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Marine guidance using AI
Development of an optimization system for marine vessels
Lukas Ljungquist
Axel Måneskiöld
Department of Mechanics and Maritime Sciences
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Abstract
Navigating and handling a vessel optimally is by no means an easy task. Not only
does one have to find the appropriate path to a destination while avoiding obstacles
but also consider external forces such as weather conditions. Further, traveling by
water is often very energy-consuming. A guidance system to facilitate such tasks
should have great potential, not the least in the form of environmental effects. This
thesis has constructed a marine guidance system that utilizes modern optimization
methods to enable a more efficient way of voyage planning and handling of a vessel
concerning fuel economy.

Stochastic optimization and black-box modeling have enabled a system to handle
and optimize complex environments using minimal information. The results show
that it is possible to create accurate fuel consumption models regardless of the con-
figuration of vessel model and engines.

Further, a robust path planning system has been derived that manages to opti-
mize several objectives and help drivers achieve more efficient voyage planning. The
system has been shown to outscore the voyage planning capabilities of everyday
drivers of the sea. These results prove the capabilities of a field that still has much
to explore.

Keywords: Artificial Intelligence; Marine Environment; Image Processing; Path
Planning; Evolutionary Algorithms; Clustering; Optimization; Support Vector Re-
gression
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1
Introduction

Chapter one gives an introduction to the area of maritime travel and vessels. Rel-
evant research is presented to give an understanding of the work conducted in the
area of the thesis. The thesis's problem formulation and scope are formulated with
speci�ed research questions. Lastly, the general outline of the thesis is presented.

1.1 Background

The usage of maritime vessels for transporting people and goods has been a well-
established way of transportation throughout history. Today there are several dif-
ferent types of watercraft with vastly di�erent usage areas. A vital part of maritime
transportation is to navigate from the initial position to the desired endpoint. The
commander of the vessel uses, with advantage, a nautical chart for navigation during
the route. For larger and more advanced vessels, the usage of radar can often also be
found. The nautical chart incorporates essential cartographic references to enable
navigation concerning sea depth. Modern charts are stored and used through Elec-
tronic Chart Display (ECD), which integrates Electronic Navigational Chart (ENC)
and Global Navigational Satellite System (GNSS).

The ENC contains either vector graphics, consisting of layers in di�erent levels,
or Raster Navigational Charts, which has the di�erent layers in bitmap format.
De�ning a route beforehand can be performed by manually laying out waypoints on
the ENC by starting on the present position until the �nal destination is reached.
During the time of traveling, the waypoints will be used as guidelines for the naviga-
tion while closely monitoring the outcome of the route, according to the guidelines
on voyage planning by International Maritime Organization Resolution [1]. How-
ever, one also has to consider several di�erent other parameters. These include the
International Regulations for Preventing Collisions at Sea (COLREG), the velocity
of the vessel, and the con�guration of the motor.

Regarding the resulting fuel economy, the vessel's performance is heavily in�uenced
by the route, selected velocity, and the setting of the motor con�guration, e.g., angle
of trim or drives. If the vessel has an electronic engine control platform, the resulting
fuel consumption at the current velocity can be estimated and displayed. Currently,
Eco-driving for boat driving is part of the education for Swedish regulations of mas-
tering yachts, such as the Coastal Yachtmaster Diploma[2]. Despite this, it does
not imply the driver has learned how to drive the speci�c boat as fuel-e�ciently as

1



1. Introduction

possible.

The hull shape will heavily a�ect the optimal speed, considering the best fuel econ-
omy of the vessel. In total, there exist three di�erent main categories of hulls.
Displacement hulls are supported almost exclusively by buoyancy. Another is the
planning hull that instead relies on the hydrodynamic lift, which reduces the wetted
area in the sea and reduces the drag. The last one is a semi-displacement hull, a
combination of the two.

1.2 Related work

In the history of development economics, voyage planning has been a key factor in the
economics of maritime transportation. As a consequence of this, planning of routes
for merchant ships is a well-researched topic. Several di�erent approaches have been
implemented on ships for long-distance routes[3][4]. In 1957 the isochrone method
was proposed for �nding the shortest routes assuming constant motor power[5].
This deterministic method is composed of starting in the ship's position and draw-
ing lines corresponding to routes in di�erent directions. This operation is iteratively
done using a �xed step length until the goal destination is reached. Since 1957,
much advancement has been made, resulting in methods that utilize today's com-
putational power.

One of the most well-researched areas regarding navigation is for applications on
mobile robots. It has gained interest in recent years due to the increasing growth of
automated mobile systems [6]. The �eld consists of di�erent methods for modeling
the environment and �nding paths. The environment is represented as a Con�g-
uration Space (C-Space). There exist several methods for creating graphs out of
a C-Space. An example of algorithms for this is Probabilistic Roadmap (PRM),
Rapidly-Exploring Random Tree (RRT) and Visibility graph. A special case of
graphs is grid-based maps, which are also commonly used.

Moreover, as of today, the �eld of path planning, also known as graph searching,
mainly consists of using algorithms that are variants of Dijkstra, A*, Ant colony,
Genetic Algortihm (GA) or �re�y [6]. Prevalent applications consist of �nding the
optimal path, with consideration to an objective, in the graph. The objective is usu-
ally the length of the path. It is also possible to optimize against multiple objectives.

In the case of multiple objective optimization, successful results have been achieved
with the usage of Evolutionary Algorithm (EA). Recent studies have yielded success-
ful results using di�erent variants of EA. In a recent study, Genetic algorithms were
applied for path planning considering multiple objectives [7]. The result outper-
formed path planning algorithms such as A*. Besides this, Grey Wolf Optimizer,
which is an EA, has also been used in the �eld of path planning [8]. The study
showed that such usage was applicable in very complex environments and showed
promising results regarding feasibility.

