.1 percent and the TEAMS algorithm had assigned each
highway to each direction: the AVG travelled west on highway 2 and east on highway 1. This way, the TEAMS
algorithm distributed the movements to both highways equally.

AGV2 The Single Vehicle algorithm learned a preference for highway one by 70.7 percent, the Vehicle Aware
algorithm learned a preference for highway two by 59.2 percent and the TEAMS algorithm had assigned each
highway to each direction: the AVG travelled west on highway 2 and east on highway 1. This way, the TEAMS
algorithm distributed the movements to both highways equally.
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Figure 7.2: Ratio of highway choice AGV 1 S scenario
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Figure 7.3: Ratio of highway choice AGV 2 S scenario

7.5.2. KPI 1 Productivity: Total number of completed orders
To measure the productivity of each algorithm, the total number of completed orders (movements per hour)
was measured. Figure 7.4 shows the total movements per hour for both AGVs for each algorithm after 270
minutes of learning.

The TEAMS algorithm completed 476 movements per hour, the Single Vehicle algorithm completed 501
movements per hour and the Vehicle Aware algorithm completed 530 movements per hour.

Both the Single Vehicle algorithm and the Vehicle Aware algorithm performed better in terms of move-
ments per hour compared to the TEAMS algorithm.
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Figure 7.4: Total number of movements per hour S scenario

7.5.3. KPI 2.Container flow: The lowest number of completed orders by an AGV.
Figure 7.5 shows the lowest number of completed orders by each AGV.
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When the Single Vehicle algorithm is executed, there is a small difference between the AVGs. The lowest
amount of orders per hour was achieved by AGV 2, which completed 250 movements per hour. This is 49.9 %
of the total amount of orders .

The Vehicle Aware algorithm also results in a small difference between the AGVs: AGV 1 completed 264
movements per hour, which corresponds to 49.8 % of the total amount of orders.

When using the TEAMS algorithm, both AGVs make an equal amount of movements per hour.

The target value for the KPI is to be within 15% of the value for the current TEAMS algorithm or higher.
Seeing as this is the case, the KPI is achieved.
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Figure 7.5: Percentage of movements per hour per AGV, S scenario after 270 min learning

7.6. Results scenario B: the U-curve

In this section the performance of the VARLPPA (Vehicle Aware) is compared to the performance of the RLPPA
(Single Vehicle) and the TEAMS algorithm. The following subsections display the results of the ratio of high-
way choice and both Key Performance Indicators. The learning time is 4.5 hours and the emulation time is
60 minutes at a speed of 4x real time.

In this U-scenario, it is possible for the AGVs to choose the same route every time and never cross each
other. Therefore, the researchers found a hypothesis for a best performing scenario, in which AGV 2 always
takes the small U via highway 2, and AGV 1 always takes the large U via highway 1. To test this hypothesis, a
new scenario is added to the emulation. This scenario is called 'Forced Highway algorithm’, and manipulates
AGV 1 into taking the large U and AGV 2 into taking the small U. These results are described below.

7.6.1. Highway distribution

To see how the behaviour of the AGVs is influenced by the algorithms, this experiment has collected data
regarding the choice of highway. Figure 7.6 and 7.7 show the behaviour of AGV 1 and AGV 2, respectively.
Each of the graphs show the ratio of which highway is chosen by each AGV. The X axis shows the percentage
of the choice of Highway one and Highway two. The Y axis show the results for each algorithm.

AGV1 The Single vehicle learned a preference for highway two by 73.3 percent, the Vehicle Aware algorithm
learned a preference for highway two by 67 percent, and the TEAMS algorithm had assigned each highway to
each direction: the AVG travelled west on highway 2 and east on highway 1. This way, the TEAMS algorithm
distributed the movements to both highways equally. The 'Forced Highway algorithm’ is forced to travel via
Highway 1.

AGV2 The Single vehicle learned a preference for highway two by 70 percent, the Vehicle Aware algorithm
learned a preference for highway two by 93.3 percent, and the TEAMS algorithm had assigned each highway
to each direction: the AVG travelled west on highway 2 and east on highway 1. This way, the TEAMS algorithm
distributed the movements to both highways equally. The 'Forced Highway algorithm’ is forced to travel via
Highway 2.
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7.6.2. KPI 1 Productivity: Total number of completed orders

To measure the productivity of each algorithm, the total number of completed orders (movements per hour)
was measured. Figure 7.4 shows the total movements per hour for both AGVs for each algorithms after 270
minutes of learning.

The forced highway algorithm completed 504 movements per hour, the TEAMS algorithm completed 473
movements per hour, the Single vehicle algorithm completed 494 movements per hour and the Vehicle Aware
algorithm completed 518 movements per hour.

All algorithms are within 15% of the movements per hour, compared to the TEAMS algorithm. The Vehicle
Aware algorithm achieved the highest amount of movements per hour.
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7.6.3. KPI 2.Container flow: The lowest number of completed orders by an AGV.

Figure 7.9 shows the lowest number of completed orders by each AGV. When the Single Vehicle algorithm is
executed, the lowest amount of orders per hour was achieved by AGV 1, which completed 226 movements per
hour. This is 45.7 % of the total amount of orders. In case of the Vehicle Aware algorithm, AGV 1 completed
234 movements per hour, which corresponds to 45.2% of the total amount of orders. When using the TEAMS
algorithm, AGV 1 completed 221 movements, which corresponds to 44.7 % of the total. Lastly, in the Forced
Highway scenario, AGV 1 completed 218 movements per hour, which is 43.3% of the total.

As described above, each scenario shows the same behaviour of AGV 1 achieving fewer movements per hour
than AGV 2. This behaviour can be explained by the fact that AGV 1 has to drive the large U which is a longer
route and can therefore complete fewer movements per hour with respect to AGV 2. The target value for the
KPI is to be within 15% of the value for the current TEAMS algorithm or higher. Seeing as this is the case, the
KPI is achieved.

Percent?&e of movements per hour per AGY. U scenario after 270 min learning

. AGY one
. AGV two

il
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% movements per hour

Figure 7.9: Percentage of movements per hour per AGV, U scenario after 270 min learning
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7.7. Evaluation of the algorithm
This chapter has provided an analysis of the proposed algorithm.

7.7.1. Sub-question 5a: How does the algorithm compare to the state of the art machine

learning path planning, in terms of the KPIs?
The most innovative element of the VARLPPA, compared to the design of the OPABRL, is the vehicle aware
element: at every state of the VARLPPA, the state of the other vehicles is measured and taken into account,
whereas the OPABRL is only used for the path planning of a single vehicle. In or- der to determine the added
value of this element, the experiments discussed above have compared the VARLPPA with and without the
vehicle aware element. These algorithms were called "Vehicle Aware’ and ’Single Vehicle’, respectively.

KPI 1: Productivity The Vehicle Aware algorithm outperformed the Single Vehicle algorithm in both sce-
narios, in terms of KPI 1: movements per hour. In Scenario A, the performance was increased by 5.8% which
is 29 movements per hour, and in scenario B, the performance was increased by 4.9%, which is 24 movements
per hour.

