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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 Burd, operating in the Goteborg 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 figure is expected to quadruple until 2050. Ocean fishing is estimated to
contribute more than 270 billion USD to global GPD each year. Ferry passengers
in the European Union increased with almost 15% between 2014 and 2019, reaching
419 million passengers during 2019 [1, 2].

The blue economy, defined 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 of 45%. The industry of off-
shore wind power in 2018 reported an increase in employment of 15% 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) measured 1,076 COqe (car-
bon dioxide equivalents), an increase of 9.6%. In 2018 this means 2.89% 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 (NOy) and sulphur dioxide (SO3) [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 SOy and mortality due to such illnesses [6].
NOy 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 Al is a thriving field 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 different types of models which go under the umbrella of
supervised learning. Having access to such a model furthermore allows for studying
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and optimizing it to a given goal. A second subcategory of machine learning is
reinforcement learning, where one attempts to find an optimal policy that maximises
a reward function [10]. Reinforcement learning is fundamentally different from other
branches of machine learning because it relies on exploration and rewards rather than
a defined 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 defined. 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
efficiently. 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 Bur6, a passenger vessel traversing a fixed
route in the archipelago of Goteborg. 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 define 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 different mathematical models and their ability to accurately describe
the dynamics of the vessel, and afterwards attempt to a define a optimal strategy for
minimizing fuel consumption on a given trajectory. Such an optimal strategy will be
found using reinforcement learning and more specifically deep Q-learning. The goal
hereby is to create a starting point of a framework which could be used to conserve
fuel in fixed-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 offer.

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 different 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 specifically 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 affected 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
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the specifics of the vessel and its specifications.

For the reinforcement learning part of the project, there will be a limited amount
of time spent on querying about different 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 Al will be made transparent and
interpretable, supporting and not constraining human decision-making.
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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 offer 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-
cific to the project. This includes modelling different 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 v 44yyqrq follows
Newton’s second law of motion where ¥ fopypqrq is proportional to the engine force Ft,
factored for the weight of the vessel m

. Fe
U forward = E . (21)

The negative acceleration Upgerwarg follows the drag equation

Fy  pvcqA

,Dbackward - (22)

m 2m

where p is the density of the water, v is the velocity of the vessel (for still water),
¢q is a dimensionless unity called drag coefficient, 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

U= Dforward - Dbackward +e . (23)

Since Vforwara increases independently of v and Vygerward increases with a square
relationship to v, the two terms will be equal for a given value of v. This is the
speed the vessel will keep for that value of F, [13] [13].
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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 filters

Noise in time series data can be the product of different things such as circuit errors,
loose connections, etc. If the noise in the signals is deemed to be random it can be
filtered out. A method of filtering out noise and in practice smoothing the series is
using a moving average filter [16]. A moving average filter calculates the mean in a
sampling window of size 2k 4+ 1 according to

Ok +0t—pgy1+ - +0+ -+ 04p—1 014k
2k +1

MA= (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 fixed 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 find 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
process X with N states that produces outputs that are not observable, i.e. the
process is hidden. X is assumed to influence a second process O of dimension D
which produces observable outputs 0,. The connection between X and O is assumed
to be known and by observing the process O one attempts to learn the process X
[18]. In relation the modelling of latent variables, the hidden process acts as a latent
variable. It affects the observed outputs but can cannot be observed itself.

6
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& _- -
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/ 0.3 03 \2¢
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Figure 2.1: Example of a hidden Markov model of N = 2 hidden states with
three different 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 probabilities B.

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 states N 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 m which gives the probability of the initial state, as
well as a transition probability matrix A containing elements a; ; which are transition
probabilities between states i and j for ,j € {0,..., N}. In addition to = and A the
HMM is further parameterised by the emission probabilities B. b;(y;) denotes the
probability of observing a given output o; at time ¢ given state i for i € {1,..., N}
[19]. The final parameterization of the HMM can be described by

>\HMM = {W,A,B} . (25)

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 observations O = [01,09,...,07r_1,07| and the model
Ay = {m, A, B}, how does one compute P(O|Agpa)?

2. Given a sequence of observations O = [01,09,...,07_1,07] and the model
Aavy = {7, A, B]. How does one calculate a state sequence S = [sq, ..., st
which is optimal?

3. How does one adjust the model parameters Ay to maximise P(O|Agaar)?

7
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A solution to calculating P(O|Apmm) can be formulated from its definition. Con-
sider a state sequence of length T', S = [sq, ..., s7|. The probability of the observa-
tion sequences given this state sequence can be given as

T
P(O|S, Auarnr) = [ Plodlse, Aaarnr) (2.6)
t=1

where P(o¢|st, Agarar) = bs,(01) Given the model Agarps (2.5), the probability of
the state sequence S can be written as

P(S’)\HMM) - 7TSla8182 te asT_lsT . (27)

The product of P(O|S, Agarar) and P(S|Agarar) is the joint probability P(O, S|Agaar)
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, S| ) over all possible state sequences S; of some length 7. The final
number of possible state sequences is N7, N being the number of states in the
hidden markov model. The resulting equation is

NT
P(O|Apvmm) = ZP(O|SZ-, Aava)P(Si| A gvn) - (2.8)
i=1
As this computation involves calculating equations (2.6) and (2.7) for each possi-
ble state sequence the total number of equations amount to 2I'N”. For the simple
example of N =5 and T' = 100 this amount to ~ 10" calculations, which of course
is very impractical. Instead of this costly computation a solution to be first 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 first define the quantity

(i) = P([o1,09,...,04, 8. = t|\ganr) (2.9)

which can be described as the probability of the observation sequence [01, 0o, . . . , 04
up to time t and the state to be ¢ at . Using the forward algorithm we can now
recursively calculate oy (i) as

1. Initialization
Foreachi, 1 <i< N
Oét(i) = Wibi(ot) . (210)

2. Recursion
Fortand j,1<t<T—-1,1<j <N

N
a1(J) = <Zat(i)aij>bj(0t+1) : (2.11)
=1
3. Termination
N

=1
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Equation (2.12) gives the solution to problem 1. P(O|\gass) is also the max-
imum likelihood function L of the hidden Markov model given the observation se-
quence O.

A solution to problem 2 is the Viterbi algorithm. The Viterbi algorithm is a dy-
namic programming approach to finding the optimal state sequence S = [sq, ..., S7]
given a observation sequence O = [0y, ...,o07| [20]. For defining the Viterbi algo-
rithm we need to first define the the following quantity

(5t+1(i) :S max P(Sl,SQ,...,St:i,Ol,...,OT|)\HMM) s (213)
1,82;0.,8t—1

where 6;(7) as the highest probability along a single path O at time ¢ which
describes the first ¢ observations and ends in state ¢. By induction we have

or1(J) = m?x 5t+1(i)aijbj(0t+1) . (2.14)

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

1. Initialization
Foreachi, 1 <i< N

61(i) = mibj(01)

i 2.15
2. Recursion
Fortand j,2<t<T,1<:<N
6 (J) = 1%%%(5#1(2')@1’]')5]'(00 ; 2.16)
vi(j) = arg max (31 (i)ai;) '
3. Termination
P* = max (0r(i)) ,
e (2.17)

sp = arg max (0r(i))

4. Backtracking
The final step of the algorithm consists of backtracking through all the saved

arguments of () for all ¢ and j, to finallty obtain the optimal. For ¢ =
T-1,T-2,... 1,

5 = Yenlsivn) - (2.18)

In equations (2.17) and (2.18) Px denotes the highest probability and s; denotes
the optimal state s given a time ¢. The Viterbi algorithm shares many traits with
the forward algorithm used to solve problem 1. However the forward algorithm
lacks the final 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 first initialised into some sub-optimal setting. There are many different
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 predefined 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) defined as

WCSS = izn:(x - 05)? (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, let x; denote the ith data point and
C; 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 first center is chosen randomly among all data points. The next center
is chosen among the remaining data points such that the probability of choosing z;
as the next center is proportional to its distance D(x;) from the previously chosen
center. The process is repeated until K centers have been created [23].

