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Passenger vessel models for fuel efficient fixed-routes
A data-driven approach towards reducing fuel consumption in marine environments
using model free reinforcement learning
JAKOB BRUCHHAUSEN, FREDRIK LORENTZON
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Minimizing fuel consumption of marine vessels has environmental, economical, and
health related advantages. Today, many vessels lack software to help operators drive
efficiently. We present a complete reinforcement learning framework that models the
behaviour of a marine vessel and optimises it with regard to its fuel consumption.
The reinforcement learning algorithm consists of an environment and an agent. The
environment is built using an LSTM neural network trained on real-life data. The
data is analysed to find relevant features, strongly correlated with fuel consumption,
and to remove irrelevant ones. The agent is built using a deep Q-learning architec-
ture. Moreover, a Hidden Markov Model was implemented to infer latent variables.
It evaluates states at each time-step and feeds its output to both the environment
model and the agent. The LSTM and Hidden Markov models are built on data from
the passenger vessel Burö, operating in the Göteborg archipelago.

Some models manage to describe the vessel’s behaviour relatively well, when
evaluated on test data. Implementation of the Hidden Markov Model in one model
gave indications of improved model performance. A visual analysis of the obtained
latent variable further gave indications of a beneficial implementation of the hidden
Markov model. The agent manages to find a good but not optimal policy. In
conclusion, the proposed reinforcement learning algorithm is not accurate enough
to be implemented into real-life applications. However, we present many important
insights to future works, such as the reinforcement learning architecture and the
importance of estimating latent variables.

Keywords: machine learning, data-driven, reinforcement learning, LSTM, DQN,
NARX, hidden Markov models, Gaussian processes, marine vessel modelling.
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1
Introduction

The maritime industry is a large actor in the global economy. According to the
World Bank, in 2017 80% of international trade goods were transported by sea
and this �gure is expected to quadruple until 2050. Ocean �shing is estimated to
contribute more than 270 billion USD to global GPD each year. Ferry passengers
in the European Union increased with almost15%between 2014 and 2019, reaching
419 million passengers during 2019 [1, 2].

The blue economy, de�ned by the European Commission as all economic activities
related to oceans and coastal regions, is growing. In 2021 the European Commis-
sion reported coastal tourism, port activities and maritime activities increased with
20:9%, 14:5% and 12% respectively between 2009 and 2018. In the same period
coastal tourism also had an increase in employments of45%. The industry of o�-
shore wind power in 2018 reported an increase in employment of15%from the year
before [3]. To summarise, the blue economy is growing rapidly, and not only due
to increase in already existing sectors. New industries dependant on the ocean and
coastal regions are also emerging, such as algae production and renewable energy in
the form of e.g. wave power. Along with the above reported stable increase comes
the pressure of a sustainable future blue economy. In 2018 the total greenhouse gas
emissions (carbon dioxide, methane and nitrous oxide) measured1; 076 CO2e (car-
bon dioxide equivalents), an increase of9:6%. In 2018 this means2:89% of global
emissions could be linked to the shipping industry [4]. Positive correlations has been
found between economic growth with maritime transport, air pollution of nitrogen
oxides (NOx) and sulphur dioxide (SO2) [5]. Increased exposure to these substances
can lead to respiratory illness and positive correlations have also been found be-
tween increase short-term exposure to SO2 and mortality due to such illnesses [6].
NOx is along with particle pollution two of the main exhausts from diesel engines,
a common engine type used in marine propulsion. Exposure to particle pollution is
also considered one of the major contributions to increased cardiovascular disease
along with an increase in metabolic disorders such as diabetes [7]. In addition to the
severe health hazards, environmental impacts such as eutrophication and visibility
reduction due to smog are also caused by diesel engine emissions [8]. All of the
above point towards the need for a decrease in fuel consumption within all sectors
of the marine industry.

Machine learning and AI is a thriving �eld in both industrial applications and
in research. Supervised learning is a subcategory of machine learning, where a
mathematical model is trained to describe a set of inputs and outputs given real-life
data [9]. There are many di�erent types of models which go under the umbrella of
supervised learning. Having access to such a model furthermore allows for studying

1



1. Introduction

and optimizing it to a given goal. A second subcategory of machine learning is
reinforcement learning, where one attempts to �nd an optimal policy that maximises
a reward function [10]. Reinforcement learning is fundamentally di�erent from other
branches of machine learning because it relies on exploration and rewards rather than
a de�ned error. Recently, reinforcement learning has gained publicity for its ability
to solve complex tasks, including playing the game of Go to a superhuman level
[11] and predict protein folding [12]. In reinforcement learning, an agent and an
environment are de�ned. The agent interacts with the environment, and performs
actions in it. The actions result in rewards and the agent's goal is to maximise the
long-term reward. This scope makes reinforcement learning useful for performing
tasks that require long-term planning. One such example is driving a marine vessel
e�ciently. The vessel operator needs to get to its target dock in time but should
also drive with as low fuel consumption as possible.

In this project we study real-data from Burö, a passenger vessel traversing a �xed
route in the archipelago of Göteborg. The project will be carried out in collaboration
with Cetasol AB, who are also the providers of the data. Using the data provided,
we attempt do de�ne a machine learning based approach for conserving fuel.

1.1 Aim

The large scale aim of the project can be split into two main parts: to create and
evaluate three di�erent mathematical models and their ability to accurately describe
the dynamics of the vessel, and afterwards attempt to a de�ne a optimal strategy for
minimizing fuel consumption on a given trajectory. Such an optimal strategy will be
found using reinforcement learning and more speci�cally deep Q-learning. The goal
hereby is to create a starting point of a framework which could be used to conserve
fuel in �xed-route marine transport. From the data, features strongly correlated
with fuel use will be selected, and irrelevant ones will be removed. Furthermore we
analyse the possibility of using a latent variable model to infer more information
about the vessel dynamics, and any possible model improvements such inferred
information could o�er.

1.2 Scope

The goal of this project is not to solve question of minimizing fuel consumption
for marine vessels. Rather we seek to create and evaluate di�erent approaches to
reducing fuel consumption and compare them to each other. By this we hope to
build a initial framework, which in the future can be improved and expanded upon.
Focus of the project will be directed towards modelling the internal dynamics of
the vessel. By the internal dynamics we more speci�cally mean parameters such
as the engine speed, gas pedal position and the vessel speed. Features which to a
larger degree might be considered be of environmental origin will not be considered.
The scope of the project is also a�ected directly by the nature and characteristics
of the data. The data is collected from a passenger vessel using a Volvo Penta D13
engine, and as such the results of the project will consequently be biased towards

2



1. Introduction

the speci�cs of the vessel and its speci�cations.
For the reinforcement learning part of the project, there will be a limited amount

of time spent on querying about di�erent types of reinforcement learning algorithms
and the parameters settings of such algorithms.

1.3 Data and ethics

No individual or personal data will be used in the project. No sensitive and private
data are used. The method can not be used to discriminate, fairness is by default
included (no priority or advantage can be given in the algorithm to discriminate).
All constraints will be given externally, no bias can be methodologically included,
unbiasedness is built-in. Decisions made by the AI will be made transparent and
interpretable, supporting and not constraining human decision-making.