KPI 2: Container flow The Vehicle Aware algorithm performed equally as well as the Single Vehicle algo-
rithm in both scenarios, in terms of KPI 2: The lowest number of completed orders by an AGV. In both sce-
narios, the value of the Vehicle Aware showed a negligible difference between both AGVs.

7.7.2. Sub-question 5b: How does the algorithm compare to the path planning algorithm

of TBA, in terms of the KPIs?
KPI 1: productivity The Vehicle Aware algorithm outperformed the TEAMS algorithm in both scenarios,
in terms of KPI 1: movements per hour. In Scenario A, the performance was increased by 11.3% which is 54
movements per hour, and in scenario B, the performance was increased by 9,5%, which is 45 movements per
hour.

KPI 2: Container flow The Vehicle Aware algorithm performed equally as well as the Single Vehicle algo-
rithm in both scenarios, in terms of KPI 2: The lowest number of completed orders by an AGV. In both scenar-
ios, the value of the Vehicle Aware algorithm was within 15% of the value for the current TEAMS algorithm.

7.7.3. Hypothesis evaluation: How does the algorithm compare to the path planning of
the Forced Highway algorithm, in terms of the KPIs?

In the U scenario the hypothesis is tested whether the forced highway of the AGV in which they will never be

able to run into each other outperforms the algorithm.

KPI 1: productivity The Vehicle Aware algorithm outperformed the Forced Highway algorithm, in terms of
KPI 1: movements per hour. The performance was increased by 2.8% which is 14 movements per hour.

KPI 2: Container flow The Vehicle Aware algorithm outperformed the Forced Highway in terms of KPI 2:
The lowest number of completed orders by an AGV. The lowest number of completed orders for Vehicle Aware
was AGV 1 with 226 movements per hour, and the lowest number for the Forced Algorithm was 218 move-
ments per hour.

7.7.4. Research question 5: How does the algorithm perform in the experimental setup?
The proposed algorithm outperforms both the state of the art algorithm and the TEAMS algorithm in both
scenarios. Therefore, the scientific academic innovation and the innovation for TBA have been demon-
strated.



Managerial insights and discussion

This chapter describes the Managerial insights and the discussion of the insights found during the thesis.

8.1. Managerial insights

This section describes the Managerial insights regarding the behaviour of the vehicles, how to cope with the
terminal size regarding the evaluation areas and travel time, and finally learning from a real world terminal.

8.1.1. Machine vs human

As was demonstrated by the disproved hypothesis in subsection 7.7.3 the assumption of the engineer was out-
performed by the Vehicle Aware algorithm. This demonstrates how machine learning can provide innovative
solutions by learning a new policy.

8.1.2. Innovation by machine learning

As was shown by section 7.7.1, the proposed machine learning algorithm outperformed the current path
planning algorithm in the tested scenarios. Therefore, it is recommended to research how machine learning
can be applied on a broader scale to explore other scenarios.

8.2. Discussion

This section discusses limitations of the current research as well as suggestions for further research.

Vehicle behaviour The vehicle behaviour influences the results of the machine learning algorithm. For
example, the AGVs in the TEAMS emulator are programmed to wait for other vehicles to pass when they are
crossing their path. This is shown in figure 8.2. AGV 2 waits for AGV 1 to pass. In this case, the more efficient
solution would be for AGV 1 to choose highway 1 instead of highway 2, so the AGVs never have to cross.
However, since AGV 2 just waits for its turn, AGV 1 doesn’t have to brake, which would indicate that highway
1 would be the better option, and thus never learns the optimal policy.

A solution would be to take the waiting time into account, so the action is influenced by the waiting time.
This is a topic for further research.
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Figure 8.1: Influence of the AGV behaviour

Effect on other vehicles It is not possible for an AGV to learn the influence it has on the other AGVs. Each
AGV learns the best route for itself based on the environment state. Although it has some information about
the other AGVs’ position and goal, as long as it is not disturbed by other AGVs, it will never learn to take
another route. An example is given in image 8.2. Further research is necessary to improve the algorithm.
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Figure 8.2: Influence of the AGV behaviour

The size of the terminal The size of the terminal during this research is limited due to the scope of this
research. Therefore, further research can be done to indicate if the scale of the environment influences the
performance of the algorithm.

Learning form a real world terminal The model which has been used during the tests is based on the data
delivered by the manufacturers of the vehicles. Although this data is very close to the reality, there is still some
variation. Further research can be done by connecting the algorithm to a real terminal without executing the
highway choice.

Improve the heuristic function The heuristic function for this algorithm is the same for every node. Future
research can be done by integrating more information in the heuristic function of the A* algorithm. This
might have a positive impact on the results and the search time of the A* algorithm.

An example is when the AGV needs to travel along an area where containers are stacked, the suggested
heuristic function will not avoid searching in that direction. Therefore, this should be integrated into a
smarter heuristic function, to converge to the optimal path faster. The recommendation is to add this in-
formation to the state of the algorithm.



Conclusion

This thesis has provided insight into how machine learning can be beneficial to path planning in container
terminals.

In automated container terminals, the Automated Guided Vehicles (AGVs) are guided by a path planning
algorithm. In some cases, the layout leads to exceptional situations where case-specific solutions have to
be found by the engineers to optimize the behaviour of the AGVs. Tuning or even building new software for
each single situation requires a lot of manpower. Therefore there is potential in the integration of machine
learning in software for the path planning systems in automated container terminals.

This thesis has proposed the machine learning algorithm Vehicle Aware Reinforcement Learning Path
Planning Algorithm (VARLPPA). This algorithm uses Monte Carlo Control method. The algorithm consists out
of nine phases: the initialization, checking availability of an AGV, translation of the measurement to the cost
matrix, calculation of the action value, observation of the current state, action selection, route calculation,
communication with the emulator, and when the set time is reached, storage of data.

The algorithm was tested in terms of scientific academic innovation and the value for the company TBA
by multiple experiments.

9.1. Main research question
How can Machine Learning increase the efficiency of path planning for automated guided vehicles at a con-
tainer terminal?

The proposed Machine learning algorithm has been proven by the experiments to be capable to come up
with a policy which can outperform the current TEAMS algorithm, as well as the algorithm with the single
vehicle states used in state of the art reinforcement learning path planning algorithms. By observing the
position and destination of the AGV and the position, orientation and destination of the surrounding AGVs,
the algorithm is capable to find a policy that is able to plan paths efficiently based on the A* algorithm.

The results show that the algorithm which takes the Vehicle Aware into account performs better regarding
the KPIs then the algorithm that does not. The Machine Learning can increase the efficiency of path planning
for automated guided vehicles at a container terminal if the states are well chosen.

The thesis has shown that it is possible to increase the efficiency of path planning in a container terminal
by applying machine learning.
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Abstract. This thesis has provided insight into how machine learning can be
beneficial to path planning in container terminals.

