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A GENERALIZED DEEP REINFORCEMENT LEARNING BASED
CONTROLLER FOR HEADING KEEPING IN WAVES

SUMMARY

Reinforcement Learning (RL) is a machine learning method where a learner (the agent)
tries to maximize a reward by learning how to act under different environmental
circumstances. The agent looks at the state of its environment (through the state
vector), takes an action, and then gets a reward and the next state of its environment.
The agent improves its action-taking strategy (policy) with every action it experiments
with.

RL methods have been used for many decision-making problems including control
problems with promising results. Unlike many traditional control methods, a
model-free RL doesn’t need any environment dynamics to operate. This is especially
beneficial for problems where the model dynamics are non-linear or not well-known.
However, classical controllers are still the most used method of control for maritime
applications.

Heading-keeping is a maritime control problem where a controller’s objective is to
keep the heading (yaw) angle of a vehicle constant. Generally speaking, the industry
standard is to use traditional feedback controllers such as PID for this problem.

This study focuses on designing a generalized RL controller for the heading-keeping
problem in waves. The study compares the designed RL controller to a traditional
controller in terms of yaw error and rudder usage and observes that the designed
RL-based controller performs better than the used traditional controller.

The first iterations of the RL agent had many issues. Unlike traditional controllers,
the RL agents don’t inherently recognize that in an idealized environment they can
deal with waves coming from 0 and 180 degrees with almost zero rudder usage. On
top of that, the first few developed agents had problems with excessive rudder usage,
steady-state error, and overshooting behavior. All of these problems have been solved
in the final iteration of the RL agent. Instead of just explaining the final agent, the
thesis starts off with a weak RL agent and explains how it can be improved iteratively.
This way the thesis explains how one might approach the problem of developing an
RL-based controller.

The first section focuses on giving a rough summary of RL and the problem case,
explains the purpose of the thesis, then talks about previous work over marine
movement control in literature. Some detailed information about the used tools and
simulation environment is also given here.

The second section introduces LQR controllers and designs an LQR controller for the
heading keeping problem.
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The third section explains RL in-depth to lay the foundation for the upcoming sections.

The fourth section starts with a naively designed simple RL agent and iteratively
improves it. In each iteration of development, the agent is compared to the designed
LQR controller, its weaknesses are analyzed, and the improvements for the next
iteration are determined.

The fifth section summarizes the previous sections, explains the contributions of the
thesis, and discusses possible future work.
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DALGALI ORTAMDA YON TUTMA PROBLEMI iCIN GELISTIRILMIS
DERIN TAKVIYELI OGRENME TABANLI BiR KONTROLCU

OZET

Takviyeli Ogrenme (Reinforcement Learning ya da RL), bir 6grenicinin (agent) bir
odiil (reward) fonksiyonunu maksimize etmek i¢in hangi ortam kosullar1 altinda nasil
eylemlerde (action) bulunmasi gerektigini anlamaya calistigi bir makine 0grenimi
yontemidir. Agent, i¢inde bulundugu ortamin cesitli 6zelliklerini (state vector ya da
durum vektorii tizerinden) gozlemler, bir eylemde bulunur ve ardindan ortamdan bir
odiil ve yeni ortam kogullarini alir. Denedigi her eylemle agent eylem alma stratejisini
(policy ya da politikasini) gelistirir. Iyi tasarlanmis bir agent, yeterince egitildigi
taktirde 1y1 performans gosteren bir policy’ye yakinsayacaktir.

RL ve Derin RL (DRL) yoOntemleri, bircok karar verme problemi icin basariyla
kullanilmigtir. Ornegin RL agent’lar1, Atari, satrang ve Go gibi bir cok oyunda insan
istii performans gosterebilmektedir. Bunun yani sira RL, robotik, finans ve hatta
analog entegre devre tasarimi gibi cesitli gercek hayat uygulamalarinda da oldukca
umut vaadeden sonuglar gostermistir.

RL’in kullanilabilecegi gercek hayat uygulamalarindan biri de kontroldiir. Modelsiz
RL (Model-Free RL), bir¢cok geleneksel kontrol yonteminin aksine, herhangi bir ortam
dinamigine ihtiya¢ duymadan calismaktadir. Model-Free RL’in bu 6zelligi, ortam
dinamiklerinin lineer olmadig1 veya iyi bilinmedigi problemler icin olduk¢a faydalidir.
Fakat sektorde denizcilik uygulamalari i¢in hala en ¢cok PID gibi klasik geri bildirimli
kontolciiler kullanilmaktadir.

Denizcilik kontrol problemlerinden biri yon tutmadir. Bu kontrol probleminde, bir
kontrolcii olabildigince az enerji harcayarak bir su iistii aracinin sapma agisini sabit
tutmaya calisir. Bu problem ic¢in, genel olarak sektdrde PID benzeri geleneksel geri
beslemeli kontrolciiler kullanilmaktadir. Bu calisma, dalgali deniz kosullarinda yon
tutma problemi i¢in genellestirilmis bir RL kontrolciisii tasarlamaya odaklanmistir.

Kontrolcii, Maritime Research Institute of Netherlands’in (MARIN) simiilasyon
ortami olan XSimulation ve modern bir RL algoritmasi olan SACda kullanan
MARINRL isimli bir kurumici kiitiiphane kullanilarak gelistirilmistir. ~ SAC,
actor-critic bir off-policy RL algoritmasidir (Ayrintili bilgi Section 3’de verilmistir).
Bu algoritmay1 diger algoritmalardan ayirt eden en biiyiik 6zellik, entropi ad1 verilen
bir kavram kullaniyor olmasidir. SAC baglami icerisinde entropi, bir policy’nin
rastgeleligi olarak nitelendirilebilir. Policy’nin rastgelelige yakin olmasi, agent’in bir
cok farkli cevresel kosulla karsilasip hizli bir sekilde tecriibe edinebilmesini saglar.
Fakat policy fazla rastgele ise bu sefer agent’in sik¢a karsilacagi makul cevresel
kosullarda edinecegi tecriibe azalir. SAC, entropi kavrami yardimiyla, agent’in
policy’sini makulliik sinirlar1 icerisinde olabildigince rastgele tutmaya calisir. Bu

XX1i1



sayede SAC, cogu diger modern RL algoritmasindan ¢ok daha az veri ile ¢cok daha
basarili policy’lere yakinsayabilmektedir. Deniz uygulamalari i¢in gergek bir geminin
iizerinde bir RL agent’1 egitmek cok pahali olacagindan, SAC’1n bu 6zelligi tez i¢in
olduk¢a 6nemlidir.

Bu calismada dalgalar lineer olarak modellenmistir. Gelistirilen kontrolcii, kontrol
edilen aracin pervane RPM’lerinin sabit tutuldug ve deniz durumu 1 ve deniz durumu
6 arasinda calisacak sekilde tasarlanmistir.

Kontrolciiniin gelistirme siirecinde bir ¢cok problemle karsilagilmistir. Asgirt diimen
kullanimi, hedef sapma acisimi 1skalayip ters yonden sapma hatast alma ve ufak
sabit kalic1 sapma hatalarin1 asamama bu problemlerden sadece bir kagidir. En son
gelistirilmis RL agent bu hatalarin hepsi ile basedebilmek i¢in farkli mekanizmalar
kullanmigtir. Bu mekanizmalar agent’in 6diil (reward) fonksiyonuna yapilan gesitli
degisikleden olugsmaktadir.

Tasarlanan kontrolciilerin performansina bir referans noktasi olusturabilmek icin bir
Linear Quadratic Regulator (LQR) kontrolciisii tasarlanmistir. LQR, model tabanl
bir kontrolciidiir. Isminden anlagilabilecegi iizere, sistem dinamiklerini lineer bir
sekilde modeller. Kontrolciiniin davranisim1 ayarlamak i¢cin Q ve R agirlik matrisleri
kullanilir. Bu matrisler sirasiyla hatay1 ve tahrik sistemi kullanimi (bu problem i¢in
diimen kullanim1) cezalandirir. Q’daki yiiksek degerler kontrolciiniin diisiik hatalara
oncelik vermesini saglarken, R’daki yiliksek degerler kontrolciiniin tahrik sisteminin az
kullanimina Oncelik vermesini saglar.