2.5 Gaussian mixture models

A Gaussian mixture model (GMM) is a sum of M weighted multivariate Gaus-
sian density functions which can be used to model some data x with d features
and continuous observations. GMM allows for larger flexibility 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(xPann) =Y wi p(x|ps, 25) (2.20)

J=1

10
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where w; are the individual weights such that Zj]‘il w; = 1, p; are the component
mean vectors and X; are the component covariance matrices. As such a GMM can
be parameterised by

Aovm = {wj, p;, 2y j=1,...,.M | (2.21)

and subsequently fitting the model to some data x results in the problem of
estimating Agasas.[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,

Yy = F(yt—lu Yt—2,Yt—3, - - -, U, Up—1, ut—Q) + €t (222)

where y is the variable of interest (endogenous) and w 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 lags n. F(x) is a polynomial
function with parameters Sy, 1, ..., 5,, which are coeflicients multiplied with the
input vector . Writing equation (2.22) in matrix notation yields

y=XB+e (2.23)

with parameters 8 that can be estimated using the ordinary least squares esti-
mation equation as

B=(xTx)"XTy . (2.24)

This equation find the parameters 8 that minimises the error €.

2.7 Long short-term memory networks

A recurrent neural network (RNN) is a type of feed-forward artificial 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(thxt -+ bxh -+ Whhhtfl -+ bhh) s (225&)
Yo = g(Whyhs + bny) (2.25D)

11
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Wiy

hy 3 Whh

A
W,

Lt

Figure 2.2: Simple RNN model where z;, y; and h; are the model inputs, outputs
and hidden state at some time t respectively. W are the different weight matrices
of the model. In diagram, model biases b are assumed to be zero.

Where z;, y; and h; denote the input, output and hidden state at time t. W,
Whh, Wiy are the model weight matrices and together with the model biases b,
byr, and by, 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 figure 2.3. In the LSTM network
the hidden state h; 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 state ¢; [26].

.

&/

Figure 2.3: Schematic diagram of an LSTM cell. ¢, 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 (figure 2.3) can be separated into four main components. These
are the input gate 7;, the forget gate f;, the output gate o, and the cell state ¢;. The

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

iy = o(Wixy + by + Whihy—1 + bri) (2.26a)
Jo = o(Wigzy + by + Wighey +bry) (2.26b)
or = c(Wioxy + bio + Wiohi—1 + bpo) (2.26¢)
gr = tanh(Wigzy + big + Wighy—1 + brg) (2.26d)
=0 1+iuOg , (2.26¢)

hy = 0oy ® tanh(¢;) (2.26f)

In equation (2.26), o is the sigmoid activation function, o(z) = H%’ and © is
the element-wise product (Hadamard product). Furthermore let W 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 specifically, since the
gates all have sigmoid activation functions in the range [0, 1], if the argument to o
is small the gate is more closed and less information is let through and vice versa.
The cell state ¢; represents the stored memory within the cell and is updated after
each time-step ¢ and fed back into the cell. Equations (2.26d) and (2.26¢) rule how
the internal memory state ¢; is updated at time t.

The input gate ¢ (2.26a) governs if information from the input and previous
hidden state signals will be stored to the cell state ¢;. The parameters of the input
gate can therefore be trained to let some signals be stored in cell memory while
protecting the cell ¢; against perturbations from undesired signals. The output gate
o (2.26¢) controls access to the cell memory ¢; then calculating the new hidden state
h;. Training the output gate can allow the model to decide when using memory is
useful or not. The cell state ¢; tends to grow in a LSTM cell when it is recursively
fed back into the cell for each time-step. The forget gate f; (2.26b) can reset the
internal cell memory when the information in ¢; 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
¢; and the gating components of the LSTM architecture deals specifically with the
problem of vanishing gradients [28].

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

13
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2.8 (Gaussian processes

A Gaussian process (GP) is a set of random variables X, which may be infinite, such
that any finite subset X C X, |X| < oo 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 of X being a possibly
infinite, meaning the GP cannot be described by a finite set of parameters [29]. The
GP however has tunable hyper-parameters in the mean function and covariance
function, also called the kernel function, both defined in equation (2.27),

E[X] = p(z) (2.27a)
Cov(z,2') = k(z,2') (2.27b)

where X denotes a random variables in X and x and 2’ denote observations of
two different random variables X and X’ in the Gaussian process model. The mean
and kernel function define the prior distribution of the GP. Commonly the mean of
the GP is assumed to be zero everywhere and model flexibility is obtained by using
the kernel which relates the different random variables to each other. The kernel can
be very generic and take many different forms. The kernel function describes the
covariance between two observations z and z’. Common kernels include the radial
basis function (RBF) kernel and the periodic kernel but several others are available.
Figure 2.4 displays two different covariance kernels as a function of the absolute
difference between x and .

RBFKermel Periodickermel

100

075

0.50

k(x, x)

0.25

0.00

=3 -2 -1 ] 1 2 3 =3 -2 -1 0 1 2 3

lIx = x| IIx = x|

Figure 2.4: The RBG and periodic kernel as a function of ||z — 2’||. For both
graphs 02 =1, 1 =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,2') are available in equation (2.28). Here [ is the length-scale parameter and
p the period time of the periodic kernel, UJ% is the maximum covariance between x
and .

T — x/ 2
krpr(z,2') = cr]% exp <_H2l2||> , (2.28a)
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2 . x—
kPERIODIC(% $/) = cr]% €Xp <—1232n2 (Ww>> . (2-28b)

From equation (2.28a) and figure 2.4 we find that when using the RBF kernel the
covariance k(z,z’) ~ 1 when = = z’, and decreases as x and 2’ move away from each
other. Increasing the length-scale parameter [ changes the slope at which covariance
decreases and as such yields a general increase in covariance between inputs x and

x'.

100

0.75

0.50

kix, x)

0.25

0.00

=3 -2 -1 o 1 2 3 =3 -2 -1 o 1 2 3

llx = x| lIx = x]|

Figure 2.5: Two instances of the radial basis function kernel with two different
values for the length-scale parameter [. The left graphs shows a RBF kernel with
I = 1, for the right graph [ = 2. For both graphs 0} = 1.