Path planning algorithms can be used in environments with automated ve-
hicles. A well known algorithm is the A* path planning algorithm, which is
the fastest optimal path planning algorithm under satisfied conditions. How-
ever, the behaviour of a container terminal is unknown beforehand, costs can
change over iterations. Therefore, Liu et al. [Liu et al., 2019] and Keselman
et al. [Keselman et al., 2018] show the advantage of combining A* with Ma-
chine Learning. This way, the exploring part of the ML algorithm is combined
with the fast and more precise properties of the A* PP algorithm.

This thesis has proposed the machine learning algorithm Vehicle Aware Re-
inforcement Learning Path Planning Algorithm VARLPPA. This algorithm uses
Monte Carlo Control method. This is a model free approach, which has been
shown in both experiments to find more efficient solutions in exceptional sit-
uations.

Keywords: Container terminal - Reinforcement Learning - Path Planning

1 Introduction

As the world economy keeps growing, the container cargo shipping demand will
keep increasing, particularly in developing countries Shibasaki [2021]. With the growth
of the demand for Twenty-foot Equivalent Unit (TEU) transport, the demand for
smarter and faster container terminals increases with it.

Their layouts differ among one other because of different surroundings, equip-
ment, degree of automation etc. This causes different challenges for each termi-
nal. In automated container terminals, the Automated Guided Vehicles (AGVs) are
guided by a path planning algorithm. In some cases, the layout of the terminal leads
to exceptional situations where case-specific solutions have to be found by the engi-
neers to optimize the behaviour of the AGVs. Tuning or even building new software
for each single situation requires a lot of manpower. A solution for the path planning
software to adapt to situations in (new) terminals can be Machine Learning. Machine
Learning is software which uses data to draw conclusions or to choose an action. An
example would be to use information about the terminal to choose the most effi-
cient path for the vehicles. In doing so, Machine Learning software can cope with
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any new situation. Conclusions of the Machine learning algorithm can be integrated
into the existing software to improve the in the industry used software in specific
cases. Therefore there is potential in the integration of machine learning in software
for the path planning systems in automated container terminals.

1.1 Problem definition

In order to contribute to the improvement and scientific academic innovation of
path planning software of container terminals, this paper applies Machine Learning
to path planning in container terminals, by designing an innovative Machine Learn-
ing path planning algorithm.

This paper is organized as follows: first, the state of the art path planningis described
by reviewing the literature in section 2. Second, an innovative algorithm is proposed
for path planning in container terminals, using a Markov Decision Process in section
3 and describing the algorithm in section 4. Next, section 5 describes the Key Perfor-
mance Indicators and multiple experiments. Section 6 and 7 describe the Sensitivity
analysis and the verification and validation, respectively. The results of both experi-
ments are described in section 8 and 9. Finally, the algorithm is evaluated in section
10 and the conclusion is drawn in section 11.

2 Related work

This section discusses the literature found on path planning algorithms in combina-
tion with reinforcement learning.

2.1 What are Path Planning algorithms?

Path planning algorithms are used in a variety of situations and environments where
routes need to be determined. The algorithm is used to find the shortest path based
on the given data. Examples are logistic environments, such as finding the best route
for a mobile robot [Duchon et al., 2014], guiding autonomous vehicles across a cam-
pus environment Park and Kee [2021], navigation of ships in wind farm areas [Zha
et al., 2019], and, as is the case in the current paper, Automated Guided Vehicles in
container terminals. The goal of the algorithm depends on the needs of the user. Ex-
amples are to find the lowest cost, shortest path or most fuel efficient-path. Thus,
for each situation another path planning algorithm fits best. The fundamental algo-
rithm for Path planning is the Dijkstra algorithm. A variant of it, the A* algorithm is
widely used (Zhang and Zhao [2014]).

Unknown scenarios Dijkstra and A* are based on a static environment and will not
deliver the shortest path when the costs are unknown or not precise. However, the
algorithms can be used to plan paths in these environments, albeit not the best way.
Examples are planning the route in local areas when collisions are predicted [Zhang
and Li, 2017].
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2.2 Reinforcement learning applied to Path Planning

There are several methods to apply Reinforcement Learning to path planning.

First of all, [Eiffert et al., 2020] created an algorithm that can interact with the
world around it, e.g. pedestrians, using a MCTS algorithm. Second, Zhou et al. [2017]
have created a multi vehicle reinforcement learning algorithm where agents first
learn their policy and reward models while interacting individually with the envi-
ronment. Third, Sichkar [2019] have created a path planning algorithm used in a
static environment using Q-learning and SARSA algorithm. Third, Liu et al. [2019]
made a path planning algorithm which combines the A* algorithm with reinforce-
ment learning. Last, [Keselman et al., 2018] suggests a method in which the heuristic
is calculated using a general model-based reinforcement learning algorithm.

Under satisfied conditions, A* is the fastest optimal path planning algorithm [Dechter
and Pearl, 1985]. Liu et al. [2019] and Keselman et al. [2018] show the advantage of
combining A* with Machine Learning. This way, the exploring part of the Machine
Learning algorithm is combined with the faster and more precise properties of graph
search PP algorithms. However, there is a gap in the literature regarding applying this
to container terminals. There is potential in combining the A* algorithm with a re-
inforcement learning algorithm to create a stronger path planning algorithm in con-
tainer terminals. There is possible gain in using machine learning for the heuristic or
the cost part of the A* algorithm. Because the environment is unknown, costs change
over iterations.

Another gap is to combine the A* algorithm with machine learning and vehicle
awareness planning. Currently there is no literature on this subject. Consequently,
the current research investigates the possibilities of combining the A* algorithm with
machine learning and vehicle aware planning. This concept is worth investigating,
as this has never been done before for a container terminal.
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3 Methodology

The proposed algorithm is designed according to the Markov Decision Process.
This section describes the MDP for this case.

3.1 State elements

Itis important for a reinforcement learning system to choose the state variables care-
fully. This is because every added state variable that does not add value to the agent
will slow down the policy learning process. The state of the system is defined by the
following real time updated variables for each AGV:

— Position x of the AGV requesting its state
Position y of the AGV requesting its state
Destination x of the AGV requesting its state
Destination y of the AGV requesting its state

For the environment of the AGV:

Position x of AGV,
Position y of AGV,,
Destination x of AGV,
Destination y of AGV),
Orientation of AGV/,

Orientation The orientation of the other AGVs provides extra information on the
state of the system. For example, when an AGV is taking a corner, it is driving slower
compared to driving in a straight line on a highway. This influences the optimal ac-
tion for the path planning. The orientation will provide an indication of which AGVs
are taking a corner, among other things.

The information about the orientation is not described as the full 360 degrees,
but rather as 4 different orientations, as shown in table 1. The reason for this is that
precision will not benefit the system but rather increase the complexity. The orien-
tation of the AGV which requests its state is not included, as it will always start at
the buffer or stacking area. In this position, the AGV is always parked in a certain
orientation, which will therefore not add any value to the policy learning.