3
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2
Theory

Chapter 2 will discuss the relevant theoretical background to the fundamental con-
cepts applied in the thesis. The theory chapter will not discuss the concepts in
relation to the project aim and unique implementations of the work. Instead it
will o�er a general but detailed description of the theoretical concepts to facilitate
further reading and understanding of the report. First the chapter reviews some
classical marine vessel dynamics after which we delve further into theory more spe-
ci�c to the project. This includes modelling di�erent aspects of a vessel. Finally the
chapter is concluded by describing the means of optimizing a model with respect to
some goal.

2.1 Classical marine vessel dynamics

The acceleration_v of a marine vessel is determined by the engine force, drag, and
external forces such as winds and streams. In addition, because a marine vessel
operates in a viscous medium and therefore is able to drift, the direction of movement
is in part determined by history.

For forward motion, the acceleration in the direction of movement_vforward follows
Newton's second law of motion where_vforward is proportional to the engine forceFe,
factored for the weight of the vesselm

_vforward =
Fe

m
: (2.1)

The negative acceleration_vbackward follows the drag equation

_vbackward =
Fd

m
=

�v 2cdA
2m

(2.2)

where� is the density of the water,v is the velocity of the vessel (for still water),
cd is a dimensionless unity calleddrag coe�cient , and A is the reference area (the
area relevant for the contact with the water).

Additional forces, such as winds and streams, can be notated". The resulting
acceleration is hence

_v = _vforward � _vbackward + " : (2.3)

Since _vforward increases independently ofv and _vbackward increases with a square
relationship to v, the two terms will be equal for a given value ofv. This is the
speed the vessel will keep for that value ofFe [13] [13].

5



2. Theory

Equation (2.1) and (2.2) are simplistic marine vessel models. More advanced
models strive to also describe propeller and rudder dynamics [14], and the vessel's
six degrees of freedom: heaving, swaying, surging, yawing, rolling and pitching [15].

2.2 Moving average �lters

Noise in time series data can be the product of di�erent things such as circuit errors,
loose connections, etc. If the noise in the signals is deemed to be random it can be
�ltered out. A method of �ltering out noise and in practice smoothing the series is
using a moving average �lter [16]. A moving average �lter calculates the mean in a
sampling window of size2k + 1 according to

MA =
ot � k + ot � k+1 + � � � + ot + � � � + ot+ k� 1 ; ot+ k

2k + 1
: (2.4)

By running a moving average process over a set of time series, the series are
"smoothed" to remove noise and irregularities.

2.3 Hidden Markov models

Real world events, such as marine vessels traversing a �xed route, generate observ-
able results which can be collected and stored in a database. These observations,
e.g. wind speed, vessel course, engine rpm, etc, can later be used to describe the
event with a mathematical model. If we assume that the underlying real world
process cannot entirely be described by the observed variables alone we �nd the
process must also be a function of a set of latent (hidden) variables which are not
observed. To be able to describe the entire real-world process these hidden variables
are inferred from existing ones. One class of models applicable to this problem are
hidden Markov models [17].

A hidden Markov model (HMM) is a model which aims to describe a Markov
processX with N states that produces outputs that are not observable, i.e. the
process is hidden.X is assumed to in�uence a second processO of dimensionD
which produces observable outputsot . The connection betweenX and O is assumed
to be known and by observing the processO one attempts to learn the processX
[18]. In relation the modelling of latent variables, the hidden process acts as a latent
variable. It a�ects the observed outputs but can cannot be observed itself.

6



2. Theory

Figure 2.1: Example of a hidden Markov model ofN = 2 hidden states with
three di�erent emission states. Arrows indicate transitions with probabilities. The
observed process is whether someone stays at home, goes shopping or goes for a
walk. The hidden process is the weather which determines the observed action by
a set of emission probabilitiesB .

Figure 2.1 shows a simple example of a HMM where a behaviour is observed,
namely if a person decides to stay at home, go shopping or go for a walk. This
observable action is determined by the state of weather, if it is sunny or not, which
is hidden from the observer.

The hidden process of the HMM, the weather in the above example, is a discrete-
time Markov chain where the number of statesN is determined by the number of
hidden states in the overarching HMM. As it is a Markov chain it is parameterised
by a initial transition probability � which gives the probability of the initial state, as
well as a transition probability matrix A containing elementsai;j which are transition
probabilities between statesi and j for i; j 2 f 0; : : : ; Ng. In addition to � and A the
HMM is further parameterised by the emission probabilitiesB . bi (yt ) denotes the
probability of observing a given outputot at time t given statei for i 2 f 1; : : : ; Ng
[19]. The �nal parameterization of the HMM can be described by

� HMM = f �; A; B g : (2.5)

In the study of HMMs there are three problems which must be solved for the
model to be applicable to a real world event. These problems are:

1. Given a sequence of observationsO = [ o1; o2; : : : ; oT � 1; oT ] and the model
� HMM = f �; A; B g, how does one computeP(Oj� HMM )?

2. Given a sequence of observationsO = [ o1; o2; : : : ; oT � 1; oT ] and the model
� HMM = f �; A; B ]. How does one calculate a state sequenceS = [ s1; : : : ; sT ],
which is optimal?

3. How does one adjust the model parameters� HMM to maximiseP(Oj� HMM )?

7



2. Theory

A solution to calculating P(Oj� hmm ) can be formulated from its de�nition. Con-
sider a state sequence of lengthT, S = [ s1; : : : ; sT ]. The probability of the observa-
tion sequences given this state sequence can be given as

P(OjS; � HMM ) =
TY

t=1

P(ot jst ; � HMM ) ; (2.6)

whereP(ot jst ; � HMM ) = bst (ot ) Given the model� HMM (2.5), the probability of
the state sequenceS can be written as

P(Sj� HMM ) = � s1 as1s2 � � � asT � 1sT : (2.7)

The product ofP(OjS; � HMM ) andP(Sj� HMM ) is the joint probability P(O; Sj� HMM )
that the observations sequence and the state sequence occur simultaneously. A
solution for problem 1 can now be formulated by summing the joint probability
P(O; Sj� HMM ) over all possible state sequencesSi of some lengthT. The �nal
number of possible state sequences isN T , N being the number of states in the
hidden markov model. The resulting equation is

P(Oj� hmm ) =
N T
X

i =1

P(OjSi ; � HMM )P(Si j� HMM ) : (2.8)

As this computation involves calculating equations (2.6) and (2.7) for each possi-
ble state sequence the total number of equations amount to2TN T . For the simple
example ofN = 5 and T = 100 this amount to � 1072 calculations, which of course
is very impractical. Instead of this costly computation a solution to be �rst prob-
lem can be calculated quite simply using the forward-backward procedure [20]. The
forward procedure is described in more detail in the following equations.

For the forward procedure we �rst de�ne the quantity

� t (i ) = P([o1; o2; : : : ; ot ]; st = i j� HMM ) ; (2.9)

which can be described as the probability of the observation sequence[o1; o2; : : : ; ot ]
up to time t and the state to bei at t. Using the forward algorithm we can now
recursively calculate� t (i ) as

1. Initialization
For eachi , 1 � i � N

� t (i ) = � i bi (ot ) : (2.10)

2. Recursion
For t and j , 1 � t � T � 1, 1 � j � N

� t+1 (j ) =

 NX

i =1

� t (i )aij

!

bj (ot+1 ) : (2.11)

3. Termination

P(Oj� HMM ) =
NX

i =1

� T (i ) : (2.12)
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Equation (2.12) gives the solution to problem 1.P(Oj� HMM ) is also the max-
imum likelihood function L of the hidden Markov model given the observation se-
quenceO.