Tez, gelistirilen RL agent’in son hali ilizerinden konusmak yerine, oldukca basit
bir agent’dan baslayip onu adim adim iyilestirmektedir. Her adimin sonunda,
agent’in performansi farkli deniz kosullarinda uzun bir siirece degerlendirilmekte
ve bu performans tasarlanan LQR kontrolciisii ile karsilastirilmaktadir. Boylelike
yapilan her iyilestirmenin agent performansina olan etkisi agik bir sekilde dokiiman
edilebilmistir. Bununla gelecekte yapilacak denizcilik konulu RL calismalarina yon
gostermek hedeflenmistir.

En son gelistirilen RL agent’in, sapma acisi hatasi1 ve diimen kullanimi acisindan
tasarlanan LQR kontrolciisiinden daha iyi performans gosterdigi gozlemlenmistir.

Ik boliim, yon tutma problemi ve RL’in kaba bir 6zetini vermekte, tezin amacim
aciklamakta ve tezin konusu {izerine yapilmig olan literatiir aragtirmasi hakkinda bilgi
vermektedir. Kullanilan araclar ve simulasyon ortami hakkinda baz1 ayrintili bilgiler
de burada verilmistir.

Ikinci boliim, RL agent’in performansi ile karsilastirilacak olan geleneksel LQR
kontrolciisiinii tanitmakta ve ardindan bu caligma i¢in kullanilacak olan LQR
kontrolciisiiniin tasarimini anlatmaktadir.

Uciincii  boliim, sonraki boliimler icin bir temel olusturmak amaciyla RL’i
derinlemesine agiklamaktadir.

Doérdiincii boliim, basit bir RL agent ile baslamakta ve bu agent’in adim adim
iyilestirilme siirecini anlatmaktadir. Her adimda agent performansi tasarlanan LQR
kontrolciisii ile kargilastirilmig, agent’in zayif yonleri analiz edilmis ve bir sonraki
adim i¢in yapilacak olan iyilestimeler belirlenmistir.
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1. INTRODUCTION

Reinforcement Learning (RL) is a subbranch of machine learning where a learner (the
agent) is expected to find which actions to take under what kind of environmental
circumstances to maximize a reward. The agent does this by; observing the state
of its environment (state vector), taking an action, and checking how desirable its
actions were by checking the rewards it receives. As the agent experiments with more
actions, it learns the behavior of its environment and sharpens its action-taking strategy
(policy). With a sufficiently long training, a well-designed agent will converge to a

sufficiently well-behaving policy [1].

In the last few decades, RL and Deep RL (DRL) have been used for many
decision-making problems with promising results. RL methods have shown a
superhuman level of performance in games such as Atari [2], chess, and Go [3]. RL
also has shown great potential for varying real-life applications such as robotics [4],

finance [5], and even analog IC design [6].

RL has also been successfully used for many control problems (two marine control
examples being [7] and [8]). Unlike many traditional control methods, model-free
RL does not require any model dynamics to operate. It approximates the model
dynamics through trial-and-error. This property is especially beneficial for problems
where the model dynamics are non-linear or not well-known as one could develop an
agent without needing to derive the dynamics of the model. However, for maritime
applications, classical feedback controllers such as PID are still the dominant method

of control [9].

Heading-keeping is one of the maritime control problems in which a controller is
tasked with keeping the heading (yaw) angle of a surface vessel constant. For this

problem, state-of-the-art methods are generally feedback controllers [9].



This thesis, explains the process of developing a generalized RL controller for

heading-keeping under different sea conditions.

1.1 Purpose of Thesis

The developed RL agent has been evaluated for different wave directions, wave
heights, and wave periods in a simulation environment. The RL agent has been
demonstrated to be performing better than a base case traditional controller both in

terms of rudder usage and yaw error.

The developed RL controller has been improved iteratively, where in each iteration a
different weakness of the controller has been addressed. The process of improvement

has been documented in detail.

The purpose of the thesis is to;

* Develop an RL agent that can compete with traditional controllers in the

heading-keeping problem,

* And provide guidance for possible future RL applications in the field of marine
by creating a detailed document that explains the process of developing an RL

controller.

1.2 Literature Review

The invention of gyrocompass in 1908 allowed control systems to have access to yaw
information, which led to the development of the first model-based ship controllers.
And as global satellite navigation became more and more available, it became
possible for many marine control problems (including heading keeping) to be reliably
handled by autonomous systems. These initial feedback control systems have laid the

foundation of today’s autopilots.

In modern control systems, all sorts of techniques such as; PID and LQR control, fuzzy
systems, different variations of Kalman filters, and even neural-networks are used.
Generally speaking though, traditional feedback control methods are the dominant

method of control in the industry [9].



However, the nonlinear nature of the environment dynamics is hard for traditional
controllers such as PID or LQR to deal with. In addition, things such as the load on the
vessel and environment dynamics can change over time. Traditional control methods
have been improved upon by many works to tackle these issues. For example, [10]
uses a Kalman-based adaptive controller for dynamic positioning under different sea
conditions, however it requires a model. [11] uses a fuzzy-based PID controller for
station keeping again under different environmental circumstances. However with this
method, the maximum and minimum PID gains must be somehow decided on (usually
empirically). Also the designers must decide what are the factors that should change

the PID gains, and how the change in these factors will affect the PID gains.

While the attempts of using RL-based controllers in the field of marine are in their
infancy, there are still many promising studies. [12] develops an RL-based dynamic
positioning system, tests it in both simulation environment and sea, and compares it
to traditional controllers. They see that the controller works well both in simulation
and sea. However, they see that while the developed RL agent works better than
traditional methods in the simulation environment, the same agent isn’t able to beat
the performance of traditional controllers in the sea. The inconsistencies between the
idealized simulation environment and the sea are guessed to be the cause of this. [13]
manages to get great results for an underactuated marine vessels in a straight path

following problem using RL.

Using the knowledge gathered in the literature survey as a foundation, the thesis

objective have been chosen and the rest of the study has been followed through.

1.3 Exact Definition of Problem Case and The Used Tools

In this section, the exact definition of the problem case will be given and the used
tools will be explained. Generally speaking, this information would be given under
a section that gives all the experiment results (such as section 5 in this thesis). But
for this particular study, the agent is improved iteratively and the LQR controller is
designed and tested before the design of the RL agent. This means that the problem

definition is required even before giving the theoratical foudation of RL.



The readers can feel free to skip this section if they are simply interested in getting a

rough idea of the main strategies used for developing the RL agent.

1.3.1 Problem case

As mentioned before, the studied problem case is heading keeping in waves. The
objective is to keep the heading (or yaw) angle of a marine vehicle constant. For this

study, the vehicle should be able to operate in waves with;

* Any wave direction (Dp),
* Wave amplitudes (Hs) of 1m to 5.5m,

» Wave period (Tp) of 8.5s to 12.5 seconds.

These numbers have been chosen by looking at waves that are not too unlikely to

encounter in wave statistics of North Pacific [14].

The 5415M frigate has been used for this study. It is based on the public bare hull form
5415 [15], which is used in many past studies. 5415M has some appendages that the
bare hull form 5415 doesn’t have; bilge keels, stabilizers, rudders, propellers, shafts,

and supportive struts of those shafts.

An image of a scaled model of 5415M can be seen in Figure 1.1. The main particulars

of it can be seen in Table 1.1.
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Figure 1.1 : A scaled down model of 5415M built by MARIN.



Table 1.1 : Main particulars of 5415M.