Degrees AGV Code
315till 45 0
45 till 135 1
135 till 225 2
225till 315 3

Table 1. Code to Degrees
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3.2 The state

Table 2 shows an overview of the state of the system. The maximum value of n is the
total number of AGV’s -1. The count is sorted based on the position of the nearest
AGV based on Euclidean distance. When there are AGVs that are exactly at the same
distance from the current AGV, the name of the state is sorted secondly on the closest
end positions with respect to the end position of the current AGV.

Table 2. State of the system

(Sx,Sy); /* x,y position of AGV requesting route */
(Ex,Ey); /* x,y target of AGV requesting route */
(Cxn,Cyn) ; /* x,y position of AGV, */
(Exn, Eyn); /* x,y target of AGV, */
Op; /* Orientation of AGV, */

Combining the elements to the state:
((Sx,Sy), (Ex,Ey)(Cx1,Cy1)(EX1, Ey1)O1...(Cxp, Cyp) (Exp, Eyn)Op) ; /* State */
(2,1),(3,4),(1,1),(4,3),0); /* Example state of a two AGV environment */

3.3 Actions

The action of the reinforcement learning algorithm provides the path planning algo-
rithm with data to calculate the route. New actions are based on the time spent by
the AGV in each part of the taken route.

Algorithm 1 shows how the actions are chosen.

The amount of possible actions keeps growing during the learning phase, as it is
an epsilon greedy algorithm. The algorithm will choose an action if it meets the e-
greedy and G A conditions. The value of these parameters are set before the learning
phase.

The parameter Measured Action (MA) determines whether the route that is taken
is added as a new measured action. If this is True, this is the case.

The algorithm can either pick an action with the highest action value or pick a
Greedy Action. When a Greedy Action is chosen, there are two options: a new action
is explored, or a random known action is exploited.

When the new action is explored, the route is based on the cost matrix with high-
est state action value e.g. Q value for this state. The Q value is defined as the action
with the highest calculated value for this particular state.

The parameters are assigned a random number between 0 and 1: € is the chance
of picking a Greedy Action, GA is the chance of exploring a new action.
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e—rand(0,1); /* Setting for random or generated actions
between 0 and 1 */
GA—rand(0,1); /* Setting for generated actions between O and
1 x/
MA —False; /* If 1, time spent in each part of the terminal
is measured and added as an action for the state */
if NA=<NH then
MA<—1; /* NA is the Number of actions for the state. NH
is the number of highways in the environment */
if NA=0 then
Astare=0; /* The zero matrix is assigned so a path based
on the heuristic is chosen */
end
end
if (n <e¢) then
if (n < GA) then
A—maxQ(S); /* Cost matrix with highest Q value for
this state */

MA<—1
end

else

A<—A;; /* A random cost matrix linked to this state */
end
end
else
A—maxQ(S); /* Cost matrix with highest Q value for this
state x/

end
Algorithm 1: Action

3.4 Reward

The more accurate the path planning algorithm is provided with data, the better it
can calculate the route for the AGVs. Therefore the closer the algorithm reaches an
accurate measurement, the higher the reward will be.

The reward function converges to unlimited if d¢ = 0, as 1 is divided by dt. For
this reason if dt is equal to 0, the value of d is set near the lowest possible value in a
float.
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T <Y (tmm(m, n) — tgm(m, n))|; /* Time difference between
estimation and measurement */
tmm>tam; /* time spent at area, mm is measured matrix and ma
action matrix */
m=1,2..M; /* with M the number of x grid lines */
n=1,2..N; /* with N the number of y grid lines */
if (T =0) then
‘ T=6%10"% /% Near the lowest possible value in a float */
end
R—1/|T|; /* The closer to the solution, the higher the
reward */

Algorithm 2: Reward R

3.5 The value of the action: the Q value

The state action value (Q-value) is based on the Learning rate, the reward and the
current state action value, as shown in algorithm 3. The initialized value of the state
action values are chosen positive and above zero so that the algorithm will exploit
the actions more than when zero is picked. Because the actions the AGV takes in the
future do not influence the accuracy of this action, and therefore the value of this
action, they are not taken into account.

if (s¢ S) then

Q(s,a) — p; /* If the state action pair is never visited
before, it is initialized with p (p>0). This makes sure
that if new actions are chosen by the epsilon greedy part
of the algorithm, they have more chance that they will
converge to their real value with respect to Q
initialized = 0 */

else
Q(s+1,a+1) — (1 —-a)*Q(s,a) + (a * R(s, a)))
; /* The closer to the solution, the higher the reward
*/
end
end
Algorithm 3: Q value
Where:

a is the Learning Rate
R(s, a) the reward
Q(s, a) the expected value of the quality of a certain action in a given state.

Learning rate & As the environment is explored and exploited, information about
the environment can change over time, and so do the rewards of the actions. The
higher the Learning rate a, the more aggressive the algorithm will react to changes
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in the value of the last reward. Because of the unknown environment we want the Q
value to adapt relatively quickly, without the system becoming unstable.

4 A Reinforcement Learning Based Path Planning Algorithm

This section describes the design and implementation of the Reinforcement Learn-
ing Based A* Algorithm. First the overview and the choices in the top level are de-
scribed. Then for each part of the algorithm a detailed flow chart is given.

4.1 Reinforcement Learning aspects

In the literature review, three aspects were found to categorize reinforcement learn-
ing algorithms. Table 3 summarizes these aspects and their corresponding options.
The following section argues which of the options is chosen for each aspect.

Aspect

A. Learning method Model Free Model based
B.Policy On-policy Off-policy
C.Epsilon-Greedy Yes No

Table 3. Aspects used in reinforcement learning algorithms

Learning method: Model free The model free approach is the best option for this
case, as it unknown how the AGV will respond in the states that will be created in the
environment. The biggest advantage of the model free approach is the ability to learn
in different kinds of terminals, which eliminates the need for a model to be built for
each terminal. The challenge will be the converge speed, as we do not know all the
behaviours of the environment beforehand.

Policy: Off-policy During the training phase, there is a choice between an on-policy
or off-policy method. As S.Sutton and G.Barto [2020] describe it, "the distinguishing
feature of on-policy methods is that they estimate the value of a policy while using it
for control. In off-policy methods these two functions are separated. The policy used
to generate behavior, called the behavior policy, may in fact be unrelated to the policy
that is evaluated and improved, called the target policy". For example, during the
training phase, the behaviour policy might be to explore multiple solutions, while the
target policy is to find the optimal solution. Although off-policy algorithms are less
stable than on-policy, off-policy methods make use of the new data in every iteration,
as the old policy is not used for the next iteration. In case of this experiment, the Q-
values of the future are important as it is expected that the policy will develop during
the learning phase. This is based on the new expected states that will differ from the
policy and the reward during the interaction with the A* algorithm.
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Epsilon-Greedy: Use Epsilon-Greedy policy When the choice of action is always based
on the highest state action value, new actions will not be explored. This means that
in large environments there is a risk that the optimal policy will never be discovered.
Therefore an element € can be added to balance between exploration and exploita-
tion. Algorithms that include the epsilon greedy element pick a (pre-set) value of the
€, which influences the amount of actions chosen based on randomness. This way
the agent can discover a new policy or can confirm that the action is indeed one of
low value.