A solution to problem 2 is the Viterbi algorithm. The Viterbi algorithm is a dy-
namic programming approach to �nding the optimal state sequenceS = [ s1; : : : ; sT ]
given a observation sequenceO = [ o1; : : : ; oT ] [20]. For de�ning the Viterbi algo-
rithm we need to �rst de�ne the the following quantity

� t+1 (i ) = max
s1 ;s2 ;:::;s t � 1

P(s1; s2; : : : ; st = i; o1; : : : ; oT j� HMM ) ; (2.13)

where � t (i ) as the highest probability along a single pathO at time t which
describes the �rst t observations and ends in statei . By induction we have

� t+1 (j ) = max
i

� t+1 (i )aij bj (ot+1 ) : (2.14)

To obtain the optimal state sequence we need loop over each timet and each
state j and save the argument which maximises (2.14). As we now have de�ned the
above we can describe the Viterbi algorithm as follows:

1. Initialization
For eachi , 1 � i � N

� 1(i ) = � i bj (o1) ;

 1(i ) = 0 :
(2.15)

2. Recursion
For t and j , 2 � t � T; 1 � i � N

� t (j ) = max
1� i � N

(� t � 1(i )aij )bj (ot ) ;

 t (j ) = arg max
1� i � N

(� t � 1(i )aij ) :
(2.16)

3. Termination

P � = max
1� i � N

(� T (i )) ;

s�
T = arg max

1� i � N
(� T (i )) :

(2.17)

4. Backtracking
The �nal step of the algorithm consists of backtracking through all the saved
arguments of  t (j ) for all t and j , to �nallty obtain the optimal. For t =
T � 1; T � 2; : : : ; 1,

s�
t =  t+1 (s�

t+1 ) : (2.18)

In equations (2.17) and (2.18)P� denotes the highest probability ands�
t denotes

the optimal state s given a time t. The Viterbi algorithm shares many traits with
the forward algorithm used to solve problem 1. However the forward algorithm
lacks the �nal back-tracking step of the Viterbi algorithm, making them distinct
from each other.
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The Viterbi algorithm gives a solution to problem 2. Problem 3, estimating and
tuning the parameters of the HMM can adressed using the Segmental K-means
learning algorithm, which makes use of the Viterbi algorithm [21]. This algorithm
will be further discussed in section 3.3.2.

2.4 K-means clustering

K-means clustering is a common clustering method. In K-means clustering,K
centers are �rst initialised into some sub-optimal setting. There are many di�erent
methods of initialization available. After initialization of centers, data points are
reassigned to the cluster with the closest center. The new cluster centers then
updated by calculating the mean of the cluster points. The process is repeated until
some convergence criteria is met or a prede�ned number of iterations have been
performed [22].

The clustering performed by the K-means algorithm can be evaluated by calcu-
lating the within cluster sum of squares (WCSS) de�ned as

WCSS =
KX

j

nX

i

(x i � Cj )2 ; (2.19)

namely the squared distance between a data point and its corresponding cluster
center summed over all data points and clusters. In equation (2.19),K is the
number of clusters,n the number of datapoints, letx i denote the ith data point and
Cj denote the jth cluster. A smaller WCSS indicates more coherent clusters and a
better clustering result.

There are several ways to initialise the centers of the K-means clustering al-
gorithm, such as randomly choosing K data points or for example density-based
initialization methods. One issue with the K-means algorithm is the algorithms
sensitivity to initialization. A way around is the K-means++ initialization algo-
rithm. The �rst center is chosen randomly among all data points. The next center
is chosen among the remaining data points such that the probability of choosingx i

as the next center is proportional to its distanceD(x i ) from the previously chosen
center. The process is repeated untilK centers have been created [23].

2.5 Gaussian mixture models

A Gaussian mixture model (GMM) is a sum ofM weighted multivariate Gaus-
sian density functions which can be used to model some datax with d features
and continuous observations. GMM allows for larger �exibility in data modeling
by combining several distributions compared to only using one single multivariate
Gaussian distribution. A GMM of M components is given by equation,

p(x j� GMM ) =
MX

j =1

wj p(xj� j ; � j ) ; (2.20)

10



2. Theory

wherewj are the individual weights such that
P M

j =1 wj = 1, � j are the component
mean vectors and� j are the component covariance matrices. As such a GMM can
be parameterised by

� GMM = f wj ; � j ; � j g j = 1; : : : ; M ; (2.21)

and subsequently �tting the model to some datax results in the problem of
estimating � GMM .[24]

2.6 Nonlinear autoregressive exogenous model

A nonlinear autoregressive exogenous model (NARX) is a sequential polynomial
regression model with exogenous inputs. Exogenous means that predictions are
partially dependent on the model's previous predictions. Algebraically, for one en-
dogenous and one exogenous variable we have,

yt = F (yt � 1; yt � 2; yt � 3; : : : ; ut ; ut � 1; ut � 2) + " t (2.22)

where y is the variable of interest (endogenous) andu is a variable originating
from outside the model (exogenous)." is an error term. The number of historical
data points that are fed to the model is called the lagsn. F (x ) is a polynomial
function with parameters � 0; � 1; : : : ; � n , which are coe�cients multiplied with the
input vector x . Writing equation (2.22) in matrix notation yields

y = X � + " (2.23)

with parameters � that can be estimated using the ordinary least squares esti-
mation equation as

b� =
�
X T X

� � 1
X T y : (2.24)

This equation �nd the parameters b� that minimises the error " .

2.7 Long short-term memory networks

A recurrent neural network (RNN) is a type of feed-forward arti�cial neural network,
which can be used to model varying lengths of time series data. By storing memory
about the previous time-step in a inner hidden state, information can be passed on
to the next time-step [25]. A simple recurrent network is one which includes one
hidden state with a feed-back connection to itself. Figure 2.2 shows a schematic
diagram of such a simple recurrent neural network.

The model from 2.2 can be described using the following equations

ht = tanh( Wxh x t + bxh + Whh ht � 1 + bhh ) ; (2.25a)

yt = g(Why ht + bhy ) : (2.25b)

11
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Figure 2.2: Simple RNN model wherex t , yt and ht are the model inputs, outputs
and hidden state at some timet respectively. W are the di�erent weight matrices
of the model. In diagram, model biasesb are assumed to be zero.

Where x t , yt and ht denote the input, output and hidden state at timet. Wxh ,
Whh , Why are the model weight matrices and together with the model biasesbxh ,
bhh and bhy make up the model parameters.g is some activation function.

A long Short-Term Memory Network is a type of recurrent neural network archi-
tecture where the hidden neuron is replaced by a module called an LSTM cells. A
schematic diagram of a LSTM cell can be seen in �gure 2.3. In the LSTM network
the hidden stateht replaces the output of the standard RNN and acts as the out-
put of the LSTM cell, while it also still fed back into the LSTM cell. The internal
memory of the LSTM cell is stored in the cell statect [26].

Figure 2.3: Schematic diagram of an LSTM cell. c, h and x denote the cell
state, hidden state and input vector respectively.� and + denote the element-wise
product and element-wise summation of vectors respectively. The joining of lines in
the diagram denotes the concatenation of vectors.