Main particular Value Unit

Lpp 142 m
Draft aft 6.15 m
Draft fore 6.15 m
KG 7.51 m

GM 1.95 m

BW L 19.06 m

kxx 7.62 m

kyy 35.5 m

kZZ 35.5 m

1.3.2 Used tools

For the simulation environment, MARIN’s XSimulation has been used. The waves
have been modeled linearly. The environment has been solved using RK4. The

simulation sample time has been chosen as 0.2 seconds.

RL part of the things have been handled by MARIN’s MARINRL python library. The
library interfaces Stable Baselines’s SAC agent [16] with XSimulation through a gym

[17] environment and allows for reward function and state vector to be modified easily.






2. BASELINE CONTROLLER

Two metrics have been used to evaluate the quality of developed RL controllers; yaw
mean absolute error (MAE) and rudder usage. Rudder usage has been assessed by
looking at the absolute area under the rudder time trace. The designed RL controllers

also have been compared to a baseline traditional controller in terms of these metrics.

For this study, a simple Linear Quadratic Regulator (LQR) controller has been chosen
as the baseline. This section will go over the basic principles of LQR and then will
explain how an LQR controller has been designed for this problem case. For more

information on LQR, please refer to [18].

2.1 Linear Quadratic Regulator (LQR)

To drive the rudder, LQR outputs the control signal

u=—Kx (2.1)

in which K is the control gain that minimizes the cost function

/ (xT Qx4 u” Ru)dt (2.2)
0
for the state space model

X=Ax+Bu

y=Cx+Du 2.3)

In these equations, x is the system state, u is the system input, and y is the system
output. A, B, C, and D matrices determine the system behavior. The controller will try
to pull the state to zero. The exact behavior of the controller is determined by the Q

and R weight matrices which penalize the system error and actuator usage respectively.

The gain matrix K can be calculated through



K=R'BTx (2.4)

Which can be done after solving the Ricatti equation for X

ATX+XA—XBR'BTX+0=0 (2.5)

The calculated gain will be optimal if the used linear model perfectly explains the

system.

2.2 Design

The yaw response of a vehicle can be modeled as a function of rudder by a first order

Nomoto model [9]. This model can be used as the state space model for the LQR:

m 4 {_1% 8} m + {%] 5 (2.6)

The yaw angle is given by ¥ and the constant surge speed is given by U. The rudder
angle 0 is the free variable that the LQR (and also RL in the future) will use for heading
control. The time constant 7 = 82.2sec and the model gain K = —6.4.10 3rad /rad
have been identified by MARIN in one of their prior projects. Note that this model is

only used by LQR and not the simulation environment.

One of the weight matrices Q has been chosen as Q = [8 (1)] Since only the last
element of Q is nonzero, the controller is only punished for the yaw error but not for

the rate-of-turn.

This setup will result in a gain matrix of K = [Kl,Kz} where Kj is the gain on

rate-of-turn and K5 is the gain on yaw error.

The behavior of this controller can be determined by changing R. Reducing R
will make the controller more aggressive which can decrease the yaw MAE. But an
unreasonably small R may damage the actuators or result in a rudder behavior that can
not be realized by a real system. Increasing R will reduce the rudder usage. But an

unreasonably large R may cause the yaw MAE to increase to an undesirable level.



To see the effect of different R values, LQRs with different R’s has been used for the
heading keeping of 5415M in XSimulation. The controllers have been tested on total

of 210 different environments in which waves can have;

Seven different phases,

Dp of 0, 45, 90, 135, or 180 degrees,

Hs of 3 or 5.5 meters,

Tp of 8.5, 10.5, or 12.5 seconds.

The controllers spent a total of 1000 seconds in each environment. Their performance
has been checked in terms of yaw MAE and rudder usage which can be seen in Figure

2.1.

Mean of yaw MAE for different LQR

=0.25
=1.00
=150
=2.00

Yaw MAE
@

00 4.0 20.0 135.0 180.0
Sea Direction [deg]

Mean of absolute area under rudder for different LOR

Sea Direction [deg]

Figure 2.1 : LQRs with different R values.

In Figure 2.1, both the yaw and the rudder are in degrees. All simulations have been
averaged for each wave direction. The average value of the metrics on each wave
direction has been shown by their corresponding bars. The standard deviation of these
metrics on each wave direction has been indicated by the error bars. The overall

average of these metrics has been indicated by the horizontal dotted lines.



When the figure is observed, the relationship between R and the rudder can be seen
clearly. For this study, R = 1.0 has been chosen after a simple grid search as it gives a

good balance between rudder usage and yaw error.
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3. REINFORCEMENT LEARNING (RL)

RL is a machine learning method that deals with decision-making problems. The
learner, referred to as the agent, learns which actions to take under which circumstances
by experimenting with different actions in its environment. The agent is able to assess
the desirability of an action through a reward it receives from its environment after
each action. The agent tries to converge to an action-taking strategy (or policy) that

generates the most reward.

Fig. 3.1 can be seen to get a sense of where RL stands under Al.

Al

MACHINE
LEARNING

Figure 3.1 : Place of RL in AL

This section explains the main concepts behind Reinforcement Learning (RL). Then it

goes over the specific RL algorithm that is used for this study.

3.1 Markov Decision Processes (MDPs)

Markov Decision Processes or MDPs are the mathematically idealized form of the RL

problem. Even though they are idealized, they still contain the main concepts of RL;

* A sequential decision-making problem,

11



* An agent that takes actions and receives rewards,

* And an agent that needs to find a balance between getting the most reward by using
the best policy it has (exploitation) and sharpening its policy by taking potentially

suboptimal unknown actions (exploration).

The thesis uses [1] as its main source for the information under this section and mainly

follows the notation of this book.

3.1.1 MDP basics

MDPs model the interaction of a decision-maker and an environment. The
decision-makers in the MDPs are referred to as agents. Anything outside the agent
is referred to as the environment. The agent looks at the environment, decides on
an action, and then sends this action to the environment. The environment uses the
action to update itself, and then sends the new state of the environment to the agent
along with a reward. Reward simply is a numerical value that the agent attempts to
maximize over time. The agent and the environment may repeat this indefinitely or

may stop after some time. This interaction has been visualized in Figure 3.2.

Figure 3.2 : Visualization of an MDP.

The agent-environment interaction happens at discrete time steps = 0,1,2,.... Ata
time step ¢, the environment sends S; € S to the agent. After observing S;, the agent
takes an action A; € A and sends it to the environment (action set A can be a function
of state, ignored for simplicity). The environment uses this action A; to transition into
the next state S;1. It then sends the new state S;, | and a numerical reward R, ;| € R

to the agent.

12



In a finite MDP, the sets of state, action, and reward (S, A, and R) have a finite number
of elements. S; and R; have a discrete probability distribution and they only rely on S;_;
and A,_. The probability of a specific s’ € S and r € R to occur can at time 7 can be

calculated through p: S X R x § X A — [0, 1] defined as

p(s',rls,a) =P(S, =5 ,R, =r|S;_1 =5,A_1 =a) 3.1

Where s',s €S, a € A, and r € R. p is a deterministic function which describes the

behavior of the environment. For every s and a pair, it gives the probability distribution

Z Z p(s',rls,a) =1 (3.2)

s'eSreR
As mentioned before, in MDPs, S; and R; only depend on S;_; and A;_;. This means
that in these idealized processes, the S; and R; do not depend on the past but only
depend on the present. If the state has perfect information over transitioning from a
given S;_1 to S, then the state is said to have Markov property. A state having this

property can be mathematically shown by the following

P<Sl+1 |Sl‘7At) - ]P)(Sl‘+1 |StaAl‘7SlfluAl‘717"') (33)

When equation 3.3 holds, we can say that the state has the Markov property as there is

no need for the previous state-action pairs for deriving the correct probability.

3.1.2 Tasks and rewards

For some tasks, the agent-environment interaction naturally ends at a final time step 7.
These tasks are referred to as episodic tasks. In such tasks, the time between t = 0 and
t =T is called an episode. The last state in episodic tasks is referred to as the terminal

State.