4.2 Learning-based path planning for AGVs in container terminals

The most suitable methodology for this case is Epsilon-Greedy Monte Carlo Control.
This method contains all preferred aspects discussed above. Other methods are Tem-
poral Difference and Monte Carlo Learning, which are both ruled out. The algorithm
will be combined with A* path planning, which means that Temporal Difference
Learning is not an option, because the A* needs stable input. Neither is Monte Carlo
Learning, because the environment of the container terminal is too large. Therefore,
the most suitable methodology would be the Monte Carlo Control. The disadvan-
tage of the long learning trajectories will be taken into account when designing the
algorithm.

Monte Carlo Control This algorithm is used to approximate optimal policies. The
values learned are used for the decision of the action [S.Sutton and G.Barto, 2020].
Figure 1 shows the basics of Monte Carlo Control, where: 7, is the policy, E is the
episode, gy is the action value of the complete episode, I is a complete policy im-
provement. By following this method, the optimal policy 7. can be found.

E I E I E 1 E
o > Qg 7 T > Gy > T2 o > T > Qx,

Fig. 1. Loop of Monte Carlo Control [S.Sutton and G.Barto, 2020]

Epsilon greedy The Epsilon-Greedy policy will allow the algorithm to (re)discover
the effects of the actions in the learning phase. The Epsilon- Greedy will not be used
during the execution of the algorithm after the learning phase.

4.3 Overview of the algorithm

The algorithm consists out of nine phases: the initialization, checking availability of
an AGV, translation of the measurement to the cost matrix, calculation of the action
value, observation of the current state, action selection, route calculation, commu-
nication with the emulator, and when the set time is reached, storage of data. Figure
2 shows how these parts of the algorithm are connected. Each of these phases con-
sists out of multiple steps. The complete flowchart with all of the detailed steps is
included in appendix A.1
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Fig. 2. Top level algorithm

4.4 Comparison with the state of the art

This section compares the algorithm designed by Liu et al. (OPABRL), to the pro-
posed algorithm in this paper (VARLPPA).

The most innovative element of the VARLPPA, compared to the OPABRL, is the
vehicle aware element: at every state of the VARLPPA, the state of the other vehicles
is measured and taken into account, whereas the OPABRL is only used for the path
planning of a single vehicle. In order to determine the added value of this element,
the experiments will compare the VARLPPA to a version of the VARLPPA without the
vehicle aware element, which is called RLPPA.
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5 Case study: Learning based path planning in a container
terminal

A case study is conducted to test the value of the VARLPPA. This study uses a con-
tainer terminal environment emulator from an industrial company. Their software
is used in container terminals all over the world.

5.1 Challenging situations in container terminals

The currently used algorithm in the industry (TEAMS) has assigned a direction to
each highway, in order to structure the container terminal. The directions are based
on the test results of the emulation of the terminal. The one-way direction of the
highway is chosen to keep the terminal more stable, while also avoiding congestion
and deadlocks. The advantage of the philosophy of one-way driving on the highway
is shown in figure 3. The AGVs avoid each other and AGV002 takes the shortest route.

However, in some situations this policy is not beneficial, and instead, provides
challenges. Such situations are described in the next paragraph.

AGWODT

A19

AGV002

L

Fig. 3. Advantage of the highway directions

Disadvantage of the set highway direction Having a set highway direction is not ben-
eficial to the paths taken by the AGVs. In figure 4 there is a chance that the AGVs
will get in each others way and both have to take a longer route due to the direction
restriction. In figure 5 AGVs are crossing each other, which results in breaking.

Another example is shown in figure 6 where AGV002 has to wait for AGV001.
Lastly in figure 7 both AGVs are in a position where one has to wait for the other.

In all four examples, a different policy could increase the efficiency regarding the
order completion time. Therefore it is desired to design the experiments in such a
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way that it is likely for these situations to occur. This way, the proposed algorithm is
tested as to how it copes with these challenges.

00000000 ooaoan o
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um N | [ym

gz

Fig. 4. Long route example 1 Fig. 5. AGVs crossing example 2

Fig. 6. AGVs crossing example 3 Fig. 7. AGVs crossing example 4

5.2 Key Performance Indicators (KPIs)

One of the objectives of the container terminal is to have a high productivity: to make
as many movements as possible within a certain time frame. Therefore, the first KPI
is formulated as follows: Productivity: Total number of completed orders.

However, there is a risk involved when this is the only KPI: it can make the container
flow of the terminal unstable. An unstable container flow is defined as any scenario
where the AGVs are not optimally utilized. An example of this is when AGVs with the
shortest path will get priority over AGVs with a longer path. As a consequence, the
amount of completed orders can be high because of the high frequency of the short-
path AGVs, but meanwhile, the longer-path AGVs are compromised. In this case, the
KPI is fulfilled, but the container flow is unstable.
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In order to prevent an unstable container flow, a second KPI is added: Container
flow: The lowest number of completed orders by an AGV. For the Productivity KPI and
the Container flow KPI, the target value for the proposed algorithm is to be within
15% of the value for the currently used algorithm in the industry (TEAMS) or higher.

5.3 The experiments

In order to test the algorithm proposed in this paper, two experiments are set up.

Environment The environment where the algorithm is tested is a part of a container
terminal, which consists out of four buffer and stacking areas. Figure 8 and 9 show
an abstract depiction and a picture of the environment. The top area is the buffer
area and the lower area is the stacking area. Within this environment, the AGVs have
access to two highways, which are indicated by the yellow arrows and lines.

Buffer area positions
==-0 000 O0DO0OODODO

Highways

A2l I A20 stacking area positions

Fig. 8. Environment with AGVs, high-
ways are highlighted Fig. 9. Picture of the environment

Scenarios Two scenarios are used to compare the proposed algorithm to the industry
used algorithm TEAMS and the Liu et al. algorithm. In both scenarios, two AGVs have
access to two highways. This leads to either both AGVs choosing their own highway
or both choosing the same.

Figure 10 shows scenario A, in which the blue circles indicate the start and end
point of AGV one and the red circles indicate the start and end point of AGV two.
The desired situation is that both AGVs learn to drive in their own highway and as a
consequernce never cross.

In scenario B, shown in figure 11, the desired situation depends on the state of
the AGVs, such as their location and destination. AGV two (red circles) has the short-
est route when the AGV takes the highway closest to the starting point. However, this
is only preferable when there is no breaking involved to give priority to the other ve-
hicle.

Table 4 shows the amount of AGVs in the experiment scenarios, as well as their start
and end point. This will very likely result in the challenging situations seen in con-
tainer terminals as described in subsection 5.1.