The LSTM cell (�gure 2.3) can be separated into four main components. These
are the input gatei t , the forget gatef t , the output gate ot and the cell statect . The

12
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complete set of equations which describe the di�erent cell gates and a forward pass
of a single time-step in time series sequence using a LSTM model is described as
follows,

i t = � (Wii x t + bii + Whi ht � 1 + bhi ) ; (2.26a)

f t = � (Wif x t + bii + Whf ht � 1 + bhf ) ; (2.26b)

ot = � (Wiox t + bio + Whoht � 1 + bho) ; (2.26c)

gt = tanh( Wig x t + big + Whght � 1 + bhg) ; (2.26d)

ct = f t � ct � 1 + i t � gt ; (2.26e)

ht = ot � tanh(ct ) : (2.26f)

In equation (2.26), � is the sigmoid activation function, � (x) = 1
1+ e� x , and � is

the element-wise product (Hadamard product). Furthermore letW and b denote
the weight matrices and bias vectors respectively of each gate. The gates are named
by the fact that they are said to have gating properties. More speci�cally, since the
gates all have sigmoid activation functions in the range[0; 1], if the argument to �
is small the gate is more closed and less information is let through and vice versa.
The cell statect represents the stored memory within the cell and is updated after
each time-stept and fed back into the cell. Equations (2.26d) and (2.26e) rule how
the internal memory statect is updated at time t.

The input gate i (2.26a) governs if information from the input and previous
hidden state signals will be stored to the cell statect . The parameters of the input
gate can therefore be trained to let some signals be stored in cell memory while
protecting the cell ct against perturbations from undesired signals. The output gate
ot (2.26c) controls access to the cell memoryct then calculating the new hidden state
ht . Training the output gate can allow the model to decide when using memory is
useful or not. The cell statect tends to grow in a LSTM cell when it is recursively
fed back into the cell for each time-step. The forget gatef t (2.26b) can reset the
internal cell memory when the information inct is deemed no longer useful, and new
useful information can be stored in the memory.

The parameters of a standard RNN and subsequently also a LSTM model can
be trained using back propagation. For a full explanation of the back propagation
procedure and in particular back propagation through time please refer to [27]. In
the training algorithm lies also the primary reason for choosing a LSTM model over
the standard RNN. A standard RNN can only take a few time-steps into account
when doing predictions. This is due to the back propagated error term which in many
cases grow or shrink for each step. As such after a few time-steps the error term
tends to either explode or vanish, leading to parameter oscillation during training
for exploding gradients or slow or no training for vanishing gradients. The cell state
ct and the gating components of the LSTM architecture deals speci�cally with the
problem of vanishing gradients [28].

LSTM cell units can be combined with other types of arti�cial neural network
architecture, such as fully connected layers, to form larger networks where the LSTM
cell is a partial component of the larger model.
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2.8 Gaussian processes

A Gaussian process (GP) is a set of random variablesX , which may be in�nite, such
that any �nite subset X � X ; jX j < 1 can be described as a multivariate Gaussian
distribution. The distribution of the GP becomes the joint distribution of X . A
Gaussian process is said be non-parametric due to the fact ofX being a possibly
in�nite, meaning the GP cannot be described by a �nite set of parameters [29]. The
GP however has tunable hyper-parameters in the mean function and covariance
function, also called the kernel function, both de�ned in equation (2.27),

E[X ] = � (x) ; (2.27a)

Cov(x; x0) = k(x; x0) ; (2.27b)

where X denotes a random variables inX and x and x0 denote observations of
two di�erent random variables X and X 0 in the Gaussian process model. The mean
and kernel function de�ne the prior distribution of the GP. Commonly the mean of
the GP is assumed to be zero everywhere and model �exibility is obtained by using
the kernel which relates the di�erent random variables to each other. The kernel can
be very generic and take many di�erent forms. The kernel function describes the
covariance between two observationsx and x0. Common kernels include the radial
basis function (RBF) kernel and the periodic kernel but several others are available.
Figure 2.4 displays two di�erent covariance kernels as a function of the absolute
di�erence betweenx and x0.

Figure 2.4: The RBG and periodic kernel as a function ofjjx � x0jj . For both
graphs� 2 = 1, l = 1 and p = 2 for the periodic kernel.

Depending on which kernel is in use the kernel function will have other hyper-
parameters parameters such as length-scale for both the RBF and periodic kernel
and period time for the period kernel. The RBF and periodic kernel as functions
of (x; x0) are available in equation (2.28). Herel is the length-scale parameter and
p the period time of the periodic kernel,� 2

f is the maximum covariance betweenx
and x0.

kRBF (x; x0) = � 2
f exp

 

�
jj x � x0jj 2

2l2

!

; (2.28a)
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kP ERIODIC (x; x0) = � 2
f exp

 

�
2
l2

sin2

 

�
jj x � x0jj

p

!!

: (2.28b)

From equation (2.28a) and �gure 2.4 we �nd that when using the RBF kernel the
covariancek(x; x0) � 1 whenx � x0, and decreases asx and x0 move away from each
other. Increasing the length-scale parameterl changes the slope at which covariance
decreases and as such yields a general increase in covariance between inputsx and
x0.

Figure 2.5: Two instances of the radial basis function kernel with two di�erent
values for the length-scale parameterl . The left graphs shows a RBF kernel with
l = 1, for the right graph l = 2. For both graphs � 2

f = 1.

Figure 2.5 shows how the RBF covariance kernel changes with the length-scale
parameter l . In most cases the RBF kernel will be the default kernel to use when
de�ning a Gaussian process [29].

2.8.1 Gaussian process regression

Consider the simple regression problemy = f (x) and a dataset containing input
and output pairs (x; y). f (x) is a type of simple regression model e.g. polynomial
regression of a one-dimensional input wheref (x) = � 0 + � 1x + � 2x2 + � � � + � nxn .
Parameter estimation of this type of nonlinear regression model returns a model
which by some measure �ts the dataset best. There may however be an in�nite set
of functions that �t the dataset equally well. In contrast to the above regression
method the Gaussian process regression (GPR) attempts to describe the distribution
of the potentially in�nite set of functions f which best �t a set of data points
X = [ x1; : : : ; xn ], we denote this distribution P(f jX ) [29]. From the Gaussian
process prior (2.27) we have by assumption thatP(f jX ) is a multivariate Gaussian
distribution of in�nite dimension, with mean function � and covariance functionK ,

P(f jX ) = N (f j� ; K ) : (2.29)

For regression, the prior is conditioned on the training dataX to obtain the
posterior, by which we model the joint distribution of the predictions of the training
observationsf (X ) and the predictions of new test inputsf � = f (X � ), where X �

denotes a test sample [30]. We �nd the joint distribution off and f � to be
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"
f
f �

#

� N
� "

� (X )
� (X � )

#

;

"
K K �

K �
T K ��

# �

: (2.30)

Where K = K (X ; X ); K � = K (X ; X � ) and K = K (X � ; X � ). In real world
applications observations are often noisy, with� representing some noise parameter.
Assuming this noise to be additive,yi = f (x i )+ " i , it is therefore useful to add to the
covariance function of the observationsy a independent and identically distributed
Gaussian noise component" � N (0; � 2

n ). We obtain the updated covariance function
K 0 = K + � 2

n . Using the updated covariance function for training observations and
under the assumption that the mean function(� (X ); � (X � )) is zero everywhere (see
section 2.8), equation (2.30) can be rewritten as

"
f
f �

#

� N
� "

0
0

#

;

"
K + � 2

n I K �

K T
� K ��

# �

: (2.31)

This is the joint distribution P(f ; f � jX ; X � ). However for useful regression we need
the distribution of f � conditioned on the training observationsf , X and test inputs
X � which is P(f � jf ; X ; X � ) [29]. This is necesarry since we want to do prediction
of new samples based on the training samples and the test inputs. The needed
conditional distribution can be derived from equation (2.30) to get

P(f � jf ; X ; X � ) � N (K �
T (K + � 2

n I )� 1f ; K �� � K �
T (K + � 2

n I )� 1K � ) : (2.32)

From the (2.32) we now have �nal de�nitions of the predicted means and variances
for a given test input X � ,

�f � = K �
T (K + � 2

n I )� 1f ; (2.33a)

cov(f � ) = K �� � K �
T (K + � 2

n I )� 1K � : (2.33b)

From equation (2.32) is it clear that each prediction using GPR requires compu-
tations using all test inputs as well as all training observations. As all samples are
needed for prediction the number computations grow with the size of the training
data. Likewise GPR becomes more computationally expensive for high dimensional
data due to the increasing number of necessary computations [29].