2



1. Introduction

In the area of voyage planning, nautical charts are used for representing the C-
Space. Previous research has created the environment by using a variant of visibility
graphs [9]. Studies have also yielded successful results by converting sea charts into
a grid-based map[3][4]. In addition to this, there was successful research done where
they used raw ENC data to locate hazardous objects beforehand when navigating
an autonomous vessel. The idea in such an application is to use prior information
regarding objects to avoid relying on obstacle detection systems [10].

Moreover, several studies have been investigating the use of the Fast marching
method for planning routes in maritime environments[3][4]. There have also been
successful studies using variants of Particle Swarm Optimization (PSO) and dynamic
programming [11][12] to solve routing optimization problems with constraints. In
addition to this, GA in combination with dynamic programming has been researched
to optimize ships engine power to reduce emissions [13]. Lastly, research has also
been conducted on the usage of historical trajectories from Automatic Identi�cation
System (AIS) together with Dijkstra and ant colony for planning paths[14]. How-
ever, a recent study observed that using a GA for path planning routes for maritime
vessels has large bene�ts compared to other well-known methods. These include
trivial methods for path optimization such as dynamic programming, grid search,
and isochrone [15].

Research has also shown promising results considering forecast when simulating
path planned route for maritime transport over long distances [3] [11]. It has also
been investigated how the visualization of simulated weather forecast can be used
as support for decisions regarding the route choice for marine vessels [16]. Recent
research on decision support for route planning adopted the usage of numerical
weather predictions from the European Centre for Medium-Range Weather Fore-
casts (ECMWF) [17]. Research has likewise been conducted on how wind forecasts
can be utilized in order to avoid rough seas when planning a long-distance route [3].

As previously mentioned, fuel consumption is, in addition to the path traveled,
a�ected by the speed pro�le during the path. Recent studies show that signi�cant
energy savings are possible for large vessels using decision support systems [18].
Further, have there been studies focusing on implementing trim optimization on
container ship[19]. In addition to this, studies have shown that black box models
remarkably improve the current state of art white-box modeling when forecasting
the fuel consumption and optimizing the trim on the vessels in real operational
conditions[20].

Research focusing on the prediction of the speed and fuel consumption has been
performed by training a neural network on external conditions[21]. It has also been
investigated how neural networks can be used for speed and trim optimization on
larger vessels by using historical voyage reports [22]. Previous research has also
established that Support Vector Regression (SVR) yields promising resulting when
used for forecasting [23] [24]. It has also been observed that SVR is e�cient when
used for black-box modeling in system identi�cation [25]. Recent research con-
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cluded that SVR yields better results than other black-box models such as stacking-
ensemble learning, autoregressive integrated moving average, ridge regression, and
random forest models for predicting COVID-19 cases in Brazil [26].

Furthermore, the performance of a machine learning model, such as SVR, will be
heavily in�uenced by the selected hyperparameters. A wide variety of algorithms
exist to optimize the hyperparameters of machine learning models. Examples of
algorithms are grid search, random search, Bayesian optimization, gradient-based
optimization, and EAs [27]. A recent study has shown promising results with the
use of Bayesian optimization for tuning a SVR model in order to estimate shear
capacity in reinforced concrete members [28].

1.3 Motivation

Every year a total of 90% of the world's goods are transported over the sea. In
addition, the recreational boating industry, which produces boats used for leisure, is
estimated to have a revenue of 20 billion US$ each year and is expected to grow to
over 60 billion US$ by 2027 [29]. Both the sea-bearing transportation and the recre-
ational boating industry are facing several challenges[30]. A contemporary challenge
is the environmental one that arises due to engine emissions.

The emissions are largely caused by the fuel that gets depleted during traveling.
At the same time, the fuel for when driving the vessel is costly. Therefore a re-
duction in fuel consumption would result in lower costs and emissions. The fuel
consumption of travel from one location to another will vary depending on the route
taken. Each di�erent route will be a�ected by the weather conditions in the tra-
versed area. Depending on the size and direction of these forces, the resulting energy
need will vary, and the fuel consumption will follow. Hence, there exists a possibility
of optimizing the routes.

Furthermore, the non-optimal con�guration of the vessel will also lead to unneces-
sary emissions. The prominent manufacturer of complete marine propulsion systems
Volvo Penta currently optimizes the angle of the drives. Even so, the angle is only
considering the Revolutions Per Minute (RPM) of the boat for the control policy
[31]. Where the control policy is universal and not optimized against the boat, this
creates the possibility of further optimizing fuel consumption by adapting a model
against the boat itself.

There are also ongoing trends regarding the implementation of electromobility in ves-
sels, which has several barriers to becoming a substitute for traditional engines[32].
In order to be able to move a vessel across the sea, an extensive amount of energy is
needed [33]. One of the signi�cant barriers to the usage of electric vessels are their
limited range[32]. The extensive energy demand creates a need to optimize their
limited electric power usage.
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Moreover, Unmanned Surface Vehicle (USV) is seen as an area with potential in
the future[34]. One concern for taking the product further is regarding the naviga-
tion. For the vessel to be fully autonomous, it needs to be able to �nd a path to
the desired location. The operated way of the USV must satisfy COLREG rules.
Hence, a demand for having a safe, distinct, and e�cient planned path exists in this
area.

Previous research has investigated how wind forecasts can be utilized to avoid rough
seas when planning a route, mainly for merchant ships. However, research to date
has not yet determined an e�cient way of voyage planning in complex C-Spaces.
Nevertheless, it has not been investigated how the weather conditions can be utilized
to save fuel while ensuring a comfortable trip. Further, there has been no research
concerning automatic optimization of recreational boats regarding fuel consumption.

1.4 Problem formulation

This thesis shall investigate the area of marine guidance. The aim is to construct a
guidance system that generates and optimizes routes concerning fuel consumption
while maintaining passenger comfort. The path generated by the system has to both
consider obstacles and weather conditions. The guidance system also consists of a
speed pro�le that is integrated. The speed pro�le provides information regarding the
optimal speed and motor con�guration, given speci�c time constraints, to minimize
fuel consumption. The system will be evaluated against traditional voyage planning,
i.e., planned routes of experienced boat users. Besides this, the performance of the
speed pro�le will be validated against previously recorded performance tests for
di�erent vessels.