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

2.8.1 Gaussian process regression

Consider the simple regression problem y = f(z) and a dataset containing input
and output pairs (z,y). f(x) is a type of simple regression model e.g. polynomial
regression of a one-dimensional input where f(z) = By + B1x + Box® + -+ + Boz™
Parameter estimation of this type of nonlinear regression model returns a model
which by some measure fits the dataset best. There may however be an infinite set
of functions that fit the dataset equally well. In contrast to the above regression
method the Gaussian process regression (GPR) attempts to describe the distribution
of the potentially infinite set of functions f which best fit a set of data points
X = [X1,...,Xn), we denote this distribution P(f|X) [29]. From the Gaussian
process prior (2.27) we have by assumption that P(f|X) is a multivariate Gaussian
distribution of infinite dimension, with mean function g and covariance function K,

P(f[X) = N (f|p, K) . (2.29)

For regression, the prior is conditioned on the training data X to obtain the
posterior, by which we model the joint distribution of the predictions of the training
observations f(X) and the predictions of new test inputs f, = f(X,), where X,
denotes a test sample [30]. We find the joint distribution of f and £, to be
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f w(X) K K.

M ~ Lﬁ(x*)] | lK*T K] ) (2:50)
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, y; = f(x;)+¢;, it is therefore useful to add to the
covariance function of the observations y a independent and identically distributed
Gaussian noise component € ~ N(0,02). We obtain the updated covariance function
K’ = K + 02. Using the updated covariance function for training observations and
under the assumption that the mean function (u(X), u(X,)) is zero everywhere (see

section 2.8), equation (2.30) can be rewritten as

Qo ) e

This is the joint distribution P(f, f,|X, X, ). However for useful regression we need
the distribution of f, conditioned on the training observations f, X and test inputs
X, which is P(f,|f, 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|f, X, X,) ~ NKS(K+2D) ', K. —KJ(K+021)'K,) . (2.32)

From the (2.32) we now have final definitions of the predicted means and variances
for a given test input X,,

f.= KK+ | (2.33a)
cov(f,) = K,, - K, (K +d21) 'K, . (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 kernel K needs to fit the data well. The initial step in finding 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 6 are
chosen such that they maximise the log marginal likelihood,

0* = arg max logp(f|X,0) (2.34)
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where 0* are the optimal hyper-parameters. Adding the task of fitting the hyper-
parameters of the covariance kernel the conditional distribution of the GPR (2.32)
can be extended as follows

P(£|f, X, X,) = P(£|f, X, X,.,0) . (2.35)

After tuning of the hyper-parameters the predicted variance (2.33b) now de-
pends on the training ouputs f, which was not the case before. The optimal hyper-
parameters, 8* can be approximated using gradient descent optimization, or any
known modification 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 the Q)-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 is model-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, At) < Q(St, At) +« Rt+1 + Y mélX Q(StJrl, (1) — Q(StAt) (236)

where () 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 to @), a 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
Ry, 1 and the expected future reward max, QQ(S;1,a). The importance of immediate
versus future reward is controlled by the v € [0, 1] parameter. A high 7 corresponds
to a large weight on future rewards, and vice versa.

Since the Q-network is a neural network, it is most efficiently 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 called experience 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 e-greedy policy is used. In this policy, a parameter
€ € [0,1] is defined. 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 an off-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. Let f(0) be a noisy stochastic function than is differentiable
w.r.t its parameters 6. Let g; be the gradient vector Vg f;(0), and f;(0) be the reali-
sation of the function at some time ¢. Given the task of minimizing the function f(#)
the Adam algorithm updates the parameters 6 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].
m, and v; are the exponential running averages of the gradient and squared gradient
respectively. There are parameters (31, f2) that describe the decay rates of m, and
v;. Adam is efficient in that is employs only first-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 error e(t) as the different with
a desired value and a current, actual one. A corrector is then applied to e(t), creat-
ing a new entity u(¢). The corrector consists of two terms: the proportional P and
the integral I (both dependent of e(t)), weighted by two constants K, and K;. The
correction u(t) is fed to a model that acts in the direction that minimises the error
[34]. Algebraically,

u(t) = Koe(t) + Ki [ e(r)dr . (2.37)

to

The PI controller is a simplified 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 first 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 Burd, operating in the northern
part of the archipelago of Gothenburg. The vessel either operates on trips with four
stops (Ockeré-Kalvsund-Framnis-Groto) or two stops (Ockerd-Groto). 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
Framnas are only separated by a narrow strait, making it difficult to distinguish
them from one another.

Vessel speed
Y (m/s)
5

@
(i ]

0

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

Necessary steps to process the data and make available for use will be taken.
Furthermore Pearson’s correlation coefficient r between different parameters in the
data will be calculated to find relevant parameters and to remove irrelevant ones.
This is done to reduce dimensionality of the final 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 flow of the
algorithm. For further details of the implementation, see section 3.6.

’—[ Markov }—‘
Markov Markov

—State—| State State

v

v
[ Environment Rit\;a\:rd : Agent }

Figure 3.2: Schematic overview of the algorithm.

Action

3.3 Latent variable modelling using HMMs
Given that we find 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 classified to each
state iVi € {0,..., N} can be modeled using equation (2.20).

As the emission distribution B is defined 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

NHMM—-GMM = {7T7 A, Wik, Wik, Eik} ) (3~1)

where 1 <17 < 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 w;; and 3;; is D
and D x D where D are the number of features in the observed process O. The
emission probabilities b;(y;) can be rewritten using the GMM notation as

M M
bi(ye) = Y waeN (el pins Bin) = D winbiw(ye) - (3.2)
k k

3.3.1 Initial parameter estimation

Given a set of observations Y = {yi,¥s,...,Yn}, the initial state probability =
was initialised as random numbers from a uniform distribution such that >, m; =
1. The transition matrix A was initialised similarly such that 3°;a;; = 1. The
GMM parameters were initialised using the K-means clustering algorithm (2.4).
The number of clusters was set to K = M N. 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 the Scikit-learn (version 1.0.2) in Python [37]. After running
the K-means clustering algorithm the initial parameters for the Gaussian mixture
model p;r and ¥;; were set to the mean and covariance matrix for cluster Cj for
i=1,...,Nand k = 1,..., M [21]. The initial component weights w;, were set
according to

N
>k ik

where n;, denotes the number of observations in cluster Cj.

(3.3)

Wi =

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 maximise P(O|Agav—carar), 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 sequence O,.

1. Find the optimal state sequence S using the Viterbi algorithm, given the
observation sequence of length T°.

2. Calculate &(i,7)

o 1 ifs;=iand s411 =7
2 J) = 3.4
(i, J) {O otherwise (3:4)
3. Calculate ;(7)
N
= th(l,j) )
’ (3.5)

N
i) = ZgT—l(iaj)
J
4. Update model parameters according to equation.

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

L
m:lel(@) | (3.62)

o > t gt(l J)
TSI TG e
Wik = Zl Zt 715( ) (36(3)

Zz t 'Yt( )

Sl kol
S 3 RO o
ik = SF S i k) (0 — par) (0f — par)” (3.6¢)

Zl t ’%(ia k)

In equation (3.6) above, v(i,k) = yt(z)%(’;()%) 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 first let 7 — 1 and 7 denote two subsequent iterations of
the algorithm. Convergence was thereafter defined when & '(i,) = &7 (4,5) for
1 <t < T for each sequence O; of length 7}, i.e. when no changes in assigned
states occur in equation (3.4) [21]. The convergence criterion is equivalent to the
optimal state sequence S* returned by the Viterbi algorithm not changing after one
iteration.