2.8.2 Inference of hyper-parameters

In order for the predictions described in equation (2.33) to be accurate, the co-
variance kernelK needs to �t the data well. The initial step in �nding a good
covariance kernel is choosing the kernel. In many cases the RBF kernel (2.28a) is
considered a de-facto default kernel due to its versatility. Once a kernel is cho-
sen hyper-parameters of the kernel have to be chosen. The hyper-parameters� are
chosen such that they maximise the log marginal likelihood,

� � = arg max
�

logp(f jX ; � ) ; (2.34)
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where� � are the optimal hyper-parameters. Adding the task of �tting the hyper-
parameters of the covariance kernel the conditional distribution of the GPR (2.32)
can be extended as follows

P(f � jf ; X ; X � ) = P(f � jf ; X ; X � ; � ) : (2.35)

After tuning of the hyper-parameters the predicted variance (2.33b) now de-
pends on the training ouputsf , which was not the case before. The optimal hyper-
parameters, � � can be approximated using gradient descent optimization, or any
known modi�cation of such an algorithm such as the Adam optimiser [29].

2.9 Deep Q-learning

Deep Q-Learning (DQN) is a reinforcement learning (RL) algorithm that uses a
neural network, called theQ-network, to estimate the value function. The Q-network
is used to, given a state, decide the next action. The action is executed in an
environment, resulting in a reward and a new state, which potentially is terminal.
The Q-network is trained to optimise the long-term reward. DQN ismodel-free,
meaning that it explores the environment instead of explicitly estimating it [31].

The optimal policy is approached by updating the Q-network according to the
Bellman equation[31]

Q(St ; A t )  Q(St ; A t ) + �
�

Rt+1 + 
 max
a

Q(St+1 ; a) � Q(St :A t )
�

(2.36)

where Q is the Q-network, S is the state, A is the action, R is the reward, a is
the action with the highest Q-value (according toQ), � is the discount factor, �
is the learning rate, and the subscripts indicate which time-step the variables refer
to. The Q-value can be thought of as the the value of each action given a state.
The Bellman equation (2.36) updates the Q-value based on the immediate reward
Rt+1 and the expected future rewardmaxa Q(St+1 ; a). The importance of immediate
versus future reward is controlled by the
 2 [0; 1] parameter. A high
 corresponds
to a large weight on future rewards, and vice versa.

Since the Q-network is a neural network, it is most e�ciently trained on batches
of data. However, since neighbouring data points are likely to be similar, simply
using the last n time-steps would result in highly correlated batches. To combat
this, each time-step is stored in a so calledexperience replay, from which batches are
sampled from [32]. In the beginning of the training, the agent only collects samples
to the experience replay and no updates of the Q-network are done. Afterwards, the
Q-network is updated at given intervals.

To explore the state-space, an� -greedy policy is used. In this policy, a parameter
� 2 [0; 1] is de�ned. In each time-step the action is decided by the Q-network with
probability 1� � , and is random with probability � [10]. During training, � is initially
large, resulting in a highly random behavior. As training progresses,� decreases
linearly, to a threshold > 0. The threshold guarantees that the policy is never
deterministic. Because DQN improves by observing its environment, regardless of
which policy determined the action, DQN is considered ano�-policy algorithm [31].
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2.10 Adam optimiser

Adam (Adaptive moment estimation) is an optimization algorithm built upon stochas-
tic gradient descent. Letf (� ) be a noisy stochastic function than is di�erentiable
w.r.t its parameters � . Let gt be the gradient vectorr � f t (� ), and f t (� ) be the reali-
sation of the function at some timet. Given the task of minimizing the functionf (� )
the Adam algorithm updates the parameters� using calculated exponential running
averages of the gradient and squared gradient. These exponential running averages
are in turn estimations of the mean and variance of the gradient respectively [33].
mt and vt are the exponential running averages of the gradient and squared gradient
respectively. There are parameters(� 1; � 2) that describe the decay rates ofmt and
vt . Adam is e�cient in that is employs only �rst-order gradients and as such requires
only small amounts of memory. As it requires small amounts of memory it is well
suited for high-dimensional data as well as large data sets.

2.11 PI controller

The proportional-integral (PI) controller is a control loop mechanism used to dampen
time-dependent errors. The PI controller calculates an errore(t) as the di�erent with
a desired value and a current, actual one. A corrector is then applied toe(t), creat-
ing a new entity u(t). The corrector consists of two terms: the proportionalP and
the integral I (both dependent ofe(t)), weighted by two constantsK p and K i . The
correction u(t) is fed to a model that acts in the direction that minimises the error
[34]. Algebraically,

u(t) = K pe(t) + K i

Z t

t0

e(� ) d� : (2.37)

The PI controller is a simpli�ed version of the PID controller which has an addi-
tional derivative D term.

A PI controller can be used to test the physical relevance of a model. If the model
correlates negative errors with a decrease of the target variable, and vice versa, it's
a sign of physical relevance. The PI controller will be used to test physical relevance
of the dynamic vessel models.
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Methods

Chapter 3 holds a review about the project methodology as it was carried out. This
chapter does not delve thoroughly into the theoretical framework of the applica-
tions and methods but rather give a detailed description of implementations on the
research questions. For a more meticulous description of the theoretical concepts
applied below, please refer to the previous chapter 2. This being said, minor the-
oretical concepts previously not discussed in report might be featured. If so, they
are explained and given references to. The subsections follow the chronological or-
der of the project. The data was �rst analysed and subsequently a latent variable
model and dynamical models were implemented using the data. Finally the mod-
els were evaluated and implemented into a reinforcement learning framework for
optimization.

3.1 Data analysis

The data was collected from the passenger vessel Burö, operating in the northern
part of the archipelago of Gothenburg. The vessel either operates on trips with four
stops (Öckerö-Kalvsund-Framnäs-Grötö) or two stops (Öckerö-Grötö). Figure 3.1
shows samples of some four-stops trips. The colour of the samples represent the
current vessel speed. The darkest samples are near or at the docks. Kalvsund and
Framnäs are only separated by a narrow strait, making it di�cult to distinguish
them from one another.

Figure 3.1: 1115 sample points of vessel speed plotted where they were captured.
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The data was collected between the 17th of September and 18th of November 2020
was sampled using using a varying frequency and was subsequently interpolated to
generate a data set with a sampling frequency of10:3Hz.

Necessary steps to process the data and make available for use will be taken.
Furthermore Pearson's correlation coe�cientr between di�erent parameters in the
data will be calculated to �nd relevant parameters and to remove irrelevant ones.
This is done to reduce dimensionality of the �nal problem [35].r describes the linear
correlation between two parameters. If two features are very strongly correlated,
r � 1, one of them is removed to reduce the number of dimensions in the data. The
features are then said to be linearly separable. Features showing little correlation
to other parameters are also removed [36].