The agent needs to receive a reward signal from the environment occasionally to be
able to assess the quality of its actions. For many problem cases, the environment

sends a reward to the agent after every action. However there are exceptions such as

13



chess, where the agent receives a reward at the end of each episode (game) instead of

receiving a reward after every move.

Excluding these exceptions, the agent will receive a reward R, € R after each action.
The agent’s objective is to maximize the cumulative reward it receives. This means
that the agent should not only focus on the immediate reward, but it also should think

about the total reward it is going to get in the long term.

RL attempts to maximize cumulative reward by maximizing the expected return G. In
the case of an episodic task, the expected return at a time step ¢, G;, simply can be

described by

Gt iRl+1+Rt+2+'-~+RT (34)

However, for many problems, the agent-environment interaction doesn’t end after
some predetermined time. Instead, the interaction is indefinite. For such problems,
equation 3.4 doesn’t work well as the return can be infinite. To avoid this issue,
the concept of emphdiscounting can be used. Discounting makes it so that the agent

prioritize immediate reward over future rewards by turning equation 3.4 into following

G =Rii1+YR2+VR3+ .. = Y, YRk (3.5)
k=0

where 0 < y < 1 is the discount rate. One can rearrange this equation to be recursive

as follows

G: = Ri+1 +YGr11 (3.6)

As vy approaches 0, the agent will get more and more short-sighted. And as y

approaches 1, the agent will prioritize the future rewards more.

3.1.3 Policies and value functions

Policies, notated by 7, are an agent’s action-taking strategy. Mathematically, they map

states to the probability of taking specific actions

14



n(als) =P(A, = alS; =) 3.7)

equation 3.7, gives the probability of taking the action a € A when the state is s € S
at time ¢. For each s, 7 gives a probability distribution of a € A. Since the agent must

take an action, ¥, 7(a|s) = 1 must hold.

To be able to determine the desirability of a state, a policy 7 will utilize the value
functions. The state-value function under policy 7, denoted by vy, is defined as the

expected return if the agent follows current policy 7 after state s

va(s) = Eg[Rip1 + YRii2 + VPR3 +...|S: = 5] = Ex[G:[S; = 5] (3.8)

for all s € S, for any ¢, and where Ez[.] is the expected value of a random variable
given that the agent always follows the policy 7. A terminal state, if exists, will always
have the value of 0. This function sometimes will be simply referred to as the value

function.

The action-value function under policy 7, dentoted by g, is defined by the expected

return if the agent takes the action a and then follows current policy 7 after state s.

qr(s,a) =Ez[G/|S, = 5,A; = d] (3.9)

Using these equations, one could derive the following equation using the relationship

between the value function and the action-value function

vz (s) :Zﬂ(a\s)qn(s,a) (3.10)

a
For state s and an action a € A. This equation shows that the state-value of a state s is
the same as the sum of all action-values weighted by the possibility of their respective

actions occurrence.
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3.1.4 Bellman equations

Just like equation 3.6, equation 3.10 can also be written in a recursive form. For any
policy 7, the value of a state s can be written as a function of the value of its possible

SUCCEeSSors

vz(s) = Ez[G|S; = 5]
=Exz[Rt1+YGi11|S: = 5]
=Ex[Rir1+1a(Si1)|S: = 5]
= L (el X pls s @l + 750G 1151 = ]

=Y nlals) L (s rls,a)r+ pv(s))]

s'r

(3.11)

This equation is referred to as the Bellman equation or Bellman expectation equation

for vy.

Similarly, the action-value function can also be written in a recursive form

qr(s,a) = Ez[G|S, = 5,A; = d]
=Ez[Ri+1 4+ YGi41|S: = 5,A; = 4

= Y p(s',71s,0)[r+ VEx[Gr1 ]S = ] (3.12)

s'r
=Y p(s',rls,a)[r+pz(s)]
s'r
This equation is referred to as the Bellman equation or Bellman expectation equation

for gr.

3.1.5 Optimality

An agent will try to improve its policy as it gets more and more experience.
Mathematically speaking, a policy 7 is considered better than or equal to some other

policy &’ if its expected return is equal to or greater than z’ for all states
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T>7n S vi(s) >V (s)VseS (3.13)

For any given problem at least one optimal policy, i.e. a policy that is better than or
equal to all others, must exist. These policies are denoted by 7,. All optimal policies
share the same state-value function v, called optimal state-value function. It is defined

as

vi(s) = mngﬂ(s) VseS (3.14)

They also share the same optimal action-value function g,

q«(s,a) imgzxqﬂ(s,a)VseS,aE.A (3.15)

This equation can be written as

g+«(s,a) = E[R, 1+ yv«(Si11)|Ss = 5,A; = d (3.16)

When the optimal value functions are discovered, the MDP is solved. Note that even
though there can be multiple optimal policies, there can only be one optimal state-value

and action-value function as they are shared by all possible optimal policies.

It becomes easy to find the optimal policy after finding the optimal value functions.
The optimal state-value function can be used for a one-step search in state space can
be used to find all the optimal actions for each state. The optimal action-value function

can be used for finding an optimal policy can be written as

T (s,a) = acA (3.17)

1, a=argmaxq.(s,a)
0, otherwise

where argmax finds the argument that maximizes a function (set of the argument below,

the function to maximize to the right).
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Since v, is a value function, it must satisfy the Bellman equations and thus can be

written as

v.(s) = maxgz, (s,0)

=maxEz, [G|S; = 5,A; = d]

a
:mgzx]Eﬁ*[R,H +YGi11|8: = 5,A; = a] (3.18)
= maa)C]E[RzH + P (Si41)[Sr = 5,4 = d

— max ¥ p(s,rls,a) [+ . (s)]
@ T
The last two lines of equation 3.18 are different forms of Bellman optimality equation
for v,. Let us do the same thing for the action-value functions to derive the two different

forms of Bellam optimality equation for g,

g« (s,a) =E[Ri41 + }/mac/zxq*(StH,a’)\S, =s,A; =d]
d 3.19
= Yol rls )l + yniacq.(s.d)] .

s'r

Notice how these functions are independent of any policy as every optimal policy for

a problem will have the same optimal value functions.

3.2 Learning Methods

Now that the foundation of RL has been laid, the thesis will go over different methods
of learning without the model of the environment. The thesis has chosen Soft
Actor-Critic (SAC) as its algorithm since it is a model-free state-of-the-art method that
is quite sample-efficient. However, actor-critic methods lie in between value-based and

policy-based methods (see Figure 3.3), so the thesis will explain these concepts first.
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Figure 3.3 : Value-based, policy-based, and actor-critic methods.

3.2.1 Value-based methods

3.2.1.1 Monte Carlo (MC)

Monte Carlo (MC) methods are model-free methods which means that they don’t try
to directly model the environment. They run for many episodes, then average out the

returns to estimate the value functions. They can only work with episodic tasks.

This subsection aims to give a brief overview of MC methods instead of giving an
extensive overview of how MC can be used for control. Because of this, this subsection
will simply go over how one can use MC for preditction, i.e. for computing v for an

arbitrary 7.

MC slightly modifies equation 3.8, and replaces the expected return with an empirical
mean return. The method hopes that with enough episodes, the mean return should
converge to the expected return. Using this idea, the MC methods will look at the

mean return for every encountered state after running for a while.