1.5 Research questions

The objective of the thesis is to examine the following research questions:

ˆ What is the performance of a path planning system, that optimizes with re-
spect to given objectives, in comparison to traditional voyage planning?

ˆ What is the performance when implementing an adaptive black-box model to
construct a marine guidance system with regard to engine con�guration?

1.6 Scope

The following factors will limit the scope of the project:

ˆ Speed pro�ling is limited to vessels that can provide su�cient data on fuel
consumption and relative parameters
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ˆ Only static obstacles will be considered for the obstacle avoidance system.
Thereby object such as other traveling maritime vessels will be excluded.

ˆ No consideration will be given to following the COLREG rules.

ˆ Path planning considering weather impact can only be done in areas where
such data is available.

ˆ No consideration will be taken to the curvature of the earth.

ˆ Only an estimated model of a vessel will be used to compute the forces acting
while traveling through water.

Relative parameters are said to be those included in the speed pro�le. The estimated
model will be based on mathematical models that have been utilized in previous
research papers.

1.7 Thesis contribution

This thesis propose a way for solving large-scale path planning, in complex C-Spaces,
by dividing the problem into two sequences. Firstly by clustering distinct ways of
travel towards the desired end destination. Subsequently, a Multi Level Selection
(MLS) approach is applied to perceive the optimal path for multiple objectives.
Moreover, the thesis also presents a robust method for optimizing vessels' fuel econ-
omy by establishing a speed pro�le, where constraints are utilized to retrieve the
most optimal con�guration.

1.8 Thesis outline

The thesis is divided into six di�erent chapters. Chapter number one introduce
the subject of maritime travel and the challenges the industry faces at this time.
Furthermore, chapter two gives a theoretical background of the areas topical to the
research of this thesis.

Moving on to chapter three, the methodology used in the thesis is further explored.
This chapter is divided into two di�erent main parts. The �rst dealing with the
application used in the path planning system, and the other goes into more detail
regarding the development of the speed pro�le.

Moreover, chapter four presents the results this thesis has produced. Discussion
regarding the �ndings and potential future work in the area is done in chapter �ve.
Lastly, chapter six present the conclusions that have followed this work.
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2
Theory

The chapter explain the theoretical background of areas relevant to the work. The
work presented in the chapter will help to understand the application areas of the
thesis.

2.1 Image processing

The �eld of image processing consists of several di�erent algorithms to process im-
ages. The usage typically exists to enhance an e�ect on an image or extract features
from an image.

2.1.1 Erosion

Erosion is a morphological operation. It can be performed on both binary and
grayscale images [35]. By de�ning an image as a functionf and an operator function
as b, de�ned in a spaceB, the erosion operation can be expressed as Equation 2.1.

(f 	 b)(x) = In�mum y2 B [f (x + y) � b(y)] (2.1)

The resulting output from the operation is the image function modi�ed by the
operator, which computes the maximum in the given spaceB.

2.1.2 Dilation

Dilation is an operation that shares the same properties as erosion, i.e., it is morpho-
logical and can be performed both on binary and grayscale images[35]. In contrast
to erosion its function is instead de�ned as in Equation 2.2

(f � b)(x) = Supremumy2 E [f (y) + b(x � y)] (2.2)

The output image hence becomes the image modi�ed by the operator function,
which computes the local minimum in its de�ned spaceE.

2.1.3 Gaussian blur

For images, a Gaussian function, given for two dimensions as in Equation 2.3, can
be applied through convolution to �lter the image. In the frequency domain, the op-
eration results in attenuating the high-frequency components. The speci�ed cut-o�
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frequency is determined by the parameter of the Gaussian function, which corre-
sponds to the magnitude of sigma. In other words, the sigma in�uence how large
an e�ect the center pixel will have on the neighboring pixels.

G(x; y) =
1

2�� 2
e� x 2+ y 2

2� 2 (2.3)

A Gaussian function utilized on an image is often termed Gaussian blur.

2.2 Graph theory

In its simplest form, a graph can be described as a set of points connecting in
between. A formal de�nition of a graph is [36]:

De�nition 1 (Graph) A graph is a pair (V, E), where V is a set of objects called
vertices and E is a set of two element subsets of V called edges.

Graphs can be divided into two groups, directed and undirected. The di�erence lies
in the direction of travel over an edge. Using undirected graphs allows travel in both
directions over all edges. Beyond this, there are di�erent de�nitions for routes in a
graph. The most relevant for this thesis ispath and cycle. These are both previously
de�ned concepts [37].

De�nition 2 (Path) A �trip� in a graph G between vertices along edges is called
a path if no vertex is visited more than once.

De�nition 3 (Cycles) A "trip" in a graph G is called a cycle if its ending and
starting vertex are the same, and no other vertex is used more than once.

A cycle is a loop within a graph, while a path is a non-repeating sequence of vertices
from a start position to an end position. To illustrate, Figure 2.1 is a smaller graph
with a vertex and edge pointed out.

Figure 2.1: An example graph with an edge and vertex clari�ed

2.3 Probabilistic roadmap

PRM is a method of constructing a network of connecting edges between vertices
placed in the Free Con�guration Space (FC-Space). The FC-Space is de�ned as all
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positions not placed inside of any obstacles, i.e., all feasible positions on the map.
The resulting roadmap is a graph denominated asR = ( N; E ) [38]. The vertices,
N, are randomly generated from the FC-Space and placed in the graph. For each
vertex, edges,E, are constructed to other previously placed vertices in the network,
if and only if, the interconnecting edge strictly lies in the FC-Space. The result-
ing PRM will contain a predetermined,N, number of nodes coupled with all of the
interconnecting edges,E. When constructing a PRM, the minimum input to the
algorithm is the C-Space and the number of nodes to be placed. It is also possible
to restrict the number of connections for each new node and the greatest length of
an edge.