3.2 Markov state enhanced reinforcement learn-
ing

The algorithm explored in this work is a reinforcement learning algorithm with a
Markov state-enhanced environment. The algorithm consisted of three components:
the agent, the environment, and the Markov component. The environment consists
of the vessel model, together with a method for calculating the reward. The state and
the reward are passed to the agent and the Markov component. The agent outputs its
predicted optimal action, that is, a pedal position. The Markov component takes the
state as an input and outputs its predicted Markov state, to both the environment
and the agent. Figure 3.2 shows a schematic overview of the information �ow of the
algorithm. For further details of the implementation, see section 3.6.

Figure 3.2: Schematic overview of the algorithm.

3.3 Latent variable modelling using HMMs

Given that we �nd the possibility of the existence of some latent variable(s) we
attempt to model the missing information using a hidden Markov model. For mod-
elling of the latent variable a hidden Markov model with Gaussian mixture emissions
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(section 2.5) was used (HMM-GMM). This assumes that the data classi�ed to each
state i8i 2 f 0; : : : ; Ng can be modeled using equation (2.20).

As the emission distributionB is de�ned using a Gaussian mixture distribution
(2.20) the parameters of the HMM amount to the combined parameters of equation
(2.5) and equation (2.21) where the emission distribution is replaced by the pa-
rameters of the GMM. The complete parameterization of the HMM with Gaussian
mixture emissions becomes

� HMM � GMM = f �; A; w ik ; � ik ; � ik g ; (3.1)

where 1 � i � N , 1 � k � M and N and M are the number of Markov states
and number of mixtures in the GMM respectively. The size of� i;j and � i;j is D
and D � D where D are the number of features in the observed processO . The
emission probabilitiesbi (yt ) can be rewritten using the GMM notation as

bi (yt ) =
MX

k

wik N (yt j� ik ; � ik ) =
MX

k

wik bik (yt ) : (3.2)

3.3.1 Initial parameter estimation

Given a set of observationsY = f y1; y2; : : : ; yng, the initial state probability �
was initialised as random numbers from a uniform distribution such that

P
i � i =

1. The transition matrix A was initialised similarly such that
P

j ai;j = 1. The
GMM parameters were initialised using the K-means clustering algorithm (2.4).
The number of clusters was set toK = MN . Cluster centers were initialised using
the K-means++ initialization method. As the initialization is stochastic it was ran
for 100 iterations and the best initial cluster centers where chosen based on the
minimum within cluster sum of squares value (equation (2.19)). K-means clustering
was done using theScikit-learn (version 1.0.2) in Python [37]. After running
the K-means clustering algorithm the initial parameters for the Gaussian mixture
model � ik and � ik were set to the mean and covariance matrix for clusterCik for
i = 1; : : : ; N and k = 1; : : : ; M [21]. The initial component weightswik were set
according to

wik =
nik

P
k nik

; (3.3)

wherenik denotes the number of observations in clusterCik .

3.3.2 Model learning and parameter estimation

After initial parameters have been estimated comes the problem of re-estimating the
model parameters such as to maximiseP(Oj� HMM � GMM ), this is again the task as
solving problem 3 in section 2.3. To re-estimate model parameters the segmental
K-means learning algorithm was used, allowing to train the model on several se-
quences of data.

For a set of L sequences, one pass of the algorithm is as follows:
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For each sequenceO l .
1. Find the optimal state sequenceS using the Viterbi algorithm, given the

observation sequence of lengthT l .
2. Calculate � t (i; j )

� t (i; j ) =

8
<

:
1 if st = i and st+1 = j

0 otherwise :
(3.4)

3. Calculate 
 t (i )


 t (i ) =
NX

j

� t (i; j ) ;


 T (i ) =
NX

j

� T � 1(i; j ) :

(3.5)

4. Update model parameters according to equation.

In the pass above� t (i; j ) is the estimated probability of being in statei at time
t and state j at time t + 1. 
 t (i ) is the probability of being in state i at time t.
The model parameters are after one iteration updated according to the following
equations

� i =
P L

l 
 1(i )
L

; (3.6a)

aij =
P L

l
P Tl � 1

t � l
t (i; j )

P L
l

P Tl � 1
t 
 l

t (i )
; (3.6b)

wik =
P L

l
P Tl

t 
 l
t (i; k )

P L
l

P Tl
t 
 l

t (i )
; (3.6c)

� ik =
P L

l
P Tl

t 
 l
t (i; k )ol

t
P L

l
P Tl

t 
 l
t (i; k )

; (3.6d)

� ik =
P L

l
P Tl

t 
 l
t (i; k )(ol

t � � ik )(ol
t � � ik )T

P L
l

P Tl
t 
 l

t (i; k )
: (3.6e)

In equation (3.6) above,
 t (i; k ) = yt (i )
wik bik (ot )

bi (ot ) . The segmental K-means algo-
rithm ran until one of two termination criteria was met. The two criteria were either
when 100 iterations had been reached or when model convergence was reached. For
model convergence we �rst let� � 1 and � denote two subsequent iterations of
the algorithm. Convergence was thereafter de�ned when� � � 1

t (i; j ) = � �
t (i; j ) for

1 � t � Tl for each sequenceO l of length Tl , i.e. when no changes in assigned
states occur in equation (3.4) [21]. The convergence criterion is equivalent to the
optimal state sequenceS� returned by the Viterbi algorithm not changing after one
iteration.

For �nal predictions of Markov state sequences using the model on a given ob-
servation sequenceO = [ o1; o2; : : : ; oT ] the Viterbi algorithm was used to compute
the optimal state sequenceS� .
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3.3.3 Model topology selection

The topology of the hidden Markov model with Gaussian mixture emissions consists
of the number of hidden states in the underlying Markov processN as well as the
number of mixtures M in the Gaussian mixture models. For selecting a model
topology a set of di�erent candidate models were trained using real data. Candidate
models were selected such that2 � N � 3 and 1 � M � 8, resulting in a total of
14 candidate models. The models were evaluated and compared against each other
using the Aikake information criterion and Bayesian information criterion, which
can used to compute some relative model quality through which one can compare
di�erent models [38]. The equations for AIC and BIC are

AIC = � 2 logL + 2p ; (3.7)

BIC = � 2 logL + plog(T) : (3.8)

Where L is the likelihood function for the hidden Markov model [39].p is the
number of free parameters of the model. The information criteria punish the model
for having a large amount of parametersp. For a hidden Markov model with Gaus-
sian mixture emissions we have,

p = N 2 + kN � 1 ; where

k = ( M � 1) + MD +
D(D + 1)

2
:

(3.9)

Here N , M and D is the number of states, the number of components in the
Gaussian mixture model and the feature dimension of the input sequenceO respec-
tively. The best model parameters selected among the candidate models the one
which minimised the two information criteria

N � ; M � = arg min
2� N � 3;1� M � 8

AIC (N; M ) ;

N � ; M � = arg min
2� N � 3;1� M � 8

BIC (N; M ) ;
(3.10)

where N � denotes the optimal number of states andM � denotes the optimal
number of Gaussian mixture components.