When a state s is encountered in an episode, it is referred to as a visit to s. The first-visit
MCs only use the returns from the first visits to a state s whereas every-visit MCs uses
the returns from every visit to a state s. An overview of the first-vist MC can be seen

in algorithm 1.
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Algorithm 1 First-visit MC prediction
Input: A policy 7
Output: A value function V (attempts converge to vy)
N(s) <~ 0Vs e (S)
returns_sum(s) <— 0 Vs € (S)
Loop for each episode:
Generate an episode using 7
G<+0
Loop for each 7:
G YG+Rin
If N(S;) is not 1:
N(S;) < N(S;)+1
returns_sum(s) < returns_sum(s) + G
V(s) < returns_sum(s)/N(s) Vs € (S)

Generally speaking, two main modifications are made to this algorithm. First of all,
there is no need for keeping the sum of returns for all states. Instead, one could
calculate the means iteratively. Means 1Ny, 132,...,Mx of a sequence x,x7,...,X; can

be computed through

1 k
Nk = %;xi

1 k—1
Tk (x" + ; x"> (3.20)

= %(xk—l— (k— l)nkfl)

1
= MNk—1 +;(xk+nk—l)

Using this idea one can calculate V (S;) iteratively through

1
V(S;) < V(S —(G; =V (S 3.21
( f) ( t)+N(S[>( t ( l‘)) ( )
The second modification that can be made is to replace the N_(ls,) with a constant

learning rate, notated by o

V(S) < V(S)+a(G —V(S)) (3.22)
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Using this, one can give more weight to the recent return (Section 2.5 [1]). In
non-stationary problems (in which the environment varies over time), this is quite
useful since the more recent experiences of the agent will have more information about

the current state of the environment.

In equation 3.21 and equation 3.21, G; is referred to as the MC target and (G, —V (S;))
as the MC error. The V is updated every episode so that it gets closer to the MC target,
using MC error as a direction. Learning rate is used for configuring how big the steps

towards the MC target should be.

3.2.1.2 Temporal-Difference (TD) learning

Temporal-Difference (TD) attempts to solve one of the weaknesses of MC: MC must
wait until the end of an episode to update V (S;). TD updates the V(S;) every time step.
To be able to achieve this, TD modifies equation 3.22 so that it uses an estimate of the

return instead of the actual return

V(S,) < V(S,) + [Ris1 + 1V (Sist) = V(S)] (3.23)

When the environment returns the reward R; | to the agent, TD uses this reward and
the estimate of V(S;,1) to update V. Which effectively makes the TD target R, +
YV (Si+1). The [Riy1 + YV (Si+1) — V(S¢)] in the equation is referred to as TD error
and is notated by 6. Note that equation 3.23 is used for a specific kind of TD called
one — stepT D. The v estimation algorithm for one-step TD can be seen in algorithm

2.
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Algorithm 2 one-step TD v, estimation

Input: A policy 7

Output: A value function V (attempts converge to vy)
Algorithm arguments: smallo > 0

Initialize V (s) Vs € (S) to random values except V (terminal) = 0
Loop for each episode:
Initialize S
Loop for each time step:
A < action given by 7 for S
Send A to the environment
Receive R and S’
V(S)«V(S)+aR+yV(S)—V(S)]
S« S
Break if S is terminal

A comparison between MC and TD can be seen in Table 3.1.

Table 3.1 : A comparison between MC and TD.

MC TD
Model-free Model-free
Updates after each episode Updates after each time step
Uses the actual return Uses an estimate of the value function
Can only be used for episodic tasks Can be used for episodic or continuous tasks
Can be sample-efficient Usually more sample-efficient than MC
Has good convergence Doesn’t always have good convergence

(see Section 6.2 in [1])

3.2.1.3 Control using different TD

This section will go over two TD control algorithms: Sarsa and Q-learning. The TD
algorithm operate using the concept of generalized policy iteration (GP1). GPI consists
of two steps; policy evaluation where the policy value function is estimated and policy
improvement where the policy is improved using this estimated value function. A
policy is considered to be converged if the policy improvement step stops causing

changes.
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Let us start with Sarsa first. The TD update rule for action-value function is derived as

it can be used for finding which action leads to the highest value state

O(S1,A;) < O(S1,Ar) + [Re1 + YO(Se41,A141) — O(S1,Ar)] (3.24)

Action-value function is updated using equation 3.24 each time step. Q(S;11,A;+1) is
zero if Sy is terminal. The name Sarsa comes from the fact that algorithm utilizes all
the S;,As,R;11,5:+1,Ar4+1 terms. The use of an e-greedy (explained below) Sarsa for

control has been showed in an algorithmic form in algorithm 3.

Algorithm 3 e-greedy Sarsa for control
Algorithm arguments: smallo > 0, small € > 0

Initialize Q(s,a) Vs € (S),Va € (A) to random values except Q(terminal,.) =0
Loop for each episode:
Initialize S
Choose A looking at S and using Q (with an e-greedy approach)
Loop for each time step:
Send A to the environment
Receive R and §’
Choose A’ looking at S’ and using Q (with an &-greedy approach)
Q<S7A> — Q(SaA) + a[Rt+l iy YQ(S/7A/) - Q(SaA)]
S« S, A« A
Break if § is terminal

It can be seen that g5 is updated every time step for the policy #. The agent has an
€ chance of choosing a random policy, but it has a 1 — € chance of acting greedily,
1.e. choosing the action that maximizes the action-value function. An agent said
to be acting e-greedily if it follows this approach. Mathemtaically, the policy that
formulates this behavior can be described with the following (assuming there are m

possible actions)

acA (3.25)

e/m+1—¢, a,=argmaxQ(s,a)
n(s,a) =
g/m, otherwise

In Q-learning, the update is made with the assumption that the agent will always choose
the action that maximizes the Q(s,a). But when taking an action it follows an €-greedy

policy with respect to Q(s,a). So the policy used for updating Q and policy used
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choosing actions are different. These sorts of methods are said to be off-policy where
as methods such as Sarsa that use the same policy for updating Q and choosing actions
are said to be on-policy. Update rule for Q-learning is given in equation 3.26, the

algorithm for Q-learning control is given in algorithm 4.

O(S:,Ar) < O(S1,Ar) + AR 41 + }/maaxQ(S/,a) —Q(S1,A)] (3.26)

Algorithm 4 £-greedy Q-learning for control
Algorithm arguments: smalla > 0, small € > 0
Initialize Q(s,a) Vs € (S),Va € (A) to random values except Q(terminal,.) =0
Loop for each episode:
Initialize S
Loop for each time step:
Choose A looking at § and using Q (with an &-greedy approach)
Send A to the environment
Receive R and '
O(S1,Ar) < O(S1,Ar) + a[R 11 + Ymng(S/ﬂ) —0(S1,Ar)]
S+ S
Break if § is terminal

3.2.2 Policy-based methods

In value-based method, the agent’s policy is obtained by a learned a value function.
But policy-based methods do not learn a value function (with some exceptions), they
learn the policy directly. Policy-based methods parameterize their policies and they

choose actions without the need of a value function:

n(als,0) =P(A; =alS, =s5,6,=0) (3.27)

where 0 is the parameter vector. These methods define a function parameter vector,
J(0), to measure the quality of a given policy. So the RL problem turns into an
optimization problem where the learner tries to maximize J. One method of finding

the O that maximizes J is to use gradient ascent

—

6t+1 - 0; + aAQJ(Gt) (328)
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where AQ/J@) term is the stochastic gradient with respect to 6. The methods that
follow this approach are referred to as policy gradient methods (See Section 13.2 in [1]

for theoretical details).

The function J is defined differently for episodic and continuous tasks. For episodic

tasks it can be defined as follows

J(6) = vz, (s0) (3.29)

where vz, is the policy that uses 6 and s is the initial state of the episode. Eq. 3.29
tells that the quality of a policy is measured by the expected total reward (discounted

if Y # 1) starting from s.

3.2.2.1 REINFORCE

REINFORCE algorithm is a policy gradient method [19]. In reinforce, 6 update is as

follows

AgT(A:|S:,0)

6,11 =6+aG
t+1 ; + t ﬂ(At]S,,O)

= 9t+OCG;Agln7I(A,|St,9) (330)

REINFORCE is a MC algorithm since it uses G; thus requires the entire episode
trajectory. The application of REINFORCE can be seen in an algorithmic form in

algorithm Refalg:reinforce.