To show what an PRM can look like, an example is shown in Figure 2.2 [39].

Figure 2.2: Example of probabilistic roadmap in a complex C-Space.

The algorithm for generating a PRM is given in Algorithm 1.

Algorithm 1: PRM algorithm
Data: number of nodes n, number of closest neighbors to examine k,

maximum number of neighbours for each vertex M
Result: G = (V,E)
initialization: V  ; ;
E  ; ;
Generate random points from feasible set ;
for q 2 V do

Nq  the k closest neighbors of q chosen from V according to dist ;
for q

0
2 Nq do

if q; q
0

and � (q; q
0
) 6= NIL then

E  E [ (q; q
0
)

end
end

end
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2.4 Normalization

In order to �nd trends in data by its features, normalization plays a key roll. For
the features to have equal importance the dimension of every data points has to be
normalized. Two common ways of normalizing is by the usage of min-max or z-score
normalization.

The min-max normalization for a data point x in a dimension that has the largest
value xmax and smallest valuexmin , is calculated according to Equation 2.4.

xnorm =
x � xmin

xmax � xmin
(2.4)

The above is di�erent from normalizing by z-score, as given in Equation 2.5, where
the mean of the dimension is� and the standard deviation is� .

xnorm =
x � �

�
(2.5)

2.5 Principal component analysis

The curse of dimensionalitycan occur when dealing with several dimensions, since
the demand for data expands with increasing dimension space. This demand con-
sequently escalates to counteract the increasing sparseness in the data. For data
containing a high dimensional space, the technique Principal Component Analysis
(PCA) can be applied in order to reduce the number of dimensions of the data while
minimizing the information loss.

The process extracts the principal components of the data and changes the ba-
sis. The aim is to �nd a projection of the data where the dimensions of the data
are uncorrelated. In order to reduce the dimensions, some principal components
can be elected, preferably by order of the variance explained. Besides reducing the
number of dimensions, and therefore also the amount of data storage, PCA also has
the bene�t of serving as feature extraction.

PCA functions according to the following methodology. Given a data set withp
number of data points with n dimensions.

X =
n
x i

j

o i =1 :::p

j =1 ;:::n
and xi 2 Rn ; i = 1; : : : ; p (2.6)

PCA �nds a matrix A:Rn A�! Rq, with q � n. That linearly projects the data set
X according to Equation 2.7.

Y = AX; with Y =
n
y1; : : : ; yp

o
(2.7)

The projection matrix A is optimized for minimum loss of the reconstruction. In
other words, the loss function to be minimized for is given as Equation 2.8, where
the projection matrix A is given as Equation 2.9






 A � 1y� � x






 (2.8)
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A =

2

6
6
6
6
6
6
6
4

(e1)>

(e2)>

:
:
(en )>

3

7
7
7
7
7
7
7
5

and

(
kei k = 1; 8i
(ei )> ej = 0; 8i 6= j

(2.9)

Thus, the rows of the matrix A are orthonormal vectors that form a basis ofRq.
Moreover, given Equation 2.8 a single data point can hence be described in the
projected basis as Equation 2.10.

y =
qX

i =1

� �
ei

� >
x

�

ei (2.10)

The covariance matrix of the data setX , with p data points, is given as Equation
2.11 in the case of zero mean.

C =
1
p

pX

j =1

x j
�
x j

� >
=

1
p

XX > (2.11)

The function from Equation 2.8 can hence be reformulated according to Equation
2.12. Thus, �nding the linear combination with maximum variance is identical to
�nd the matrix ej that minimizes (ej )> Cej [40].

min
ej

�
ej

� >
Cej

With the constraints:





 ei






 = 1; 8i

�
ei

� >
ej = 0; 8i 6= j

(2.12)

This optimization problem can be solved by rewriting the optimization problem with
the Lagrange method. The resulting Lagrange function, which is a function ofei

and the Lagrange multiplier � , are given in Equation 2.13.

L(ei ; � ) =
�
ei

� >
Cei � �

� �
ei

� >
ei � 1

�

(2.13)

In order to obtain the solution one has to take the partial derivative with respect to
ei and set it to zero, which is expressed in Equation 2.14.

@L(ei ; � )
@ei

= Cei � �e i = 0 (2.14)

Hence, the solution is given by the eigenvector of the covariance matrix. The condi-
tion regarding the orthogonality, given in Equation 2.12, is thus satis�ed since the
eigenvalue decomposition of the covariance matrix are orthogonal vectors [41]. The
stages for computation can be seen in Algorithm 2.
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Algorithm 2: Principal components analysis algorithm
Data: Data matrix X = f x1; :::; xng � R
Result: Eigenvectors P� RKxM and Data matrix X �

initialization ~� = E(X ) ;
X 0 = X � � ;
C = X

0
(X

0
)> ;

eigendecompositionPDP � 1 = C ;
sort P and P � 1 by eigenvalues D ;
calculate new featuresX � = XP

2.6 k-means clustering

In order to group several points into a prede�ned number of clusters, that is, min-
imizing a speci�ed metric, k-means clustering algorithm can be used. K-means are
non-deterministic, unsupervised, and iterative. The number of clusters, k, is set as
a parameter. The clustering method minimize the sum-of-squares criterion given in
Equation 2.15 [42],

J (� 1; : : : � K ) =
KX

k=1

X

i 2 Ck

dp(x; � k) (2.15)

wherex i represent the data pointi , Ck is the data points attached to clusterk, � k

the geometric centroid for the corresponding clusterCk and the distance measure
dp(x; � k) between two N-dimensional points are given in Equation 2.16.

dp(x; y) = p

vu
u
t

NX

i =1

jx i � � k jp (2.16)

Where p is referred to as the norm used. The algorithm divides the data into Voronoi
cells, as shown in Figure 2.3.

Figure 2.3: Example of Voronoi cells created by applying k-means clustering.