For final predictions of Markov state sequences using the model on a given ob-
servation sequence O = [01, 02, . .., 07| the Viterbi algorithm was used to compute
the optimal state sequence S*.
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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 process N as well as the
number of mixtures M in the Gaussian mixture models. For selecting a model
topology a set of different candidate models were trained using real data. Candidate
models were selected such that 2 < 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
different models [38]. The equations for AIC and BIC are

AIC = —2logL+2p (3.7)

BIC = —2log L + 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 parameters p. For a hidden Markov model with Gaus-
sian mixture emissions we have,

p=N?4+kN -1 , where
D(D+1) (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 sequence O respec-
tively. The best model parameters selected among the candidate models the one
which minimised the two information criteria

k=(M—1)+ MD +

N* M* = arg min AIC(N,M)

2<N<3,1<M<8

N* M* = arg min BIC(N,M)

2<N<3,1<M<8

(3.10)

where N* denotes the optimal number of states and M* denotes the optimal
number of Gaussian mixture components.

3.4 Vessel modelling

For modelling of the data, three different types of models were considered candidates.
These were a Gaussian process model, a recurrent artificial network type model with
LSTM architecture, and nonlinear autoregressive exogenous model (NARX). The
following subsections describe implementation of the different approaches. Below
training iterations are called epochs. In the sections below, for some time ¢, v; de-
notes vessel speed over ground, p; denotes vessel pedal position and 7, denotes the
momentary fuel consumption. All values are normalised between [0, 1]. Further-
more, the notation v;_; and v;_5 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 differential 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 p € [0, 1] is taken as the forward force.
The fuel rate is assumed to be n = v®. Combining the equations yields the model as

: (3.11)

v =v1+0.1 (p—viy)
o=

3.4.2 NARX

The NARX model was trained to, given the current and past speeds v, vi_pni1, - - -,
and a pedal positions p;_n, pr—nt1, ---, pt, predict the next speed v,y and the
next fuel rate 7;,1. n is the number of lags. The training was performed with
Scikit-learn’s LinearRegression package [37], using shifted versions of [v, p] as
inputs and [v, 77| as targets. In deployment, a sequence of pedal positions p and a
starting speed vy were used as input, and sequences of predicted speeds v and fuel
rates n were outputted. In each time-step, the predicted speed v was fed back as
input for the next time-step. The number of lags used were n = 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 in Python 3.9 using the PyTorch 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 final architecture can be found in figure 3.3.

The inputs and outputs at one time t are defined below as

v = l”t*] = M . (3.12)

Pt UL

As described previously there are intermediate sections of the model before and
after the LSTM module. The first fully connected layer F'C'1 encodes the two
dimensional input z; 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 five fully
connected layers. The complete specifications of the different 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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X1 X2 Xt-1 Xt

Figure 3.3: Schematic diagram over the LSTM network. Further architecture
specifications are found in table 3.1.

Table 3.1: Specifications 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 state h; of the LSTM. Here o denotes the
sigmoid activation function.

Layer | Layer size

IN 2

FC1 32
LSTM | L x H
FC2 128
FC3 64
FC4 32
FCh 16
OuT | o(2)

The parameters L and H are hyper-parameters which determine the specifications
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. If L > 1 then the output from one
LSTM cell in layer [ will be the input to the next cell, hl = xElH). H is the size of
the hidden state vector h;. Changing the hyper-parameters might influence model
performance, therefore we want to find the optimal model given some set of different
hyper-parameter pairs (L;, H;). To find the optimal model, several different 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 of 80% 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 o = 1073. 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 final model. The training setup was near to identical only
now the model was trained until the minimum validation error was reached. The
final 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 in Python 3.9 using the GPyTorch (version 1.6.0) package
[40, 42]. The model inputs x; and outputs y; where specified as follows

Vt—2
Ty = (Vt—1|, Ut = [Ut] . (3-13)
us
Pt

The input to the model was v;_o,v;_1 and p;. The output was v; and momen-
tary fuel consumption 7;. 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 v, and fuel consumption was initialised to 1 and noise parameters o? was
initialised to o2 ~ 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 o = 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 different approaches, the different 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
different 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 each ¢, 1 < ¢ < 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 figure between the different models. The number of
steps in time which can be fed back to the model can be changed to include n number
of data points [vy_1,v4_2,...,v_,]. We call n the number of lags. The prediction
algorithm is described schematically in figure 3.4.

V-1 L J Ut

pr —> F0m) —

Figure 3.4: Simplified diagram of the recursive speed prediction using the LSTM
model. Here the number of lags n = 1.

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

(ves ) = foi-1,p0) (3.14)

where just as in figure 3.4, the number of lags is set to n = 1. The process of
model evaluation will also take into account the properties of the different 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-step t 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 different 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-parameters K, and K; was tuned such that they approximately balanced the
output error in the relevant range [0, 1]. The method for finding the parameters
were trial-and-error.

3.6 RL implementation

The RL algorithm was implemented with Stable-Baselines3 [43] in Python. The
agent was implemented with Stable-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 1O €fing during the first €cppioration fraction Of the training length. Table 3.3
shows the specifications of the DQN network. The network was trained with the
Adam optimiser with parameters 3; = 0.9, 3y = 0.999 and € = 107°.

Table 3.2: Hyper-parameters for DQN. o = 107°

is used for reference environment

and a = 1079 is used for Markov-enhanced LSTM.

Hyper-parameter ‘ Value

Training length 1.5 x 10° time-steps
Learning rate « 1075 or 1076
Replay buffer size 108

Learning starts after 5 x 10* time-steps
Batch size 32

Discount factor ~ 0.99

Training frequency

Target network update frequency
€initial

€exploration__fraction

€ final

Number of lags for LSTM and HMM

4 time-steps
10° time-steps
1.0

0.1

0.05

8

Table 3.3: Specifications 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

FC2 64

ouT |3

The DQN agent received the following inputs
_ N -
(%
Pt

Mt
traveled distance

traveled time
target distance

target time

ReLU
ReLU

(3.15)

The Markov state s; 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 Ap.
There were 3 available actions, namely

+0.1
Apel 0} . (3.16)
—0.1

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

0 if pp_1 + A,Ot <0
Pt = 1 if Pr—1 + Apt >1 . (317)
pi—1+ Ap;  otherwise

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 defined. 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 speed v;_; and pedal position p;, predict its speed v; and fuel rate 7.
This is described by,

(vt; nt) = Fem} (Utflv :Ot) . (318>

The output (v, n) is called the state. 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 different behaviours depending on the
conditions. During evaluation, the target distance and the target time were fixed,
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 different types of rewards:
continuous, distributed at each time-step, and momentary, 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
dist t led t time-st
Distance traveled (m) distance travele CUTTOTR e <p) 50 Continuous
[Target distance]
fuel rate current time-ste
Fuel consumed | : D) —50 Continuous
[Target distance]
Time delayed (s) -1 Continuous

0 if [traveled time] < [target time]
1 if [traveled time] > [target time]

3.6.3 Markov component

The Markov state S; = [s;_n, - -

., $¢] was inferred at each time-step. The current

Markov state s; was fed to the agent and to the environment. The current time-
step’s Markov sequence S;, including the lags, were fed to the environment agent.
No Markov state history was stored in the reinforcement learning loop.
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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 find-
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 classified into 683 so called legs, defined as intact sequences between
Ockerd and Groto, or vice versa. A typical leg can be seen in figure 4.1.
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Figure 4.1: Leg going from Ockerd to Grétd with the three parameters: pedal
position, fuel consumption and speed over ground.