Algorithm S REINFORCE: MC Policy Gradient Control

Input: a parameterized policy 7w(als, 0)(mustbedif ferentiable)
Algorithm arguments: smalla > 0

Initialize O arbitarily
Loop for each episode:
Generate the entire episode trajectory: So,Aq,Ry,...S7—1,A7—1,Rr following &
For each time step ¢ of the episode:
G« Zl{:tﬂ %_l_le
0 + ay GAglnm(A,|S;,0)
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REINFORCE has the main features of MC methods; it has good convergence but it is
slow and not that sample-efficient. To make it learn faster, one common approach is to

modifying the update rule adding a baseline gain:

6,1 = 6, + 0t(G, — b(S,)) AglnTt(A,|S;, 6) (3.31)

The baseline is a function of state that helps the method distinguish bad actions from
the good ones. One choice of a baseline is the state-value estimate ¥(S;,w) where
w € R™ is the weight vector which is also learned (for example with an MC method).

The new algorithm can be seen in algorithm 6

Algorithm 6 REINFORCE with baseline

Input: a parameterized policy 7(als, ) and a state-value function ¥(s,w) (both must
be differentiable)

Algorithm arguments: o® >0, a" >0

Initialize 6 and w arbitarily
Loop for each episode:
Generate the entire episode trajectory: So,Ao,R1,...S7—1,A7r—1,Rr following
For each time step ¢ of the episode:
G« Zl{:H—l Yk_l_le
0« G—V(S,w)
W w+ o OA, (S, w)
0 «+ a®yYGAglnm(A,|S;,H)

3.2.3 Actor-critic methods

Actor-critic methods can be thought of as a TD version of policy gradient. They consist
of an actor and a critic. The actor takes actions and handles the policy convergence,
whereas the critic assesses the quality of the taken actions. The critic updates the
parameter vector of the value function w. The actor improves its policy by updating

the parameter vector policy 6 with the help of the critic.

Unlike REINFORCE, actor-critic methods use an iterative one-step return (with

exception of some n-step actor-critics):

9[+1 = Gt + OC(RtH + W(St+1,W) — ﬁ(St,w))AglnTL'(At |St, 9) (332)
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where the term & = R, + ¥9(S;11,w) — ¥(S;,w) is the one-step TD error. It can be
seen that transitioning from REINFORCE to actor-critic methods is really similar to
transitioning from MC to one-step TD. An example one-step actor-critic design can be

seen in Algorithm 7.

Algorithm 7 One-step actor-critic

Input: a parameterized policy 7(als,6) and a state-value function ¥(s,w) (both must
be differentiable)
Algorithm arguments: o® >0, a¥ > 0

Initialize 6 and w arbitarily
Loop for each episode:
Initialize S
I<+1
While § is not terminal:
A~ (s, 0)
Send A to the environment
Receive S’ and R
O+ R+y0(S',w)—P(S,w)
w<—w+ o OA,V(S,w)
0+ 0 +allsAgInm(AlS,0)
I <yl
S« S

3.2.4 Soft Actor-Critic (SAC)

Soft Actor-Critic (SAC) [20] is an off-policy actor-critic algorithm. It has been used
for this study because it is a sample-efficient state-of-the-art method. The algorithm
tries to maximize a trade-off between exploration and exploitation, using the concept

of entropy.

Within the context of SAC, entropy can be defined as the randomness of a policy. If
the probability of choosing actions is governed by white noise, it would be said that
the entropy is the highest. In the other hand if the probability of choosing an action is
not probabilistic at all, the entropy would be zero. SAC attempts to find a sweet spot in
entropy where the policy is random enough to explore a lot while still isn’t too random

to not be able to finish the task at hand.
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Entropy can be added to an RL framework through, for example, adding a negative
weighted entropy to the loss function. This would make it so that higher entropies

decrease the loss and thus encouraged.

In SAC, the policy tries to maximize the expected return and entropy:

T
J(8) =Y E(ya)pg, [(s:ar) + 0tH (o ]s1))] (3.33)
t=0

Where H is the entropy term and « is the trade-off coefficient.

The SACs main futures are as follows

e [t is model-free

¢ [t is actor-critic

It is off-policy

* It maximizes a trade-off between exploration and exploitation, using entropy
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4. HEADING KEEPING IN WAVES USING RL

This section aims to design a SAC-based controller for heading keeping in waves. The
exact definition of the problem and the used tools are given under Section 1.3. After
choosing an RL algorithm (in this case SAC), the main workload of the development

lies in choosing a good state vector and designing a good reward function.

This section will start off by explaining the used action and space vector. After this,
the thesis will propose a really simple reward function and iteratively improve it. For
every reward function, the performance of the developed agent will be evaluated in
terms of yaw MAE and rudder usage, and then will be compared to the LQR controller
designed in Section 2. For each reward function, seven different agents will be trained

to see if the reward function relies on a lucky start to perform well.

4.1 State & Action Vectors

The state vector is used as an input to the actor and the critic. It essentially defines
the perception of the agent. So when deciding the elements of the state vector, one
should make sure that; the information that the agent receives is sufficient and that
there is no redundancy in the state vector. Also, it is important that the state vector
doesn’t have elements that are hard to obtain in real-life scenarios. For example,
in a simulation environment, the agent could be provided with the exact sea state
information. Intiutively, one would expect this information to be extremely useful to
the agent. However, it is a very hard task to obtain the sea state in a real-life application.
So one should avoid adding it to the state vector unless they also have a reliable method

of obtaining the sea state.

Keeping this in mind, the following state vector has been chosen

St = [Werra 57 v, W] 4.1)
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where y,,, is the yaw error, 0 is the rudder angle, s is the yaw rate, and y is the yaw

acceleration.

The action vector has only one element

a; = [ny] 4.2)

where ng5 € [~100%, 100%] is the rudder rate in terms of percentage.

4.2 Reward Function #1

Reward functions can be a function of anything and they can be as complicated as
the designer wishes. However, just like the state vector, one should avoid using
information that can’t be reliably obtained in a real-life situation. Also keeping the
reward function as intuitive as possible allows for the reward function to be configured

and modified easily.

One simple starting point for designing a reward function is to either give negative
rewards for higher errors or give positive rewards for lower errors to encourage low
errors. The most straightforward way of doing this would be to give a constant reward

to the agent if the error is lower than some constant value as follows

) Crewardy  Werr < Cerr
k= { 0, otherwise “.3)

where ¢;eqrq 1S SOme constant reward and c,,, is the constant error threshold. When
we look at the literature (for example [8]), it can be seen that such functions don’t give
great results. If the reward function doesn’t change for different y,,, under c.., the
agent will have no incentive for discovering a policy that can get errors lower than ¢,
Also, the agent will not have a strong sense of “direction” when updating its policy.
This is because it is really difficult to differentiate between two different policies that
can achieve Y, < ¢ Or two different policies that can’t achieve V., < cepr, as in

both cases the policies will be indistinguishable in terms of reward.
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A better idea would be to use a continuous function. For example a linear reward

function such as the following can be chosen

R = cpmax — Cslope Werr (4.4)

where the agent gets rewarded more and more as the Y, decreases and cpe
determines how strongly the punishment increases as Y, increases. An example of

this reward function can be seen in Figure 4.1.

N N§

0.75 \
® \
(1]
é 05 I

0.25

0
0 0.25 05 0.75 1

Normalized yaw error

Figure 4.1 : A linear reward function where ¢yax = 1, ¢50pe = 1, and Y, has been
normalized between 0 and 1.

A linear function is not the only choice for a simple continuous reward function.
For example, many works in the literature utilize a reward function with a gaussian

behavior, [8] and [7] being two examples. Such a reward function would look like this:

WZ
R = cyeqteexp <_2C%) 4.5)
std

where the agents gets rewarded more and more as it lowers the W, Cscqle 1S the scale
of the reward, and cy is the standard deviation of the bell. An example of this reward

function can be seen in Figure 4.2.
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Figure 4.2 : A gaussian reward function where ¢4, = 1, crg = 0.6, and Y, has
been normalized between 0 and 1.