3.4 Vessel modelling

For modelling of the data, three di�erent types of models were considered candidates.
These were a Gaussian process model, a recurrent arti�cial network type model with
LSTM architecture, and nonlinear autoregressive exogenous model (NARX). The
following subsections describe implementation of the di�erent approaches. Below
training iterations are called epochs. In the sections below, for some timet, vt de-
notes vessel speed over ground,� t denotes vessel pedal position and� t denotes the
momentary fuel consumption. All values are normalised between[0; 1]. Further-
more, the notation vt � 1 and vt � 2 is used to describe the speed over ground shifted
backward. For other notations please refer to chapter 2.
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3.4.1 Reference model

The reference model is based on di�erential equations which are not based on the
data. It therefore does not model the vessel. Because the model is fully deterministic,
it is used for evaluating the reinforcement learning agent.

The guiding equation (3.11) is based on traditional marine vessel dynamics, as
discussed in chapter 2.1. The pedal position� 2 [0; 1] is taken as the forward force.
The fuel rate is assumed to be� = v3. Combining the equations yields the model as

8
<

:
vt = vt � 1 + 0:1 (� t � v2

t � 1)

� = v3
t

: (3.11)

3.4.2 NARX

The NARX model was trained to, given the current and past speedsvt � n ; vt � n+1 ; : : : ; vt

and a pedal positions� t � n ; � t � n+1 ; : : : ; � t , predict the next speedvt+1 and the
next fuel rate � t+1 . n is the number of lags. The training was performed with
Scikit-learn 's LinearRegression package [37], using shifted versions of[v; � ] as
inputs and [v; � ] as targets. In deployment, a sequence of pedal positions� and a
starting speedv0 were used as input, and sequences of predicted speedsv and fuel
rates � were outputted. In each time-step, the predicted speedv was fed back as
input for the next time-step. The number of lags used weren = 2 and the degree
for the polynomial regression was 4.

3.4.3 LSTM

A neural network was created by combining a LSTM architecture with several fully
connected layers. The model was created inPython 3.9 using thePyTorch package
(version 1.10.2) [40, 41]. Fully connected layers are inserted between the input se-
quence and the LSTM cell and also between the LSTM cell and the output sequence.
A schematic diagram of the �nal architecture can be found in �gure 3.3.

The inputs and outputs at one timet are de�ned below as

x t =

"
vt � 1

� t

#

; yt =

"
vt

� t

#

: (3.12)

As described previously there are intermediate sections of the model before and
after the LSTM module. The �rst fully connected layer FC1 encodes the two
dimensional input x t to a higher dimension which is fed on as the input vector to
the LSTM module. The output from the LSTM cell is decoded by the �ve fully
connected layers. The complete speci�cations of the di�erent layers are found in
table 3.1. For a more complete description of the equations within the LSTM cell,
please refer to section 2.7.
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Figure 3.3: Schematic diagram over the LSTM network. Further architecture
speci�cations are found in table 3.1.

Table 3.1: Speci�cations for all layers in the LSTM model, where FC is a fully
connected layers and IN and OUT are the sizes of the input and output respectively.
H is the number of features in the hidden stateht of the LSTM. Here � denotes the
sigmoid activation function.

Layer Layer size
IN 2
FC1 32
LSTM L � H
FC2 128
FC3 64
FC4 32
FC5 16
OUT � (2)

The parametersL and H are hyper-parameters which determine the speci�cations
of the LSTM component. L is the number of LSTM layers in the model i.e. how
many LSTM cells are stacked after each other. IfL > 1 then the output from one
LSTM cell in layer l will be the input to the next cell, hl

t = x(l+1)
t . H is the size of

the hidden state vectorht . Changing the hyper-parameters might in�uence model
performance, therefore we want to �nd the optimal model given some set of di�erent
hyper-parameter pairs (L i ; H j ). To �nd the optimal model, several di�erent set-
ups with varying hyper-parameters were trained and their individual performances
compared. We call this a hyper-parameter sweep.

For the sweep the data was split into a training and validation set of80%and 20%
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respectively. The models were trained using for 200 epochs using back-propagation
through time and the Adam optimiser with a learning rate� = 10� 3. The training
loss function was the mean square error between the true and predicted observations.
MSE was also calculated on the validation set and used as a model evaluation metric.
After training, the optimal model hyper-parameters were selected which yielded low
values of the mean square error. Other factors such as model size, might also be
taken into account if deemed necessary. After selecting an optimal set of hyper-
parameters we train the �nal model. The training setup was near to identical only
now the model was trained until the minimum validation error was reached. The
�nal model was also evaluated by calculating the MSE on the validation set.

3.4.4 Gaussian processes

A Gaussian process model was created with a RBF kernel as covariance function.
The model was created inPython 3.9 using theGPyTorch(version 1.6.0) package
[40, 42]. The model inputsx t and outputs yt where speci�ed as follows

x t =

2

6
4

vt � 2

vt � 1

� t

3

7
5 ; yt =

"
vt

� t

#

: (3.13)

The input to the model wasvt � 2; vt � 1 and � t . The output was vt and momen-
tary fuel consumption � t . As the model has multiple inputs and multiple outputs
(MIMO), there will in practice be one RBF kernel for each output. Length-scale
for both vt and fuel consumption was initialised to1 and noise parameters� 2 was
initialised to � 2 � 0:7.

For training of the models the data was split into a training and validation set of
80% and 20% respectively. The model was trained for 400 epochs using the Adam
optimiser (2.10) with a learning rate � = 0:2. The loss function for training the
parameters of the GP was set to the negative marginal log likelihood [29]. After
training the model was evaluated on the validation set by calculating the mean
squared error (MSE) between the true and observed predictions.

3.5 Final model evaluation, comparison and im-
provement

After the implementation and of the three di�erent approaches, the di�erent models
will be evaluated. The models will all be evaluated by the calculated mean square
error on each respective validation set. This will give an indication of how the
di�erent types of models compare in speed and fuel prediction.

The models will also be evaluated on their ability to predict speeds only by
recursively feeding the predicted speed back into the model, we call this evaluation
of the models performance on deployment. Given an observed sub-leg from the
validation set the model is given the observed sequence of pedal positions and the
initial velocity. The velocity is thereafter predicted and fed back into the model
as the input recursively for eacht, 1 � t � T. Performance will be measured by
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calculating the mean square error between the complete predicted speed sequence
and the reference speed sequence from the same observation sequence as the pedal
position, and comparing this �gure between the di�erent models. The number of
steps in time which can be fed back to the model can be changed to includen number
of data points [vt � 1; vt � 2; : : : ; vt � n ]. We call n the number of lags. The prediction
algorithm is described schematically in �gure 3.4.

Figure 3.4: Simpli�ed diagram of the recursive speed prediction using the LSTM
model. Here the number of lagsn = 1.

Aside from setting the initial speedv1, recursive speed prediction can be described
by the following equation

(vt ; � t ) = f (vt � 1; � t ) ; (3.14)

where just as in �gure 3.4, the number of lags is set ton = 1. The process of
model evaluation will also take into account the properties of the di�erent model
types along with possible advantages and disadvantages that these properties might
bring. After the two main evaluation procedures we will attempt to add the latent
variables inferred using the hidden Markov model to improve model performance.

By using a hidden Markov model, we attempt to infer latent variables by assigning
to each time-stept of a sequence a Markov state. The Markov state contains some
information about variations in the observed process. By allowing a regression
model to access this data, the intuition is that the model does not need to learn this
behaviour in itself. After investigating the three di�erent approaches of modelling
the data, the model will be given access to the hidden Markov models a predicted
state sequence in a attempt to further increase stability and model performance.