The range of the parameters in use varied greatly, e.g. speed over ground had a
range of approximately [0, 5], while pedal position had a range of [0, 100]. This was
dealt with by min-max scaling all variables to the range [0, 1] according to

;L x; — min(x;)
= max(z;) — min(z;) (4.1)

where x is the set containing all samples for feature ¢ and 2’ is the scaled feature.

All legs contain a dormant section, clearly visible in figure 4.1, in the middle while
the ferry is docked at Framnés or Kalvsund, when the vessel is pushing against the
dock. Since this meant the vessel was standing still and not moving these sections
of the legs were removed. To remove those parts of the data, parts of the large
legs were classified as sub-leg. A sub-leg consists of either the trip Ockerdé-Kalvsund
or Kalvsund-Groto (vice versa for the route in the opposite direction), where the
difference between the direction the vessel was pointing at and the direction the
vessel was heading at, was less than 7/4 rad for at least 1500 consecutive time
steps.

After processing the data as described above, the Pearson correlation coefficient
between the different parameters was calculated. The upper triangular matrix of
the calculated correlation matrix is presented below in figure 4.2.
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Figure 4.2: Bottom triangular of the correlation matrix between the different
features after data-processing.

The correlation matrix show very high correlation between the different parame-
ters pertaining related to the internal parameters of the vessel. As such all of these
parameters were removed except pedal position and fuel consumption. Furthermore
longitude and latitude were removed to make the model independent of geographic
position. The vessel heading and course also had quite a low correlation between
fuel rate and pedal position. Therefore these parameters were also removed. After
feature removal the remaining features were fuel consumption rate, pedal position
and speed over ground.

After feature selection the data was subjected to further analysis and preprocess-
ing. In the sub-legs more constant sections of the trips exhibit noisy behaviour,
possibly due to signal noise. A moving average filter using a window size of 10 was
applied to the data. Figure 4.3 shows the effect of the moving average filter. The
goal of applying the moving average filter was to remove unnecessary noise from the
data.
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(a) Whole sub-leg including true data and applied moving average.
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(b) Same leg as in fig 4.3a but zoomed into the range ¢ = 200 to ¢ = 300.

Figure 4.3: Entire sub-leg and a zoomed perspective showing the original data
and the subsequent smoothed data after applying the moving average filter. The
parameters displayed are pedal position, fuel consumption and speed over ground.

At the end of each sub-leg a sequence was observed where there was a rapid
deceleration and a high pedal position. This can be seen at the end of the different
sub-legs in figures 4.1 and 4.3a. We know from before that we do not have access
to which gear, forward och reverse, the vessel is currently operating on. A plausible
interpretation for the observed combination of deceleration and high pedal position
could as such be that the vessel is operating on reverse gear, spinning the propeller
in reverse direction to slow down.

Lastly the lengths of the sub-legs were analysed. Most sequences have a length
in the range between 1 and about 2400 while there appears to be some outliers in

34



4. Results

leg length of lengths up to 4000. The mean length of all of the sub-legs was 1661
time-steps, or 554 seconds.

4.2 Inference of latent variables

There indeed seemed to exist unobservable features in for example the gear param-
eter of the vessel. As such the missing information was modelled using a hidden
Markov model.

During model parameter estimation using the segmental K-means learning algo-
rithm we are for each iteration calculating a set of emission distributions b;;, where
|1 <i< N,1<k< M. This gives the requirement that the covariance matrices be
symmetric and positive definite [44]. Due to numerical errors the covariance matrix
might sometimes falsely be estimated to not be positive definite or contain invalid
entries due to e.g. division by zero. These errors were found to be the product of
poor initialization of the HMM parameters rather than some algorithmic error. As
such the parameter estimation process was restarted on the occurrence of an invalid
covariance matrix ;.

On the problem of selecting model topology, i.e. selecting the model parameters
N* and M* which minimise the two information criteria AIC and BIC, the models
were trained on data separated into sub-legs. Each model was trained on a set of
50 sub-legs. All 14 models converged before 100 iterations were reached. As such
all models reached convergence in the sense that no changes in the optimal state

sequence occurred. The results from the parameter selection are presented in figure
4.4.

Number of Markov states Number of Markov states
—A- 2 A 2
= 3 - 3
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Figure 4.4: AIC and BIC for 14 different models after training. Model parameters
N (number of states) and M (number of Gaussian mixture components) ranged
from 2 to 3 and 2 to 8.

From figure 4.4 it is clear that the smallest model (N, M) = (2,2) is the one
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which minimises both of the information criterion. The increasing model size and
the subsequent penalization when calculating the information criteria leads to large
increases in AIC and BIC. The model selection yields the results (N*, M*) = (2,2).

After model selection the final hidden Markov model was trained on the data.
The data was pre-processed as previously described, scaling and and splitting into
sub-legs. 250 sub-legs were randomly chosen for estimation of model parameters.
The input features to the model were

Vg—1
Ut
0; = 4.2
! Pt ( )

Mt

where o, is the observation at time t of a larger sequence O. The final estimated
parameters for the model can be found in Appendix A. Some examples of model
predicted state sequences using the Viterbi algorithm can be found in figure 4.5.

Sub-leg # 1018

1.0

Value
o
w
3

e B .0

0 200 400 600 800 1000 1200 1400
Time [s]

0.0

(a) Sub-leg number 1018 including predicted Markov state.

Sub-leg # 380
1.0 v
qj) - P
T 05 ) [
>
= N A /\ /]
0.0 , , , , , . A
o 250 500 750 1000 1250 1500 1750
Time [s]

(b) Sub-leg number 380 including predicted Markov state.

Figure 4.5: Predicted Markov State sequences for a selection of input sequences
to demonstrate results in assigning Markov states. The two different Markov states
are shown by background color, where blue denotes state 1 and white denotes the
second state. The three parameters speed v, pedal position p and fuel consumption
n are also shown.

The examples shown in figure 4.5 are examples of the two ways in which the
model assigned latent variable states to observation sequences. The two examples
are representations of two different ways in which the hidden Markov model often
predicted state sequences. Studying the both examples we find indications of the
model assigning the state s; = 1 to parts of the sequence where the pedal position
and the fuel consumption exhibit a unstable behaviour. The state s; = 2 instead
seems to be assigned to parts of the sequence where the parameters are more con-
stant. One interpretation is the model manages to separate input sequences into
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parts where the vessel is at a cruising speed and parts where the vessel is more
manually maneuvered with either positive or negative acceleration and changes in
pedal position. Important however is to note that this an subjective interpretation
made from studying the predictions visually.

In addition to the examples in figure 4.5, there were predicted state sequences
which were substantially harder to interpret. One such example is shown in figure
4.6.
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Figure 4.6: Sub-leg number 736 including predicted Markov state. The two differ-
ent Markov states are shown by background color, where blue denotes state 1 and
white denotes the second state. The three parameters speed v, pedal position p and
fuel consumption n are also shown.