14 P. Wijnands et al.
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Fig. 10. Scenario A Fig.11. Scenario B

Scenario|AGVs |Start/endpoint 1 |Start/endpoint 2

A 2 Stacking areas  |BA

B 2 Stacking areas  |Stacking areas
Table 4. Test scenarios reinforcement learning script

6 Sensitivity analysis

A sensitivity analysis is conducted to examine how the settings of the model influ-
ence the outcome during the experiment phase. Four different set ups regarding the
parameters are created and compared to each other in a preliminary experiment.

6.1 Determining the parameter settings during learning

In this preliminary experiment, the settings of the algorithm are manipulated to see
whether this has a significant influence on the results of the algorithm. Four experi-
ments are conducted with different setups, as shown in table 5.

The first column shows the setup number for reference. The second shows the
learningrate a, the third shows the value for the epsilon greedy €, and the last column
shows the setting for the new Generated Action (GA).

Learning rate a The learning rate influences the effect the measured reward has on
the value of the action. The higher the Learning rate a, the more aggressive the algo-
rithm will react to the value of the last reward. Because of the unkown environment
we want the Q value to adapt relatively quickly, without the system becoming unsta-
ble.

For setup 1, an «a value of 0.1 is chosen. This is relatively low compared to other
values in the literature. For setup 2, an « value of 0.3 is chosen. This is relatively high
compared to other values in the literature. Between setup 1 and 2 this is the only pa-
rameter which is adapted and can therefore give a good indication of the influence.

Epsilon e Finding the right balance between exploration and exploitation is essen-
tial in RL. Exploration is finding new information on the environment in order to
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discover a new and potentially better policy. Exploitation is using the current infor-
mation for reward maximization by choosing the current action with the highest ac-
tion value.

The settings for € influences the chance that a greedy action is chosen. When
epsilonis 1, all actions are exploitation and therefore a greedy action is never chosen.
If the epsilon is 0, a greedy action is always chosen and no actions will be exploited.
Therefore, € indicates the balance between exploitation and exploration.

For setup 2, an € value of 0.9 is chosen. This is relatively high compared to other
values in the literature. For setup 2, an € value of 0.7 is chosen. This is relatively low
compared to other values in the literature.

Between setup 2 and 4 this is the only parameter which is adapted and can there-
fore give a good indication of the influence.

Generated Action (GA) When the algorithm is exploiting, it measures the action with
the highest value. When the algorithm is exploring, it has two options: to explore
an existing action that does not have the highest value, or to generate a new action.
The setting for GA influences the chance that either option is chosen. The higher the
value of GA, the higher the chance that a new action is measured.

For setup 3, a GA value of 0.5 is chosen, so the algorithms opts for new actions
equally as often as for existing actions. For setup 4, a GA value of 0.3 is chosen. In this
case, the algorithm opts more often for existing actions than for new actions. This
way, comparing these setups can show the effect of the amount of generated actions
on the results of the algorithm.

Between setup 3 and 4 this is the only parameter which is adapted and can there-
fore give a good indication of the influence.

Setup during alpha epsilon Generated Action
learning (GA)
1: 0.1 0.9 0.3
2: 0.3 0.9 0.3
3: 0.3 0.7 0.5
4 0.3 0.7 0.3

Table 5. Parameter settings experiments during learning phase

6.2 Parameter settings evaluation time

With the learned policy the agent executes the orders during 30 minutes. The agent
is able to change the action values, as alpha is not equal to 0. This is done so that the
learned best action will continuously be evaluated. To keep the behaviour changes
minimized, the greedy actions are taken out of the learning process so the policy is
more stable during the evaluation. The settings of the parameters are shown in table
6.
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Setup during alpha epsilon Generated Action
evaluation (GA)
1: 0.1 1 0
2: 0.3 1 0
3: 0.3 1 0
4 0.3 1 0

Table 6. Parameter settings experiments after learning phase

6.3 Results parameter settings

The results in table 7 are based on the average of two emulations of 30 minutes after
alearning phase of 3 hours in an emulation where the time is 4x accelerated.

Comparing the learning rate « using setup 1 and 2, we can see that in both ex-
periment A and B, setup 2 performs better. So far the a setting of & = 0.3 is preferred.

Comparing the balance between exploitation and exploration € using setup 2 and
4, we can see that in both experiment A and B, setup 2 performs better. So far the €
setting of € = 0.9 is preferred.

Comparing the balance between exploring new and existing actions GA using
setup 3 and 4, we can see that in both experiment A and B, setup 4 performs better.
So far the GA setting of GA = 0.3 is preferred.

Setup Movements experiment A Movements experiment B

(S-curve) (U-curve)
1: 246 238
2: 265 261
3: 201 181
4: 229 213

Table 7. Results 30 min emulation experiments after learning phase of 180 minutes

Sensitivity analysis As shown above, the settings of the parameters influence the be-
haviour of the model and this behaviour can be argumentative declared. One can
conclude that the model is sensitive to the parameters of the model.

Preferred settings for the experiments The preferred setup is alpha = 0.3, epsilon = 0.9
and GA = 0.3. This corresponds to setup 2, which performs the best overall.

6.4 Learning time

To determine the Learning time of the experiments, three emulations were conducted
during 7 hours at a speed of 4x real time. All emulations were chosen to take place in
scenario A: the S-curve, as the AGVs have to travel more in this scenario compared to
scenario B. Therefore, the amount of new states is expected to be higher in scenario
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A. The results are shown in figure 12. The blue line is emulation 1, the orange line is
emulation 2, the green line is emulation 3 and the red line is the average of all three
emulations. The y axis shows the amount of new states that were found during the
time interval of 30 minutes. The x axis shows the emulation time in hours.

In all three emulations, the amount of new states decreased to nearly zero after
seven hours. As the graph shows, the amount of new states fluctuates up to 4.5 hours.
After 4.5 hours, the fluctuation is negligible. Therefore the algorithm is trained with
alearning time of 4.5 hours, which is 270 minutes.

The equipment emulator is set at a speed of 4x real time. The learning time of 4.5
hours thus corresponds to 18 hours of real time.

—— Simulation 1
Simulation 2
Simulation ¥

m— average

8 & 8 8 3 B8

5]

5

Number of new states within the half hour

]

=
=

05 10 15 20 25 L 35 40 45 50 55 60 65 70
Simulation time frame after start simulation in hours

Fig. 12. New states per hour simulating the S scenario

7 Verification and validation

Action matrix During the experiments the action matrices are created based on the
historical data. The data that is created by the model and shown in the emulation of
the terminal is verified with the matrix that is created by the model. The route that is
taken by the AGV and the time spent in each part of the map corresponds with the
matrix created by the model.

An example is matrix 1 where the AGV drove without any disturbances on high-
way 1. The time changes when accelerating and decelerating near the start and end
point. While driving on the highways there is no time spent in other areas than the
highway. The areas of the highways in between the stacking areas are slightly larger
and this can be seen in that matrix as well.

0. 0. 0. 0. 0 0 0 0. 0. 0. 0. 0 0. 0. 0 0. 0.0.
0. 0. 0. 0. O 0 0. 0. 0.0 0. 0. 0. 0. 0. 0. 0.0.