A PI controller was used to evaluate the physical relevance of the model. The
hyper-parametersK p and K i was tuned such that they approximately balanced the
output error in the relevant range [0; 1]. The method for �nding the parameters
were trial-and-error.

3.6 RL implementation

The RL algorithm was implemented withStable-Baselines3 [43] in Python. The
agent was implemented withStable-Baselines3 's DQN model. Below is a descrip-
tion of the hyper-parameters and design choices made during the implementation.
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3.6.1 Agent

Table 3.2 shows the hyper-parameters used in this work.� linearly decreased from
� initial to � f inal during the �rst � exploration _ fraction of the training length. Table 3.3
shows the speci�cations of the DQN network. The network was trained with the
Adam optimiser with parameters� 1 = 0:9, � 2 = 0:999and � = 10� 9.

Table 3.2: Hyper-parameters for DQN.� = 10� 5 is used for reference environment
and � = 10� 6 is used for Markov-enhanced LSTM.

Hyper-parameter Value
Training length 1:5 � 106 time-steps
Learning rate � 10� 5 or 10� 6

Replay bu�er size 106

Learning starts after 5 � 104 time-steps
Batch size 32
Discount factor 
 0:99
Training frequency 4 time-steps
Target network update frequency 105 time-steps
� initial 1:0
� exploration _ fraction 0:1
� f inal 0:05
Number of lags for LSTM and HMM 8

Table 3.3: Speci�cations for all layers in the DQN model network. FC is a fully
connected layers and IN and OUT are the sizes of the input and output respectively.

Layer Layer size Activation
IN 8 (7 without Markov) -
FC1 64 ReLU
FC2 64 ReLU
OUT 3 -

The DQN agent received the following inputs

2

6
6
6
6
6
6
6
6
6
6
6
6
6
4

st

vt

� t

� t

traveled distance
traveled time

target distance
target time

3

7
7
7
7
7
7
7
7
7
7
7
7
7
5

: (3.15)

The Markov state st was omitted when running models that were not connected
to the Markov model.
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DQN has a discrete action space where each DQN output is connected to an
action. In this work, the action was a change to the pedal position, denoted� � .
There were 3 available actions, namely

� � 2

8
><

>:

+ 0:1
� 0

� 0:1

9
>=

>;
: (3.16)

The pedal position change� � was executed whilst keeping the pedal position in
the range[0; 1], such as

� t =

8
>><

>>:

0 if � t � 1 + � � t < 0

1 if � t � 1 + � � t > 1

� t � 1 + � � t otherwise

: (3.17)

3.6.2 Environment

The environment is a shell for the model, where actions and states are accumulated
and connected to rewards. In the environment, the concept of episodes was intro-
duced. In an episode, a target distance, a target time, and a maximum number of
time-steps were de�ned. The episode ended if the agent reached the target distance
or if the maximum number of time-steps were reached.

The environment models from section 3.4 were trained on the data to, based on
the vessel's speedvt � 1 and pedal position� t , predict its speedvt and fuel rate � t .
This is described by,

(vt ; � t ) = Fenv (vt � 1; � t ) : (3.18)

The output (vt ; � t ) is called thestate. The state is passed to the agent and to the
Markov component.

The agent received a positive reward if it reached (or approached) the target
distance, and a negative reward if it had not reached the target distance within the
target time. During training, target distances and target times were randomised
from a range, to enable the agent to learn di�erent behaviours depending on the
conditions. During evaluation, the target distance and the target time were �xed,
to make it easier to compare progress. Table 3.4 shows the target parameters used
in this work.

Table 3.4: Targets for reinforcement learning.

Target Range / value
Training distance (m) [50; 250]
Training time (s) [40; 100]
Evaluation distance (m) 200
Evaluation time (s) 70

Rewards are distributed depending on the performance of the agent. Rewards
can be both positive and negative (penalties) and the agent's target is to maximise
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its reward over the course of the episode. There are two di�erent types of rewards:
continuous, distributed at each time-step, andmomentary, distributed at the end of
the episode. Table 3.5 shows the rewards used. The rewards are multiplied with a
weight factor.

Table 3.5: Rewards for reinforcement learning.

Name Formula Weight Type

Target reached 1 10 Momentary

Distance traveled (m)
[distance traveled current time-step]

[Target distance]
50 Continuous

Fuel consumed
[fuel rate current time-step]

[Target distance]
� 50 Continuous

Time delayed (s)

8
<

:
0 if [traveled time] < [target time]

1 if [traveled time] > [target time]
� 1 Continuous

3.6.3 Markov component

The Markov state St = [ st � n ; : : : ; st ] was inferred at each time-step. The current
Markov state st was fed to the agent and to the environment. The current time-
step's Markov sequenceSt , including the lags, were fed to the environment agent.
No Markov state history was stored in the reinforcement learning loop.
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4
Results

Chapter 4 contains a complete description of all results obtained after implementing
and carrying out the methodology as described in the previous chapter. The ob-
jective results are presented along with relevant interpretations and analyses. The
results follow in a order similar to the methods section. First we describe our �nd-
ings of the data, including pre-processing and relevant parameter selection. Later
the results of both the latent variable model and the dynamical models are presented
and afterwards also the results from the reinforcement learning implementation.

4.1 Data analysis

The data contained information about vessel speed over ground, acceleration, fuel
consumption rate, engine speed, engine torque, pedal position, geographical position
(latitude & longitude), vessel heading and vessel course. The vessel had two gears,
forward and reverse, but the data contained no explicit information about which gear
was active. Consequently, a high pedal position could imply a forward acceleration,
backward acceleration, forward deceleration, or a backward deceleration. As such we
have a partially observed system without observations about gear. In investigating
the raw data the logs contained long sequences of missing data. Vessel location before
and after these missing sequences was in most cases the same. If the sequences of
missing data were longer than 3 time steps, the missing values were assumed to be
sections were the vessel did not operate and therefore were removed. After removal
of invalid data and outliers, the data consisted of 5,217,285 data points. Those
points were classi�ed into 683 so called legs, de�ned as intact sequences between
Öckerö and Grötö, or vice versa. A typical leg can be seen in �gure 4.1.

31




	List of Figures
	List of Tables
	Introduction
	Aim
	Scope
	Data and ethics

	Theory
	Classical marine vessel dynamics
	Moving average filters
	Hidden Markov models
	K-means clustering 
	Gaussian mixture models 
	Nonlinear autoregressive exogenous model
	Long short-term memory networks
	Gaussian processes 
	Gaussian process regression
	Inference of hyper-parameters

	Deep Q-learning
	Adam optimiser
	PI controller

	Methods
	Data analysis
	Markov state enhanced reinforcement learning
	Latent variable modelling using HMMs
	Initial parameter estimation
	Model learning and parameter estimation 
	Model topology selection

	Vessel modelling
	Reference model
	NARX
	LSTM
	Gaussian processes 

	Final model evaluation, comparison and improvement
	RL implementation
	Agent
	Environment
	Markov component


	Results
	Data analysis
	Inference of latent variables
	Vessel modelling
	NARX
	LSTM 
	Gaussian processes

	Model evaluation, comparison and improvement
	PI controller
	RL training
	Reference environment
	Markov-enhanced LSTM environment

	RL performance
	Reference environment
	Markov-enhanced LSTM environment


	Conclusion & future work
	Bibliography
	Hidden Markov model parameters