A pseudo code for k-means is given in Algorithm 3.

12



2. Theory

Algorithm 3: k-means clustering algorithm
Data: Data points X = f x1; :::; xng � Rd; Number of clusters k � R
Result: A set of k centroids: C = f c1; :::; ckg � Rd

initialization C = f c1; :::; ckg � Rd at random;
while C has not convergeddo

Si  ; ; 8i 2 [k];
for x i 2 X do

j � = arg min j kx i � cj k ;
Sj �  Sj � [ f x i g

end
cj  1

jSj j

P
x2 Sj

x; 8j 2 [k]

end

2.7 Genetic algorithm

GA is a type of EA that is commonly used for function optimization. For an dimen-
sional functionf (x1; x2; :::; xn ) the search space is referred to asx = ( x1; x2; :::; xn )> .
In a standard GA, a population consist of a number of individuals. These individ-
uals are all represented by a chromosome that contains all the information about
the speci�ed individual. The chromosomes consists of a series of numbers referred
to as genes. To retrieve the variable values, the chromosomes need to be decoded in
order to evaluate the individual with the use of an objective function,f (x).

The idea behind GA is to apply operations similar to those found in nature to allow
a population to evolve (often referred to as generations) towards newer and better
solutions. Some of the most common evolutionary operators are selection, crossover,
mutation, and elitism [43]. A measurement of the performance of each individual
is needed to compare di�erent individuals against each other. This is done using
a so-called �tness function. The �tness function has the task of giving numerical
measurements on the performance of an individual and is to either be minimized or
maximized. Figure 2.4 shows a basic GA with elitism.

Figure 2.4: Flowchart of a GA utilizing the operators elitism, crossover and mu-
tation.
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2.7.1 Operators

The selection process is possible to conduct using several di�erent methods. Two
of the most common ones are roulette wheel and tournament select [43]. Roulette
wheel builds on the idea that the probability of selecting an individual is propor-
tional to its �tness value compared to the other candidates. While tournament
selection relies on a preset probability of selecting the individual with the higher �t-
ness value. Both versions are applicable to select an individual from a larger number
of candidates. However, tournament selection will need to do this iteratively, as it
can only compare two individuals simultaneously.

Moreover, the crossover is an operator used to combine two parent chromosomes
to form a new individual. Crossover is usually done by breaking up the chromo-
somes at randomly selected indices and then reassembling the split-up parts to form
new individuals, see Figure 2.5. If wanted, �xed crossover points are an alternative
if one wishes to preserve the chromosome's lengths. The last operator that modi�es
the structure of a chromosome is mutation. The mutation alters the value of speci�c
genes in the chromosomes. A mutation is applied with a previously de�ned proba-
bility for each gene. Depending on the form of the gene, the mutation is possible to
do in multiple ways. However, the common divider is to alter the value of a single
gene. Creep mutation can be employed to restrain the magnitude of a mutation
when using non-binary chromosomes. The constrain of the magnitude is denoted by
creep rate. Figure 2.5 presents an example of a two-point crossover without �xed
points, where both the structure and length of the chromosome are modi�ed in this
case.

Figure 2.5: Example of two point crossover.

In order to ensure that the �tness value of the best individual in a population does
not decrease over time, elitism can be applied. Elitism preserves at least one copy
of the individual with the highest �tness value before applying any modifying oper-
ators such as selection, crossover, or mutation.

After completing a generation, i.e., the previously mentioned operators have been
applied, the existing population is replaced. The fraction of the population that is
replaced in each generation iskN . N is the number of individuals in the population,
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and k how many individuals are replaced in each generation. One way of doing so
is by generational replacement, where the whole population is updated at once, i.e.,
k = N . An alternative is to do it via steady-state replacement, where a fraction of
the population is replaced for each generation, i.e.,k = [0; N ).

Lastly, the GA will run until a termination criterion is met. The criterion is possible
to formulate in numerous ways. A few options are a speci�c number of generations,
an objective function value, or a variation of the best objective function value over
a speci�c period.

2.7.2 Multi level selection

The theory of MLS states that selection can be based on multiple levels. That is,
an individual's chance of survival is not only based on their ability but also that
of the population it is a part of [44]. In Multi Level Selection Genetic Algorithm
(MLSGA) the population is divided into several smaller populations, here referred
to as subpopulations. In MLSGA the same operations/algorithm is applied to all
subpopulations. The contrast is that the di�erent subpopulations are evaluated
and compared, hence the multi-level approach. The comparison and elimination are
only made in speci�c instances. This methodology enables the evaluation of di�erent
groups of solutions without risking the elimination of non-converged solutions at an
early stage of the algorithm.

2.8 Anti aliasing

Anti-aliasing is a technique used to reconstruct and smooth out samples of low res-
olution. In images, it can be used to avoid so-called "jaggies" that can appear in
low-resolution images. See Figure 2.6 as an example. These typically appear when
high-resolution images are represented on a screen with a lower resolution. In Figure
2.6, the intensity of the black line is smoothed out. The line still follows the same
direction but appears wider to include areas left as white beforehand.

When drawing a line between two coordinates with a �nite resolution of the in-
termediate area, there will always be some jagged edges due to this. By applying
anti-aliasing, this behavior can be avoided as best can. The intensity seen in Figure
2.6 could represent to what degree the pixel would have been passed through if the
resolution were to be in�nite. Using anti-aliasing makes it possible to extract what
pixels the drawn line would have passed through in such a case.
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Figure 2.6: To the left is a line drawn in a low resolution image with jaggies. The
right is the same line, but where anti-aliasing has been applied and the jaggies are
therefore blurred out.

Anti-aliasing can be used to set an intensity between zero and one depending on
the distance between the crossed pixel and the parametric line, i.e. a straight line
connecting the two points in this case. Using the de�nition made by Alois Zingl
in [45], Equation 2.17 is that of a straight line between two pointsP0(x0; y0) and
P1(x1; y1). Further de�ning dx = x1 � x0 and dy = y1 � y0. The error, e, is de�ned
as Equation 2.17 in a range ofe = [0; 1]. The previously described intensity can
then be assigned according to Equation 2.17 for each crossed pixel as well.