A =10.1.303 0.79 0.53 0.227 0.523 0.297 0.243 0.297 0.25 0.3 0.483 0.233 0.54 0.787 1.367 0. 0. (€))]
0.2.017 0. 0. 0 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 2.3360.0.
0. 0. 0. 0. O 0 0 0. 0. 0. 0. 0 0. 0. O 0. 0.0.

Order The AGV needs to give a signal to the model when it arrives at its final desti-
nation. This way a new measurement can start when a new order is created.
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Highway check The highway is determined by the algorithm and sent to the emula-
tor. The emulator executes the order as given by the algorithm, as we can see that the
AGV drives along the route as ordered by the algorithm.

7.1 Validation

To see whether the algorithm can be applied in the real world, the choice was made to
let the algorithm control software which is used in the industry to control container
terminals all over the world. The algorithm is able to control the AGVs without issues.

8 Results scenario A: the S-curve

In this section the performance of the VARLPPA (Vehicle Aware) is compared to the
performance of the RLPPA (Single Vehicle) and the algorithm used in the industry
(TEAMS). The learning time is 4.5 hours and the emulation time is 60 minutes at a
speed of 4x real time. The following subsections display the results of the ratio of
highway choice and both Key Performance Indicators.

8.1 Highway distribution

To see how the behaviour of the AGVs is influenced by the algorithms, this experi-
ment has collected data regarding the choice of highway. Figure 13 and 14 show the
behaviour of AGV 1 and AGV 2, respectively. Each of the graphs show the ratio of
which highway is chosen by each AGV. The x axis shows the percentage of the choice
of Highway one and Highway two. The y axis show the results for each algorithm.

AGV1 The Single Vehicle algorithm learned a preference for highway one by 56.4
percent, the Vehicle Aware algorithm learned a preference for highway two by 60.1
percent and TEAMS had assigned each highway to each direction: the AVG travelled
west on highway 2 and east on highway 1. This way, TEAMS distributed the move-
ments to both highways equally.

AGV2 The Single Vehicle algorithm learned a preference for highway one by 70.7
percent, the Vehicle Aware algorithm learned a preference for highway two by 59.2
percent and TEAMS had assigned each highway to each direction: the AVG travelled
west on highway 2 and east on highway 1. This way, TEAMS distributed the move-
ments to both highways equally.

8.2 KPI 1 Productivity: Total number of completed orders

To measure the productivity of each algorithm, the total number of completed orders
(movements per hour) was measured. Figure 15 shows the total movements per hour
for both AGVs for each algorithm after 270 minutes of learning.

TEAMS completed 476 movements per hour, the Single Vehicle algorithm com-
pleted 501 movements per hour and the Vehicle Aware algorithm completed 530
movements per hour.

Both the Single Vehicle algorithm and the Vehicle Aware algorithm performed
better in terms of movements per hour compared to TEAMS.
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Fig. 14. Ratio of highway choice AGV 2 S scenario

8.3 KPI 2.Container flow: The lowest number of completed orders by an AGV.

Figure 16 shows the lowest number of completed orders by each AGV.

19

When the Single Vehicle algorithm is executed, there is a small difference be-
tween the AVGs. The lowest amount of orders per hour was achieved by AGV 2, which
completed 250 movements per hour. This is 49.9 % of the total amount of orders .

The Vehicle Aware algorithm also results in a small difference between the AGVs:
AGV 1 completed 264 movements per hour, which corresponds to 49.8 % of the total

amount of orders.

When using TEAMS, both AGVs make an equal amount of movements per hour.

The target value for the KPI is to be within 15% of the value for TEAMS or higher.

Seeing as this is the case, the KPI is achieved.
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Fig. 16. Percentage of movements per hour per AGV, S scenario after 270 min learning

9 Results scenario B: the U-curve

In this section the performance of the VARLPPA (Vehicle Aware) is compared to the
performance of the RLPPA (Single Vehicle) and TEAMS. The following subsections
display the results of the ratio of highway choice and both Key Performance Indica-
tors. The learning time is 4.5 hours and the emulation time is 60 minutes at a speed
of 4x real time.

In this U-scenario, it is possible for the AGVs to choose the same route every time
and never cross each other. Therefore, the researchers found a hypothesis for a best
performing scenario, in which AGV 2 always takes the small U via highway 2, and
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AGV 1 always takes the large U via highway 1. To test this hypothesis, a new scenario
is added to the emulation. This scenario is called 'Forced Highway algorithm’, and
manipulates AGV 1 into taking the large U and AGV 2 into taking the small U. These
results are described below.

9.1 Highway distribution

To see how the behaviour of the AGVs is influenced by the algorithms, this experi-
ment has collected data regarding the choice of highway. Figure 17 and 18 show the
behaviour of AGV 1 and AGV 2, respectively. Each of the graphs show the ratio of
which highway is chosen by each AGV. The x axis shows the percentage of the choice
of Highway one and Highway two. The y axis show the results for each algorithm.

AGV1 The Single vehicle learned a preference for highway two by 73.3 percent, the
Vehicle Aware algorithm learned a preference for highway two by 67 percent, and
TEAMS had assigned each highway to each direction: the AVG travelled west on high-
way 2 and east on highway 1. This way, TEAMS distributed the movements to both
highways equally. The 'Forced Highway algorithm’ is forced to travel via Highway 1.

AGV2 The Single vehicle learned a preference for highway two by 70 percent, the
Vehicle Aware algorithm learned a preference for highway two by 93.3 percent, and
TEAMS had assigned each highway to each direction: the AVG travelled west on high-
way 2 and east on highway 1. This way, TEAMS distributed the movements to both
highways equally. The 'Forced Highway algorithm’ is forced to travel via Highway 2.

HW distribution AGV 1 after 270 min learning. U scenario

EEE Highway one

Single Vehicle B Highway two

Vehicle Aware

Algorithm

TEAMS

Forced Highway

Ratio of highway choice

Fig. 17. Ratio of highway choice AGV 1 U scenario
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HW distribution AGV 2 after 270 min learning. U scenario
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Fig. 18. Ratio of highway choice AGV 2 U scenario

9.2 KPI 1 Productivity: Total number of completed orders

To measure the productivity of each algorithm, the total number of completed orders
(movements per hour) was measured. Figure 15 shows the total movements per hour
for both AGVs for each algorithms after 270 minutes of learning.

The forced highway algorithm completed 504 movements per hour, TEAMS com-
pleted 473 movements per hour, the Single vehicle algorithm completed 494 move-
ments per hour and the Vehicle Aware algorithm completed 518 movements per
hour.

All algorithms are within 15% of the movements per hour, compared to TEAMS.
The Vehicle Aware algorithm achieved the highest amount of movements per hour.