50 sub-legs were selected at random and state sequences predicted to obtain
fractions on how many sequences had Markov state assignments with similar ap-
pearances to figure 4.5 and figure 4.6 respectively. 84% of the sequences had state
sequences which resemble the ones obtained in figure 4.5. This figure was obtained
by manually inspecting predictions. Furthermore the run time of the model was
assessed. The model will predict states for 21 sequences per second on average.

4.3 Vessel modelling

Below follow descriptions of the results after implementation of the three different
approaches to modeling the data described in section 3.4. The model type selection
procedure is also described, presenting arguments on which selection was made and
what the final selected model was. After model type selection results are presented
from the further attempts of improvement and evaluation of the final model.

4.3.1 NARX

The appropriate number of lags and polynomial regression degrees were found using
a sweep where MSE values were calculated on validation data. Table 4.1 shows
the result from the sweep, lower values are desired. Up to polynomial degree 3, the
results improved with increased polynomial degree. After that, numerical instability
and over-fitting became apparent, especially for higher lags. For some combinations
of high lags and degrees, the result diverged to infinity. This is a characteristic
of high degree polynomial regression, where the function can take extreme values
between observations. The best combination found was lag n = 2 and polynomial
degree of 4.
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Lag

1 2 3 4 5

1] 849 8.21 8.29 8.27 8.29

o 2| 512 502 4.99 4.91  4.77
go 3| 415  3.86 3.44 4.31  4.65
é’ 41 427 3.24 1184.74 7T713.14 -
5| 543 2230 141.34 - -

6 | 35.67 345.99 - - -

Table 4.1: MSEep0, result from sweep over lag and polynomial degree. No result
for runs where the numerical instability became too great. Note that the reported
MSE values are not directly comparable to other MSE values in this work, because
they were found using other settings.

The NARX model was trained on 95% of the data, just over 2 million data points.
The model performed M SEep0, = 4.7535 x 1072 on average over 50 sub-leg runs.
Figure 4.12a shows an example run.

4.3.2 LSTM

Model selection was done by running a hyper-parameter sweep. The parameters
were varied taking values according to L; € L = {1,2,3,4} and H; €¢ H =
{8,16,32,64,128}, L; and H; being the number of LSTM cells stacked and the num-
ber of features in the hidden state h; respectively. Creating and training a model
using every combination of L; and H; resulted in training 20 different models.

During training of the LSTM networks the separated sub-legs were used as data.
To create sequences of equal length the legs were zero-padded at the tails. To remove
outlier legs of long lengths and also to avoid sequences with large amounts of padding
a max leg-length of 2250 time steps was set. This cap removed 32 legs from the data
set, a fraction of ~ 0.027. The final data set retained 1135 legs which were split into
a training and validation set, containing 80% and 20% of the total number of legs
respectively. The results of he sweep are presented in 4.7.
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Figure 4.7: Mean square error on both training and validation data-set presented
as results of the hyper-parameter sweep

The results of the sweep indicate that a model with a large L will results in a
higher MSE, while for an increasing H the MSE decreased. When both L and H
were set to large values in the given ranges, the results were not as conclusive. The
differences in MSE between the models which yielded low scores were not large.
Taking into account also the effect of a larger model, such as substantially longer
prediction times and longer training time until model convergence, a smaller model
was opted for. The final model architecture selected was (L, H) = (1,32) with
MSE,qu(1,32) = 1.1406 x 10~. The model was as previously described trained un-
til the minimum validation error was reached. This resulted in training for 3 x 10*
epochs. After 3 x 10* epochs the validation error leveled out and started increasing
slightly, hence training was halted to prevent over-fitting. The model was trained
on a NVIDIA GeForce GTX 1650 with Max-Q Design and training took approxi-
mately six hours. The training progress is visualised below in figure 4.8.

In figures 4.8a and 4.8b we observe the the leveling out of the validation loss.
There are spikes in the validation loss, these are most likely due to initialisation
of mini-batches. Figures 4.8c and 4.8d shows how the average of the weight and
bias parameters changed over time. There are no indications of the model param-
eters having converged after the allotted amount of training epochs. Although the
model did not converge during training, a minimum validation error before over-
fitting seems to have been reached, which is why training was stopped. Evaluating

the trained model on the validation set yielded av validation mean square error
MSE,,; =9.155 x 1075,
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Figure 4.8: Training progress for the LSTM model with (L, H) = (1, 32). Figures
show training data for 42500 epochs and the increasing validation error. The spikes
in training and validation MSE are believed to be cause of using mini-batch gradient

descent.
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4.3.3 Gaussian processes

The Gaussian process model was trained on a set of 12500 data points, which were
split into training and validation as described in section 3.4.4. Figure 4.9 shows

how the loss function as well as length-scale and noise parameters changed during
training.
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Figure 4.9: Training process for a Gaussian process model with an RBF kernel
and gaussian noise.

Figure 4.9a clearly shows an initial rapid decrease in the negative marginal log
likelihood after which training slows down. After 400 epochs there is no longer any
apparent increase in model performance, indicating the training algorithm to have
reached convergence. The final mean square error calculated on the validation set
was MSFE,,; = 2.385 x 10~*. The model was trained on a NVIDIA GeForce GTX
1650 with Max-Q Design and training took approximately one hour.

4.4 Model evaluation, comparison and improve-
ment

In an attempt to improve the LSTM model’s performance, a combination of the
hidden Markov model and the LSTM model was created. All training and validation
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data was run through the hidden Markov model, inferring a latent hidden state for
each time step ¢t. The LSTM model was extended to include the Markov state as an
input. The updated model inputs and outputs were

St

V.

Ty = | V-1, Yy = [ t] ) (43)
Ul

where s, is the predicted Markov state at time ¢. The new LSTM model was
created using the exact same parameter specifications as the LSTM model without
inferred Markov states. All other parameters for training are found in section 3.4.3,
no changes were made compared training of the regular LSTM model. The final
modes was trained until the minimum validation error was reached, which resulted
in training for 3 x 10* epochs. Similarly to the regular LSTM model without Markov
state inputs, the validation error leveled out and started increasing slightly after 3 x
10* epochs, hence training was halted. The model was trained on a NVIDIA GeForce
GTX 1650 with Max-Q Design and training took approximately six hours. Figure
4.10 shows the training procedure, including how the validation error increases late
in training.

Just as for the LSTM model without inferred Markov states as an additional input
(see section 4.3.2) the average weights W and bias b parameters do not converge.
The final LSTM model was evaluated by calculating the MSE on the validation set
was MSE,,; = 4.1821 x 107°. Compared to the regular LSTM model this was a
decrease of ~ 54.3% in validation loss.

After the different model types were trained they were subject to two main ways
of comparison. First models were compared by the obtained validation error from
the training, these figures are presented in table 4.2. All the models were evaluated
on the same amount of sub-legs. By evaluating all of the models using the M SE
metric, they can objectively be compared to one another.

Table 4.2: Table showing the M SFE,, for the three different approaches to mod-
elling the dynamics of the vessel.

Model ‘ MSE,.

GP 2.3850 x 1074
LSTM 9.1550 x 1075
LSTMMarkov 4.1821 x 10_5
NARX 3.8674 x 107°
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Figure 4.10: Training progress for the LSTM model with Markov states included as
an input parameter. Figures show training data for 42500 epochs and the increasing
validation error. The spikes in training and validation MSE are believed to be cause

of using mini-batch gradient descent.
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We find that the NARX model has the lowest mean square error of the three
approaches. As such we find that in the training environment, the NARX model is
the one with best performance.