0 = ( x1 � x0)(y � y0) � (x � x0)(y0 � y1)

e = ( y � y0)dx � (x � x0)dy

intensity = 1 � e

(2.17)

2.9 Multi objective optimization

Multi Objective Optimization (MOO) can be de�ned as the optimization of multiple
objective functions simultaneously [46]. When solving such an optimization, a trade
will appear when no solution can improve an objective function without the cost
of impairing another. The set of such solutions will form what is called a Pareto
front. Figure 2.7 illustrates this phenomenon in the case of two con�icting objective
functions that are to be minimized.
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Figure 2.7: A Pareto front for two objectives f 1 and f 2.

The objectives in MOO can be con�icting. Hence, it does not exist a solution that
minimizes all objectives simultaneously. However, a solutionx can be said to dom-
inate x0 if the solution is better in at least one objective but not worse in any other
objective denotedx � x0 Further, a solution y can be said to strictly dominate
solution y0 if the solution y dominatesy0 in all objectives, denotedy �� y0

Moreover, all the solutions on the Pareto front can be dominated by another solu-
tion. However, the solution on the frontier can not be strictly dominated by another
solution. The remaining solution behind the Pareto front is said to be dominated
by the Pareto solutions, which are termed non-dominated solutions.

2.10 Vessel kinematics

In total, a vessel has six degrees of freedom. These are the body coordinates(x,y,z)
and the rotational coordinates(p,q,r). The most common way is to have the body
coordinates centered along the principal axes of inertia [47]. The x-axis corresponds
to the longitude axis, the y-axis to the transverse axis, and the z-axis is the normal
axis. The rotational coordinates are de�ned as the rotation around the di�erent
axis. More precisely, the rotation around the x-axis is de�ned as p(roll). Secondly,
the rotation around the y-axis is de�ned as q(pitch). Lastly, the rotation around
the z-axis is de�ned as r(yaw).

Moreover, the pitch of a vessel can be controlled through the trim. The angle
of the pitch a�ects both the performance and the fuel economy. For larger ships,
the trim is adjusted before and during the voyage. The loading is placed at deter-
mined locations to achieve the desired trim level. Apart from this, ballast water,
i.e., water held in tanks in the ship, can also be used to change the trim level [48].
In the case of a smaller vessels, such as a recreational craft, the trim can be adjusted
by applying a hydrodynamic force. One way of applying this force is by using trim
tabs or interceptors. Both are ways of changing the position of a control surface at
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the end of the stern. Due to the systems having control surfaces on the starboard
and portside, the vessel's roll can also be controlled. Lastly, if the vessel has power
trim, it is also able to alter the pitch angle. This consists of tilting the drive and
hence changing the angle of the force generated by the motor.

2.11 Vessel dynamics

There are several factors a�ecting the dynamics of a vessel traveling at sea. Multiple
forces will act on the vessel and a�ect its motion and the power needed to drive on
water. When traveling through and on top of �uids, the dynamic relations are highly
complex, that usually can only be solved by numerical approximations. As a result
of this, design choices of the hull and engine con�guration will highly impact the
vessel's behavior and must be accounted for.

2.11.1 Forces acting on a vessel

Two of the main forces acting on the vessel are the vicious and wave-making forces
[49]. The magnitude of the viscous force, also known as drag force, is dependent on
the relative velocity of the object and the �uid it is passing through. Further, the
wave-making is due to the vessel needing to move water to create space for its hull.
This operation requires a force to be applied to the water. The result can be seen
in waves appearing around and behind the vessel. The estimation of the drag and
wave forces are given in Equation 2.18,

FD =
1
2

�v 2CD A (Drag)

FW =
1
2

�v 2CwL2 (Wave)
(2.18)

,where� is the density of the �uid, v is the speed relative to the �uid,CD the drag
coe�cient, Cw the wave resistance coe�cient,A is the cross sectional area andL is
the length of the waterline for the vessel.

The general formulas are the same independently of the �uid. However, the charac-
teristics of �uids di�er. When a vessel moves through the water, it will move through
both water and air. The drag of these two needs to be computed separately. That
is because the constant area, drag coe�cient, and density will di�er. Regarding the
wind resistance, a cross-section of the vessel can be considered the area the wind is
acting on.

Another great contributor to the characteristics of the forces acting on a vessel
is its hull design. A displacement hull will not break the barrier for traveling above
the wave in front of the bow. In contrast, both semi-displacement and planning
hull will do so. Both of them will generate a compelling amount of lifting force. By
applying a large amount of power, the vessel will travel faster than the wave prop-
agation speed, i.e., the speed of the wave. Hence, at this speed, the wave-making
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forces will be vastly reduced. The planning hull will go even further. Since the hull
will primarily be supported by dynamic pressure, the wetted area will be reduced.
The reduced area results in lower drag.

The Froude number (Fr), based on the speed�length ratio, is coupled to the drag
coe�cient for a given speed of a vessel. Fr is de�ned in Equation 2.19,

Fr =
u

p
gL

(2.19)

whereu is the relative velocity between the vessel and the �uid,g is the gravitation
and L is the length of the waterline of the vessel. Further, is the Fr of a planning
vessel given in Equation 2.20.

Fr =
u

q
g 3
p

V
(2.20)

Here V is the volumetric displacement of the hull. Measures are often utilized in
order to transverse the Fr to the corresponding wave resistance coe�cient.

Ordinarily a hull is in displacement when the Fr < 0.4, semi-displacement if 0.4
< Fr < 1.0 and planning if 1.0 < Fr [50]. Hence, a vessel can be in di�erent modes.
The di�erence lies in the supporting forces, as described in Section 1.1. However,
a vessel designed for reaching planning mode is denoted as having a planning hull.
Hence, all vessels cannot generate enough speed to reach the semi-planing or the
planning mode.