However, [21] argues that, at least for their problem case, an absolute exponential
function is a better candidate since it has better gradient around its tails. With this
property, they are hoping to give more information to the agent about desirability of its

state even when the error is relatively high. An absolute exponential reward function

would look as the following

R= Cscale (_cerr_scale| l//errl) (46)

where ¢4, 15 the scale of the reward function and ¢y, gcqre 15 the scale of the yaw
error. A comparison between an absolute exponential function and a gaussian function

with a relatively lower standard deviation can be seen in Figure 4.3.

—— Absolute exponential
— Gaussian

0.8 -

0.6 -

Reward

0.4-

0.2-

0.0 -

-1000m-750m -500m -250m Om 250m 500m 750m 1000m
Cross-track error

Figure 4.3 : A comparison between an absolute exponential function and a gaussian
(taken from [21]).
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This thesis advocates for the use of an absolute exponential function for an entirely
different reason: steady-state error. A system is said to have a stead-state error when
there is a constant error as the limit in time goes to infinity. For our case, if the
controller isn’t able to overcome some constant yaw error and maintains this constant
error throughout the episode, we can say that we have steady-state error. The previous
RL studies in MARIN suggest that if a mechanism for fighting steady-state error is not

implemented, the system will have steady-state error for this problem cases.

The thesis believes that the extreme gradient around zero yaw error in absolute
exponential function will encourage the agent into finding policies that can overcome
steady-state error. This is because the reward the agent gets improves drastically as the
error goes to zero. This belief is proven to be correct in the third iteration of the reward

function.

Considering all of this, the study decided to use a simple absolute exponential function

for the first iteration of the reward function.

4.2.1 Training setup

As mentioned before, SAC has been chosen as the RL algorithm to use. Used SAC
hyperparameters can be seen in Table 4.2. For the state and action, the vectors given
in Section 4.1 have been used. For the reward function, a simple absolute exponential
function given at equation 4.6 with cgq, = 1 and ¢y scare = 5 has been used. cgeqre
has been chosen as 1 so that the reward scale can be tuned easily if needed. c.r scare
has been chosen with a simple grid search. The yaw error that feeds into this function

has been normalized between 0 and 1. The reward function can be seen in Figure 4.4.
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Figure 4.4 : The used absolute exponential function.

To make sure that the agent performance doesn’t rely on a lucky initial start, seven
different agents have been trained with the exact same setup. Each agent have been
trained for 2000 episodes. For each episode, the environment choses a random wave
phase, Hs, Tp, and Dp using the boundaries stated in Section 1.3. The best performing
agent has been chosen by getting the peak of moving window average of reward where

the window size is 100. The parameters of the environment can be seen in Table 4.1.

The exact tools used for the environment has been explained under the Section 1.3.

Table 4.1 : Environment setup.

Parameter Value Unit
Sample time (dt) 0.2 seconds
Initial rudder angle 0 degrees
Initial heading 0 degrees
Initial body fixed forward velocity 10.29 m/s
Hs random m
Tp random S
Dp random degrees

4.2.2 Reward function #1 - results

The trained agents have been evaluated the same way with how the designed LQR has
been evaluated in Section 2. The overall performance of the seven agents have been
compared to LQR in Figure 4.5. Note that for the RL agents, the error bars do not

indicate the standard deviation of different runs, but it indicates the standard deviation
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Table 4.2 : SAC hyperparameters.

Parameter Value
optimizer Adam [22]
learning rate 3x 1074
discount 0.9
replay buffer size 5% 10*
number of hidden layers 2
number of neurons per layer 64
number of samples per minipatch 256
activation function tanh
target smoothing coefficient 5x1073
target update interval 1
gradient steps 1

of average performance off all seven agents. So the standard deviation information for

different evaluations on the same seadirection have been lost in this figure.

Mean of yaw MAE for all RL Agents at varying ss in terms of Sea Direction
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=
5
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Figure 4.5 : The performance of agents trained on the first reward function,
compared to LQR.
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When this figure is observed, it can be clearly seen that this reward function can not ,
produce agnets that can deal with this problem case consistently. And because of how
weak some of the agents were in these evaluations (see Figure 4.6), this figure doesn’t

give us a lot of information about what can be done to be able to improve the agent.

Mean of yaw MAE for RL Agent {run 7) at varying ss in terms of Sea Direction

50 + Mean MAE
Mean MAE
m RL MAE
40 “HEGRMAE """ e e e
=
i
=
w 30
=
=
=
o 20
10
0 ]
00 45.0 90.0 135.0 180.0
Sea Direction [deg]
Mean of area under rudder for RL Agent (run 7) at varying ss in terms of Sea Direction
60000

- Mean rudder usage
Mean rudder usage

50000 = Rudder usage RL
m Rudder usage LOR

40000

30000

Rudder usage

20000

10000

0.0 135.0 180.0
Sea Direction [deg]

Figure 4.6 : The weakest agent produced by the first reward function.

To be able to get an idea on what to do next, let us observe the same plot, but this
time comparing LQR and the best agent we have in terms of yaw MAE (Figure 4.7).
Note that in this figure, just like LQR, the error bars show the standard deviation of

performance for different the evaluations in a wave direction.

36



Mean of yaw MAE for RL Agent {run 2) at varying ss in terms of Sea Direction
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Figure 4.7 : The performance of a specific agent trained on the first reward function,
compared to LQR.

When this figure is observed, it can be seen that we have at least one RL agent that can
actually somewhat do an okay job at heading keeping even though it is weaker than
LQR. Both the RL agent and LQR seems to be struggling in the same wave directions.
One important thing to note here is that the agent isn’t able to understand that it can do
heading keeping with minimal rudder effort with waves that come from 0 degrees and

180 degrees.

Now let us observe some time traces to understand what the agent is struggling
with. The study has detected three main weaknesses with the behavior of the agent;

steady-state error, excessive rudder usage, and overshooting.
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Figure 4.8 compares the behavior of the best RL agent (again in terms of yaw MAE)
and LQR under some specific sea condition. When the behavior of the RL agent is

compared to LQR, it can be clearly seen that the agent uses the rudder a lot, and has a
steady-state error.
When we observe Figure 4.9, the overshooting behavior can be seen.

Yaw behavior, RL agent, varying hs, tp=12.5, sea direction=45.0
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Rudder behavior, EL agent, varying hs, ip=12.3, sea direction=45.0
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Figure 4.9 : The performance of agents trained on the first reward function,
compared to LQR.
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4.3 Reward Function #2

This iteration of the reward function will only focus on overshooting behavior and
excessive rudder usage. To fight the these two problems, the reward function has been
split into two sections; the positive reward signal and the negative reward signal. While
the positive reward signal is used for encouraging low errors, the negative reward signal

is used for discouraging the mentioned two problematic behavior.

First of all, let us define our reward function as follows

R= Rencourage B Rpunish 4.7)

For this iteration of the reward function, let us use the previous reward function as

Rencourage

Rencourage = Cscale€XD (_Cerr_scale’ll/eer (48)

Now for the R pisn- Let us split R, pis, into two parts

Rpum'sh = Ryudder + Rovershoot (49)

where R,,j4.r punishes the excessive rudder usage and R,,. 00 punishes the
overshooting behavior. To fight with excessive rudder usage, rudder angle and the

rudder rate can be punished

Rrudder = CrudderRencourage5 + crudder_rat65 (4'10)

where ¢,ygder and Crygger rare are used for deciding the strength pf the punishment, 6 is
the rudder angle and 5 is the rudder rate. For now, ignore the Rencourage term as it will

be explained shortly.
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To fight the overshooting behavior, the error rate can be punished. This would work
the same way the D term works in a PID controller. Yaw rate could be considered as

the error rate for our problem.

Rovershoor = Cyaw_mteRencourage ‘// (4-1 D

where Vs is the yaw rate, and cyay_rare 1 the punishment scale.