Secondly we evaluate models by recursive speed prediction, the algorithm previ-
ously defined as deployment. The LSTM model with hidden Markov states as inputs
was included in the evaluation. The evaluation of the LSTM models is dependant
on the number of lags n, which for the LSTM model we define as length of the input
sequence. By varying the sequence length we control the amount of memory the
model has access to. We want to find the optimal length sequence since as sequence
length increases, so does the number of computations and run-times. Each LSTM
model was evaluated on a set of 50 sub-legs from the validation sets for lags such
that 1 < n < 50. The results are presented in figure 4.11.

0 20 40 60

Lags

Figure 4.11: LSTM model evaluation for different lags n (sequence lengths). Graph
shows both the results of the regular LSTM model and the LSTM model with
Markov inputs.

For the LSTM and LSTM with Markov inputs number of lags n, was determined
to be 58 and 8 respectively. After determining the optimal lags the different model
types were evaluated on deployment. As before each model was evaluated on the
set of 50 sub-legs. The comparison between the mean square error of the different
models is presented in table 4.3.

Table 4.3: Table showing the MSFEgcp,, for the three different approaches to
modelling the dynamics of the vessel.

Model ‘ MSEdeploy

GP 2.0300 x 1071
LSTM 4.5760 x 1072
LSTMparkov | 6.3118 x 1072
NARX 4.7535 x 1072
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A quick review of table 4.3 quickly tells us that the Gaussian process model clearly
has the highest error and is removed as a candidate for a good model. Among
the other models the LSTM model has the lowest mean-square error. Compared
to NARX and LSTMuarkovs M S Edgepioy for the LSTM model was 3.7% and 27.5%
lower respectively. Examples of recursive speed predictions using NARX, LSTM
and LSTMyp.kov are presented in figure 4.12. For predictions the respective optimal
lags previously determined for the two LSTM models were used.
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(a) Recursive speed prediction using the NARX model.
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(b) Recursive speed prediction using the LSTM model.
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Time[s]

(c) Recursive speed prediction using the LSTM a0y model. Binary Markov states

shown by background color.

Figure 4.12: Examples of recursive speed prediction (deployment) for the different
models.

It is clear from figure 4.12 that the predicted speed does not match the true
values. The general shape of the speed curve however is retained somewhat well in
the prediction using the different models. From figures 4.12b and 4.12c¢ we find the
pattern of deceleration in combination with a high pedal position in the true data,
something which was earlier assumed to describe breaking the ship with reversed
gear. The predicted speed however does not decrease, but instead increases and
resulting in in a terminal speed vy > 0 for LSTMypoy. Comparing the latter
part of the prediction, where deceleration occurs, the NARX model does not reduce
speed. Instead speed remains at the maximum. Both the LSTM models exhibit
deceleration when pedal position is lowered.
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4.5 PI controller

The PI controller was applied to the non-Markov LSTM model. The parameters
were K, = 10 and K; = 2. 100 lags were fed to the LSTM model and the I
term integrated over the previous 10 time-steps. The requested speed curve was a
parabola which was 0 at the start and the end, and peaked on a speed of 0.3. The
simulation ran for 1000 time-steps and all parameters were bound in the interval
0, 1].

Figure 4.13 shows the outcome of the simulation. The red speed curve followed
the blue, dashed requested speed curve closely. This was accomplished by rather
drastic pedal movements, with spikes when the speed needed to increase and zero
pedal when the speed needed to decrease. This behaviour is similar to what in
control theory is known as bang-bang controlling [45].

The fact that the PI controller was able match the requested speed indicates that
the LSTM model is physically relevant up to the investigated speed v = 0.3.
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> 0.44
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Figure 4.13: Performance of non-Markov LSTM model with PI controller.

4.6 RL training

This chapter present the progress of the trainings. The performances are measured
on validation rewards and training rewards.

4.6.1 Reference environment

Figure 4.14 shows the development of some parameters and metrics during train-
ing in the reference environment. The validation reward quickly reaches positive
values and is thereafter slowly increasing and stabilizing. The theoretical (but not
in practice reachable) maximum reward is 60 and the validation reward stabilises
around 43. The training reward initially dropped but then recovered and increased
until approximate convergence. The gradients of the weights in the first layer of the
DQN network decreases as training progresses. The weight gradients had occasional
spikes which could be due to a high learning rate.

The rewards have a steady, positive trend for the entirety of the training. This
shows that the DQN agent is capable of learning and that the used parameters are
relevant.
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The training ran for 1.5 x 10° time-steps on an Intel Core i5-8250U CPU. The
training took 41min.
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Figure 4.14: Training of the DQN agent in the reference environment. Training
and validation runs are not from the same distributions.

4.6.2 Markov-enhanced LSTM environment

Figure 4.15 shows the development of some parameters and metrics during training
in the Markov-enhanced LSTM environment. The validation reward is relatively
stable around —200 with occasional spikes that reach positive values. The spikes
are increasingly rare as training progresses. The training reward decreases during
the first 2 x 10° time-steps. After this, the rewards show a positive but slow and
noisy trend. The gradients of the weights in the first layer of the DQN network
decreases as training progresses.

To reduce the risk of decreasing reward after a period of training, the learning
rate was set to the low value of & = 107 and the rewards were multiplied by a factor
1073 (only during training, results presented here are re-scaled to the original scale).
The efforts had limited impact, the rewards decreased regardless after a period of
training.

From figure 4.15, it is clear that the agent failed to converge the optimal policy.
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Though positive rewards were possible during every evaluation run, the agent only
occasionally reached them, and more training did not make those occasions more
frequent.

The training ran for 1.5 x 10° time-steps on an Intel Core i5-8250U CPU. The
training took 3h 30min.
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Figure 4.15: Training of the DQN agent in the Markov-enhanced LSTM environ-
ment. Training and validation runs are not from the same distributions.

4.7 RL performance

The performances of the agents in different environments were systematically tested
during training. Here, sample runs are presented. During the sample runs are
deterministic, meaning € = 0.

4.7.1 Reference environment

Figure 4.16 shows the development of some parameters during a run in the reference
environment. The speed and the fuel rate is by definition correlated as p = v3. The
agent behaves such that it reaches the target distance before the target time, but
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only slightly before so that it does not burn unnecessary fuel. The agent constantly
changes its pedal position.

The behaviour of the agent is approximately what’s intuitively the most efficient
behaviour, and also the desired behaviour. This shows that the rewards are appro-
priate for reaching the desired behaviour (although results are dependent on the
parameter values that the different environment models output).
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Figure 4.16: Performance of DQN agent in reference environment. The two sub-
figures show the same simulation but with different x axes.

4.7.2 Markov-enhanced LSTM environment

Figure 4.17 shows the development of some parameters during a run in the Markov-
enhanced LSTM environment. The pedal positions and fuel rates appear very closely
correlated. They both shift quite violently between 0 and 1. The speed is much more
stable and does not increase above v = 0.3 when the pedal position is p = 1 for a
sustained period (at the end).