2.11.2 Models for estimating total resistance of a vessel

There are models for estimating the total resistance of vessels traveling through
water. Two commonly used ones are Holtrop& Mennen and Savitzky's [51][52].
The usage areas of the two di�er in that Holtrop& Mennen is used when traveling
in displacing speeds, i.e., up to a Fr of approximately0:4. Savitzky is instead used
for planning hulls and thereby also planning speeds, i.e., Fr of above1:0. Holtrop &
Mennen states that the total resistance of a vessel can be described using equation
2.21. Table 2.1 brie�y explain the di�erent variables.

Rtotal = Rf (1 + k1) + RAP P + RW + RB + RT R + RA (2.21)
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Table 2.1: Variables of Holtrop & Mennen

Variable Description
Rf Frictional resistance according to the ITTC-1957 friction formula
1 + k1 Form factor describing the viscous resistance of the hull form in relation toRf

RAP P Resistance of appendages
RW Wave-making and wave-breaking resistance
Rb Additional pressure resistance of bulbous bow near the water surface
RT R Additional pressure resistance of immersed transom stern
Ra Model-ship correlation resistance

Further on, Savitzky's method applied as Equation 2.22 to determine the resistance
of planning hulls,

D = � tan � +
'U 2Cf � B 2

2 cos� cos�
(2.22)

where the total drag,D, is computed. In Table 2.2 a description of the variables in
the equation is given.

Table 2.2: Variables of Savitzky's method

Variable Description
� Displacement mass
� Trim angle
U Hull speed
Cf Frictional coe�cient
B Beam length
� Deadrise angle
� Mean wetted length-beam ratio
� Speci�c weight of water
' �=g

2.12 Bayesian optimization

Bayesian optimization aims to �nd the global optimum in a function by sampling
intelligently from the parameter space. Hence, one wants to �nd the minimum for
a function f : X ! R in some domainx � X , as shown in Equation 2.23.

arg min
x 2 X

f (x) (2.23)

The optimization method is well suited for optimizing expensive or non-convex func-
tions. Besides this, it is also e�ective regarding functions with derivatives that are
hard to evaluate or ones that do not have a closed-form [53].

The Bayesian optimization relies on the Bayesian theorem[54], given in Equation
2.24.

P(A j B) =
P(B j A) � P(A)

P(B)
(2.24)
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Here, P(A) and P(B) are the prior probabilities of observing events A and B.
Consequently,P(A j B) is the posterior distribution andP(B j A) is the probability
of B occurring given A. The theorem can be simpli�ed to Equation 2.25. Hence, the
conditional probability will only be described as a proportional quantity.

P(A j B) / P(B j A) � P(A) (2.25)

In Bayesian optimization, A represents the estimated model, and B the observed
points from the proper function. Thus,P(B j A) corresponds to the probability of
observing the data points given the model A. Likewise, will the posteriorP(A j B)
be a scaled version of the probability ofP(B j A) multiplied by the likelihood of the
model P(A). The essence of Bayesian optimization relies on combining the prior
model with sampled points from the actual function..

The design of the process for the optimization can be broken down into four steps.
The �rst is initializing a surrogate model, which is a estimate of the true function
based on the priorP(A). Next is to �nd new points to evaluate through an acqui-
sition function, taking the posterior to account. The function is used to maximize
the expected utility. It considers both exploration and exploitation in areas with
high uncertainty and samples with high values, respectively. A Gaussian Process
(GP) is applied to all the evaluated data points in order to build or update the
surrogate model. Everything from the second step is repeated until a speci�ed ter-
mination criterion is met. A general pseudo-code for Bayesian optimization is given
in Algorithm 4.

2.12.1 Gaussian process

GP is a stochastic process constructing a joint probability distribution, assuming
multivariate Gaussian distributions, over the included random variables. In the
case of Bayesian optimizationGP is applied for regression. This consist of a function
m(x) = E[f (x)], wherex ! R. Further, it makes use of a kernel, which is commonly
denoted as the covariance function,k(x; x0) wherex � x ! R. The GP is formulated
in Equation 2.26.

y � GP (m(x); k (x; x0)) (2.26)

The kernel utilized can be adjusted based on assumptions of the data. AGP regres-
sion is illustrated in Figure 2.8.
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Figure 2.8: Example of GP regression utilized a functionf (x) = x sin (x). The
three dots corresponds to the evaluations, the red area to the prediction within� 2�
and the black line to the mean prediction� (x).

2.12.2 Acquisition function

The purpose of the acquisition function is to derive the next point to evaluate.
Hence, any function can be enforced. However, a cleverly chosen function yields the
minimization of f (x) when minimizing the acquisition function. Thus, the Expected
Improvement (EI) is frequently used. In terms of words, the algorithm calculates the
expected improvement for the optimal point. If the real value is less than expected,
the point is seen as a local optimum. The algorithm can be formulated as Equation
2.27.

EI(x) = E max
n
f (x � ) � f

�
x+

�
; 0

o
(2.27)

Where x � is the parameter searched for andx+ is the parameter corresponding to
the current highest evaluation. The next pointx � is found according to Equation
2.28.

x � = arg max
�
E max

n
f (x � ) � f

�
x+

�
; 0

o�
(2.28)

The expected improvement of pointx � in the function can be derived to the one
shown in Equation 2.29 [55].

EI(x � ) =

8
<

:
(� (x) � f (x+ )) �( Z ) + � (x)� (Z ) if � (x) > 0

0 if � (x) = 0

Z =

8
<

:

� (x )� f (x + )
� (x ) if � (x) > 0

0 if � (x) = 0

(2.29)
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Where � is the expected value ofx, � is the standard deviation ofx, � is the
cumulative distribution function and � the probability density function for an unit
Gaussian distribution.