9.3 KPI 2.Container flow: The lowest number of completed orders by an AGV.

Figure 20 shows the lowest number of completed orders by each AGV. When the Sin-
gle Vehicle algorithm is executed, the lowest amount of orders per hour was achieved
by AGV 1, which completed 226 movements per hour. This is 45.7 % of the total
amount of orders. In case of the Vehicle Aware algorithm, AGV 1 completed 234
movements per hour, which corresponds to 45.2% of the total amount of orders.
When using TEAMS, AGV 1 completed 221 movements, which corresponds to 44.7
% of the total. Lastly, in the Forced Highway scenario, AGV 1 completed 218 move-
ments per hour, which is 43.3% of the total.

As described above, each scenario shows the same behaviour of AGV 1 achieving
fewer movements per hour than AGV 2. This behaviour can be explained by the fact
that AGV 1 has to drive the large U which is a longer route and can therefore com-
plete fewer movements per hour with respect to AGV 2. The target value for the KPI
is to be within 15% of the value for TEAMS or higher. Seeing as this is the case, the
KPI is achieved.
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10 Evaluation of the algorithm

This section provides an analysis of the proposed algorithm.

10.1 How does the algorithm compare to the state of the art machine learning
path planning, in terms of the KPIs?

The most innovative element of the VARLPPA, compared to the design of the OPABRL,
is the vehicle aware element: at every state of the VARLPPA, the state of the other
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vehicles is measured and taken into account, whereas the OPABRL is only used for
the path planning of a single vehicle. In order to determine the added value of this
element, the experiments discussed above have compared the VARLPPA with and
without the vehicle aware element. These algorithms were called "Vehicle Aware’ and
’Single Vehicle’, respectively.

KPI 1: Productivity The Vehicle Aware algorithm outperformed the Single Vehicle
algorithm in both scenarios, in terms of KPI 1: movements per hour. In Scenario A,
the performance was increased by 5.8% which is 29 movements per hour, and in
scenario B, the performance was increased by 4.9%, which is 24 movements per hour.

KPI 2: Container flow The Vehicle Aware algorithm performed equally as well as the
Single Vehicle algorithm in both scenarios, in terms of KPI 2: The lowest number
of completed orders by an AGV. In both scenarios, the value of the Vehicle Aware
showed a negligible difference between both AGVs.

10.2 How does the algorithm compare to the path planning algorithm industry
used algorithm (TEAMS), in terms of the KPIs?

KPI 1: productivity The Vehicle Aware algorithm outperformed the in the industry
used algorithm (TEAMS) in both scenarios, in terms of KPI 1: movements per hour.
In Scenario A, the performance was increased by 11.3% which is 54 movements per
hour, and in scenario B, the performance was increased by 9,5%, which is 45 move-
ments per hour.

KPI 2: Container flow The Vehicle Aware algorithm performed equally as well as the
Single Vehicle algorithm in both scenarios, in terms of KPI 2: The lowest number of
completed orders by an AGV. In both scenarios, the value of the Vehicle Aware algo-
rithm was within 15% of the value for the algorithm currently used in the industry
(TEAMS).

10.3 Hypothesis evaluation: How does the algorithm compare to the path
planning of the Forced Highway algorithm, in terms of the KPIs?

In the U scenario the hypothesis is tested whether the Forced Highway outperforms
the proposed algorithm.

KPI 1: productivity The Vehicle Aware algorithm outperformed the Forced Highway
algorithm, in terms of KPI 1: movements per hour. The performance was increased
by 2.8% which is 14 movements per hour.

KPI 2: Container flow The Vehicle Aware algorithm outperformed the Forced High-
way in terms of KPI 2: The lowest number of completed orders by an AGV. The lowest
number of completed orders for Vehicle Aware was AGV 1 with 226 movements per
hour, and the lowest number for the Forced Algorithm was 218 movements per hour.



Learning-based path planning for automatic guided vehicles in container terminals 25

10.4 Discussion

Vehicle behaviour The vehicle behaviour influences the results of the machine learn-
ing algorithm. For example, the AGVs in the TEAMS emulator are programmed to
wait for other vehicles to pass when they are crossing their path. This is shown in fig-
ure 21. AGV 2 waits for AGV 1 to pass. In this case, the more efficient solution would
be for AGV 1 to choose highway 1 instead of highway 2, so the AGVs never have to
cross. However, since AGV 2 just waits for its turn, AGV 1 doesn’t have to brake, which
would indicate that highway 1 would be the better option, and thus never learns the
optimal policy.

A solution would be to take the waiting time into account, so the action is influ-
enced by the waiting time. This is a topic for further research.

Effect on other vehicles It is not possible for an AGV to learn the influence it has on
the other AGVs. Each AGV learns the best route for itself based on the environment
state. Although it has some information about the other AGVs’ position and goal, as
long as it is not disturbed by other AGVs, it will never learn to take another route. An
example is given in figure 21. Further research is necessary to improve the algorithm.

T AGvO0

Fig. 21. Influence of the AGV behaviour Fig. 22. Influence of the AGV behaviour

The size of the terminal The size of the terminal during this research is limited due to
the scope of this research. Therefore, further research can be done to indicate if the
scale of the environment influences the performance of the algorithm.

Learning form a real world terminal The model which has been used during the
experiments is based on the data delivered by the manufacturers of the vehicles. Al-
though this data is very close to reality, there is still some variation. Further research
can be done by connecting the algorithm to a real terminal without executing the
highway choice.
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11 Conclusion

This thesis has provided insight into how machine learning can be beneficial to path
planning in container terminals.

In automated container terminals, the Automated Guided Vehicles (AGVs) are
guided by a path planning algorithm. In some cases, the layout leads to exceptional
situations where case-specific solutions have to be found by the engineers to op-
timize the behaviour of the AGVs. Tuning or even building new software for each
single situation requires a lot of manpower. Therefore there is potential in the inte-
gration of machine learning in software for the path planning systems in automated
container terminals.

This thesis has proposed the machine learning algorithm VARLPPA. This algo-
rithm uses the Epsilon-Greedy Monte Carlo Control method. The algorithm consists
out of nine phases: initialization, checking availability of an AGV, translation of the
measurement to the cost matrix, calculation of the action value, observation of the
current state, action selection, route calculation, communication with the emulator,
and when the set time is reached, storage of data.

The algorithm was tested in terms of scientific academic innovation and the value
for the industry by multiple experiments.

The proposed Machine learning algorithm has been proven to be capable of learn-
ing a policy which can outperform the in the industry used algorithm, as well as the
algorithm with the single vehicle states used in state of the art reinforcement learning
path planning algorithms. By observing the position and destination of the current
AGYV, as well as the position, orientation and destination of the surrounding AGVs,
the algorithm is capable to find a policy that is able to plan paths efficiently.

The results show that the algorithm which includes the Vehicle Aware element
performs better regarding the KPIs than the algorithm that does not. The Machine
Learning can increase the efficiency of path planning for automated guided vehicles
at a container terminal, provided that the states are chosen well.

The thesis has shown that it is possible to increase the efficiency of path planning
in a container terminal by applying machine learning and vehicle awareness to the
path planning algorithm.
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