Now let us explain the Rencourage €ncourage term in some of the punishment
components. When we think about for example rudder rate, it is always a good idea to
punish it since excessive rudder rate can damage the actuators and generally speaking
won’t be that useful. However, for something such as rudder angle, it is not alway good
to punish it since we would like to use high rudder angles when the error is high. The
same goes for the yaw rate too, we would like to have high yaw rates when the yaw
error is high. Considering this, negative reward that comes from these two properties
has been scaled by Rencourage- When the error is high, high rudder and yaw rate will
not be punished that much since Repcourage Will be almost zero. But when the error is
low, the increase in Repcourage Will make it so that the punishment that comes from the

rudder angle and yaw rate is high.

Let us observe the effect how these punishments affect the shape of the reward
function. In Figure 4.10, an example version of this reward function has been
demonstrated when the rudder rate is high but rudder angle and yaw rate are zero.

It can be seen that the entire function shifts down in this case.

1
\
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m
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Normalized yaw error

Figure 4.10 : The reward function after rudder rate punishment.
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In Figure 4.11, an example version of this reward function has been demonstrated when
the rudder angle is high but rudder rate and yaw rate are zero. It can be seen that the

agent isn’t being punished for having a high rudder angle when the error is high.
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=
s
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Normalized yaw error

Figure 4.11 : The reward function after rudder punishment.
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4.3.1 Reward function #2 -results

The reward function designed in section has been used. The reward parameters has
been chosen as cyay_rare = 0.1, Crugder rate = 0.3, and c,yq4.- = 0.1 after a grid search.
The agents have been trained the exact way with the previous ones. The overall
performance of these agents have been compared to LQR in Figure 4.12. Again, for

this plot the standard deviation information for different runs have been lost.

Mean of yaw MAE for all RL Agents at varying ss in terms of Sea Direction
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Figure 4.12 : The performance of agents trained on the second reward function,
compared to LQR.

When compared to Figure 4.5, it can be seen that the agents have improved a lot in

terms of rudder usage. When we look at the best agent in terms of the yaw MAE

(Figure 4.13), we surprisingly see that the agent beats LQR in terms of rudder usage.
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Mean of yaw MAE for EL Agent {run 1) at varying ss in terms of Sea Direction
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Figure 4.13 : The best agent (in terms of yaw MAE) beats LQR in terms of rudder.

However, when we look at the time traces (Figure 4.14), it can be seen that the problem

with the steady state error persists as it hasn’t been addressed by the changes.
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4.4 Reward Function #3

To fight the steady state error, the gradient in R,;courage around O degree error has been
increased drastically by turning it into a joint function. The newly designed Rencourage
consists of two different exponential function where the stronger exponential function

is chosen when the error is less then some predetermined value.

2 _ exp (—¢1Werr) Verr < Yborder 4.12)
encourage TbordereXP (—C2(Werr — Woorder)) ~ Otherwise .

where ¢ is the error scale for the low errors, ¢, is the error scale for the higher errors,
Tborder 18 Where the the transition between two functions will occur in reward axis and

Whorder 1S Where the transition will occur in the error axis.

Looking at the scale of the steady-state error in different runs, ¥p,,4.- has been chosen
as 5 degrees. To make the gradient as drastic as possible, 75,4 has been chosen as 0.5
which effectively means that the agent isn’t able to get the 50% of maximum possible
error if it doesn’t have less than W4 = 5° of error. ¢, has been chosen as 5 since it
is the value used for the previous reward functions. After deciding these parameters,

c1 can be calculated through

_ ln(rbarder)
Yporder

C1 (4.13)

Using the final iteration of the reward function new agents have been trained. The same
reward parameters as the previous one has been chosen after a grid search. The agents
have been trained the exact way with the previous ones. The comparison of overall

performance of the new agents and LQR can be seen in Figure 4.15.
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Mean of yaw MAE for all RL Agents at varying ss in terms of Sea Direction
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Figure 4.15 : The final agents compared to LQR.

Looking at this figure, it can be seen that the agent outperforms LQR both in terms of
rudder usage and yaw MAE. If we try to increase the R value of the LQR in an attempts
to beat the agent in terms of rudder usage, the gap between the LQR and RL agent in
MAE increases (Figure 4.16). If we try to decrease the R to beat RL in terms of MAE,
the rudder usage of LQR increases drastically (Figure 4.17).
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Mean of yaw MAE for all RL Agents at varying ss in terms of Sea Direction

-+ Mean MAE
-+ Mean MAE
m MAE

20

= LOR MAE

Yaw MAE [deg]
> o

o
o

N R

00 45.0 20.0 135.0 180.0
Sea Direction [deg]

Mean of area under rudder for all RL Agent at varying ss in terms of Sea Direction

16000 === Mean rudder usage
== Mean rudder usage
14000 = Rudder usage
12000 = Rudder usage LOR
o
8 10000
w
2
& 8000
3
© 6000
4000
i
0 = L

0.0 45.0 20.0 135.0 180.0
Sea Direction [deg]

Figure 4.16 : The final RL compared to an LQR with a high R.
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Figure 4.17 : The final RL compared to an LQR with a low R.

When time traces are observed, one of the strength that RL has over LQR seems to

be that RL can have an overall low frequency rudder trend and have a high frequency
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behavior on top of that. Whereas LQR seems to have a high frequency, really steady,
periodic behavior. This gives an edge to RL over LQR in some of the complicated
circumstances. Some examples of this can be observed in Figure 4.18 and especially

with Figure 4.19.
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5. CONCLUSION

In this thesis, an RL-based controller has been proposed for the heading keeping of a
ship. The potential benefits of using an RL-based controller over a traditional one have
been discussed. To see if the designed RL-based controller can actually be compared

to a traditional controller, an LQR controller has been designed.

After giving an extensive overview of RL methods and explaining the specific
algorithm that the study uses, the thesis starts off by creating a simple RL agent, and
iteratively improves it. In each iteration of the improvements, the RL agents have been
compared to the designed LQR in terms of yaw MAE and rudder usage. The final
iteration of the RL has been seen to beat the designed LQR both in terms of yaw MAE

and rudder usage.

To conclude all the improvements, one evaluation of all the designed controllers has
been visualized in Figure 5.1. When this figure is observed, it can be seen that the
first iteration of the RL agent has unnecessarily high rudder usage and isn’t able to
beat a steady-state error. In different runs, it also has been seen that this agent has an
overshooting behavior. The next iteration of the agent attempts to fight the rudder usage
and overshooting problem and manages to succeed. However in this iteration, the
steady-state error becomes much more prevalent. The final iteration of the RL agents
manage successfully beat the steady-state error issue without losing the advantages of

the previous iteration.

While still an emerging field, the use of machine learning methods in marine movement
control shows promising results. This study designs an machine learning based
controller to check the feasibility of such controllers and attempts to provide guidance

for possible future work.
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5.1 Future Work

5.1.1 Reward shape

This study only studies reward functions with an exponential behavior. While the high
gradient around zero error might be a desirable characteristic to fight steady-state error
as shown by this study, it can be valuable to investigate reward functions of different

shapes.

5.1.2 Drift reduction

The current reward function doesn’t have any terms for reducing drift. A possible

future work could involve adding a term for drift reduction to the reward function.

5.1.3 An agent for varying propeller RPM

The current agent only works on one specific propeller RPM. The agent could be
further generalized by making it able to work for different propeller RPMs. One simple
attempt could be to simply train an agent which has the exact same configuration as

the last developed agent except it also has RPM in its state vector.

5.1.4 RL in nonlinear waves

In this study, the used wave model is linear. Considering how well the neural network
based learners perform in nonlinear environments, the performance difference between
RL and traditional controllers can potentially increase a lot if a nonlinear wave model

is used.

Considering how computationally expensive it is to simulate nonlinear environments
compared to linear environments, the author decided to use linear waves for this study.
However now that there is already a working model, it is much more feasible to test

and improve this agency configuration in a nonlinear environment within a reasonable
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amount of time. In fact, the same trained models could be taken and trained for a while

in nonlinear waves.
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