This behaviour shows that the LSTM model does not behave physically relevant
to the actions proposed by the agent. This likely introduces unpredictability that
could explain the lack of stable training.
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Figure 4.17: Performance of DQN agent in Markov-enhanced LSTM environment.
The two subfigures show the same simulation but with different x axes.
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Conclusion & future work

Data was segmented into sub-legs which were said to have useful information in that
missing values and docked time periods were removed from the data. Upon analysis
we found many parameters which were strongly correlated with fuel consumption
and speed over ground, from which the conclusion could be made that predicting
fuel and speed would be possible.

Regarding the inference of latent variables using hidden Markov models, reason-
able interpretations of the predicted sequences can be made to some extent. The
model seems to classify sequences into sections where the vessel speed is near con-
stant and sections where the input varies and the vessel is either accelerating or
slowing down. Analysis on random set of data sequences yielded that 84% of se-
quences had Markov state assignments suitable for this type of interpretation. There
are also examples, e.g. figure 4.6, where predictions are not as easily interpreted.
Table 4.2 shows a decrease in mean square error (M SE,,;) between the first LSTM
model and the LSTM model which included predicted Markov states as inputs. This
indicates that the added Markov state contains some information about the data
distribution, which the LSTM model subsequently can take advantage of. Further-
more the model was able to classify 21 sub-legs per second, which would not be
possible were the sequences to be classified manually.

Upon final assessment of the models, we look to table 4.3 and figure 4.12. The
regular LSTM model was the best model based on M.SEgepi0y, however both the
NARX and the LSTMypa10y models yielded results in the same order. The Gaussian
process model had a substantially higher error and was deemed ill-suited for solving
the problem of modelling the data. The predictions using the remaining models
in figure 4.12, although only examples, indicate none of the models predict speed
curves with exact precision. A general likeness of the shape of the curve however
is retained. We can make some assessment of different model strengths: Both of
the LSTM models show dynamic deceleration when the pedal position is lowered,
while the NARX does not. They also show increase in speed when the true data
suggests that the vessel is indeed breaking. This flaw may originate from the fact
that no data exists about the gear. The ambiguity of the interpretation of the pedal
position is not captured within the model dynamics. Selecting comprehensively the
superior model is difficult. While the NARX model had a low error, the observed
inability to predict deceleration possibly reduces its overall performance.

The reinforcement learning agent was able to learn, according to figure 4.14. How-
ever, when using the Markov-enhanced LSTM environment, training was unstable
and did not lead to accurate results. According to figure 4.17, the model had diffi-
culties reaching higher velocities than v = 0.3 when controlled by the agent. This is
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unexpected since figure 4.12c¢ shows stable speeds of v = 0.5. A possible explanation
is that the agent’s actions were unlike the true pedal position sequences observed
in the training data, so that the model could not accurately predict useful Markov
state sequences. Another explanation is that the Markov component self-reinforced
errors in the model. Because Markov states are fed as inputs to the environment,
a faulty Markov state prediction could lead to faulty parameter predictions in the
subsequent time-step. This could lead to a vicious loop where the model gets stuck
in a Markov state. Up to v = 0.3, the model is physically relevant, as demonstrated
in figure 4.13 with the PI controller. The PI controlled pedal position has the ap-
pearance of a bang-bang controller with smooth transitions between high and low
pedal positions. What’s more, we know from the data analysis and modelling that
we are working with a partially observable system. Applying reinforcement learning
on partially observed environments have been known to be very demanding, with
requirements on the number of samples being very large [46]. The inferred latent
Markov state does not appear to reconstruct the information lost in data collection.

We have presented a reinforcement learning framework that we have showed is
capable of solving the research question. However, the examined models are not
accurate enough to make it useful in practice. Future work should focus on making
the environment model more accurate. In addition, they should be predictable in
the sense that a high pedal position should correlate with higher velocities.

A possible solution would be to have access to data on the vessel gear state, to
reduce the ambiguity of the interpretation of the pedal position. If this information
should be explicitly collected from the vessel or inferred from other variables, is a
question open for others to solve. It could however be interesting to analyse whether
a hidden Markov model could be created to infer such a parameter. Additional
means of improving model performance could include to use a combination of a
data-driven model and classical vessel dynamics, or to adjust the loss function when
training the models. Since the data provided was collected during summer /autumn
2020, it could also be interesting to research the weather trends during this time
to investigate any potential biases in the different models towards specific weather
patterns.

More work could be put into finding an optimal agent model. The one used in this
work, DQN, is able to find an strong policy, but the architecture was not extensively
examined and is likely not the optimal one. Using agent models with continuous
action outputs, such as the Soft Actor-Critic (SAC) [47], is an option, tough their
main advantage is that they handle high dimensional action spaces well, and we
only have one dimension. The role of the Markov model should also be further
investigated. Perhaps, the Markov model is not suited well for running inside the
reinforcement learning loop but should rather be used to label training data?

Our work focuses on the correlation between the acceleration pedal position, the
speed and the fuel rate. An extended model could take more factors into account,
such as direction of movement, influence of wind, or vessel load. In addition, a more
complete vessel optimizing model would take the route of the vessel into account.

In conclusion, we have initialised a work, proposed a scaffold upon which models
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can be implemented, and solved some of the initial questions. To make this into a
product that is useful in real-life applications, additional work is needed. Specifically,
two main areas are of particular interest. The first is to improve the model’s ability
to accurately model the behaviour of the vessel. The second is to extend the number
of factors that the model takes into account.
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The final estimated parameters Agarar—aarar of the hidden Markov model with Gaus-
sian mixture emissions and optimal parameters N* and M* are

T =
A* =

*

w

. [0.686157904401
H1=10.533019992043

« _ 10.646207951699
B2 = 10.755970800113

0.000200500569
—0.000000431596
0.000199329646
—0.000011070698

* —_
i, =

0.012196416806
0.008880107851
0.012226371659
0.003105412404

*
21,2

0.024658422441
0.008422824931
0.024623499852
0.003812614407

* —
22,1 =

{0.020000000000

0.994304737636
0.004052898479

0.151828367009
0.990335007817

0.474185856784
0.218989920188

0.535275692354
0.588032658397

—0.000000431596  0.000199329646

0.000000408412

—0.000000417564  0.000198537610

0.000000402416

0.008880107851
0.014733888869
0.008940802419
0.005937198377

0.008422824931
0.009020147774
0.008481529729
0.008264714401

0.980000000000) (A.1a)
0.005695262364
0.995947101521] (A.1b)
0.848171632991
0.009664992183] (A.lc)

0.686196485658 0.292015267448
0.532459538430 0.111895982931
(A.1d)

0.756016138059 0.391249855380
(A.le)

0.646460922843 0.3773069663581

—0.000011070698
—0.000000417564  0.000000402416
—0.000010841375
—0.000010841375  0.000004617569

0.012226371659
0.008940802419
0.012257777840
0.003130096466

0.024623499852
0.008481529729
0.024593163736
0.003878384104

(A.1f)

0.003105412404
0.005937198377
0.003130096466
0.002613973827

(A.1g)

0.00381261440
0.008264714401
0.003878384104
0.008888215543
(A.1h)

I
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0.000104594766  —0.000000005371  0.000103875838  —0.000004024312
—0.000000005371  0.000000010008  —0.000000005786  0.000000008615
0.000103875838  —0.000000005786  0.000103520441  —0.000003765701
—0.000004024312  0.000000008615  —0.000003765701  0.000007166349
(A.10)

* _
22,2 =
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