Algorithm 4: Bayesian optimization algorithm
Data: Objective function f and initial point x0

Result: Minimum value min (Yk) and minimizer corresponding to the
minimizers x value

initialization: Evaluation of y0 = f (x0) ;
while Termination criteria not meet do

�t GPk to data X k and Yk ;
get new observationxk+1 by solving the acquisition function ;
Evaluate function f (xk+1 ) to get yk+1 ;
Update the data X k+1 = X k [ f xk+1 g and Yk+1 = Yk [ f yk+1 g

end

2.13 Support vector regression

In order to map an input data X of arbitrary dimensions, into a valued output,
SVR can be utilized. The method is linked with the more known Support Vector
Machine (SVM). Both are based on statistical learning theory and were proposed
by Vapnik [56]. The regression model is non-parametric and instead based on the
kernel method. The kernel� transforms the points into a feature space to build a
model. In the case of a non-linear kernel, the feature space is projected into a higher
dimensional space. Listed in table 2.3 are the di�erent kernels that are commonly
used for SVR.

Table 2.3: Common kernels used for support vector regression

Linear � = x0
j xk

Polynomial � = x0
j x

q
k

Gaussian � = 1

ekx j � x k k2

The data points X are projected into a feature space,H , as in Equation 2.30.

X ! � (X ) 2 H (2.30)

In the feature space a linear mapping is then optimized according to Equation 2.31,

f (x) = hw; � (x)i + b; w2 H; b 2 R (2.31)

wherew is de�ned as the normal direction of the plane andb as the threshold from
the origin in the feature space. An illustration of non-linear SVR can be seen in
Figure 2.9.
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Figure 2.9: An illustration of a non-linear SVR model �tted on a set of data points.
The red points are outside the epsilon margin and are hence support vectors.

SVR refers to minimizing the sum of norms for all support vectors, given a parameter
" > 0 that allows for deviations from the function. A support vector is de�ned as
the points that are located at a greater distance than the parameter" from the
function. Hence, the loss function in the feature space is de�ned as Equation 2.32.
The parameter " is utilized since a model without deviation is inevitable. Thus"
aims at keeping the error within a speci�c range.

jy � f (x)j" = max f 0; jy � f (x)j � "g; (2.32)

Finding the optimal estimate of the function f that minimize the distance is given
by the optimization problem in Equation 2.33,

min
w

 
1
2

kwk2 + C �
1

M

MX

i =1

�
�
�yi � f

�
x i

� �
�
�
"

!

(2.33)

where M is the number of data points, and C is a constant parameter that decides the
model's regularization. In other words, it is the trade-o� between the �atness of the
function f (x) and to what amount deviations, more signi�cant than", are tolerated.

Moreover, by minimizekwk2, it is ensured that the optimization problem is con-
vex. Thus one is guaranteed to �nd a global optimum. The optimization problem
from Equation 2.32 can be formalized as Equation 2.34.

minimize 1
2kwk2

subject to

(
hw; � (x i )i + b� yi � "
yi � h w; � (x i )i � b � "

8i = 1; : : : M
(2.34)

However, one cannot �nd a solution to the problem if it is infeasible. Thus, so-
called slack variables,� i and � �

i (i = 1 : : : M ), are introduced to ensure that there
is a feasible solution. Of course, these variables come with a cost since the slack
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variables correspond to the cost of a support vector �tted, i.e., the distance from
the " margin. The optimization problem with slack variables can now be written as
Equation 2.35.

minimize 1
2kwk2 + C

M

P M
i =1 (� i + � �

i )

subject to

8
><

>:

hw; � (x i )i + b� yi � " + � i

yi � h w; � (x i )i � b � " + � �
i

� i � 0; � �
i � 0

(2.35)

The optimization problem in Equation 2.35 can be solved by the use of Lagrange
multipliers when setting � i ; � i � 0 for every inequality [57]. The result of this can
be seen in Equation 2.36.

L (w; b; �; � � ; � i ; � �
i ; � i ; � �

i ) =
1
2

kwk2 +
C
M

MX

i =1

(� i + � �
i ) �

C
M

MX

i =1

(� i � i + � �
i � �

i )

�
MX

i =1

� i

�
" + � i + yi �

D
w; �

�
x i

�E
� b

�

�
MX

i =1

� �
i

�
" + � �

i � yi +
D
w; �

�
x i

�E
+ b

�

(2.36)

Next part consist of calculating the partial derivatives and setting them to zero.
The result of this can be seen in Equation 2.37

@L
@b

=
MX

i =1

(� i � � �
i ) = 0;

@L
@w

= w �
MX

i =1

(� �
i � � i ) �

�
x i

�
= 0

@L
@��i

=
C
M

� � (� )
i � � (� )

i = 0

@L
@�i

=
C
M

� � i � � i = 0

(2.37)

By combining Equation 2.36 and 2.37, the dual optimization problem can be for-
mulated, such as Equation 2.38,

max
�;� �

(
� 1

2

P M
i;j =1 (� �

i � � i )
�
� �

j � � j

�
� k (x i ; x j )

� "
P M

i =1 (� �
i + � i ) +

P M
i =1 yi (� �

i + � i )

subject to

( P M
i =1 (� �

i � � i ) = 0
� �

i ; � i
i 2

h
0; C

M

i

(2.38)

wherek (x i ; x j ) = � (x i )� (x j ). Solving the optimization problem yields the Lagrange
multipliers to be able to solve the estimate of the optimal projection vector, given
in Equation 2.39.

w =
MX

i =1

(� �
i � � i ) �

�
x i

�
(2.39)
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The o�set b, in Equation 2.31, is obtained by solving for the Karush-Kuhn-Tucker
(KKT) conditions given in Equation 2.40.

� i

�
" + � i + yi �

D
w; �

�
x i

�E
� b

�
= 0

� �
i

�
" + � �

i � yi +
D
w; �

�
x i

�E
+ b

�
= 0

and
� C

M
� � i

�

� i = 0
� C

M
� � �

i

�

� �
i = 0:

(2.40)

When the Lagrange multiplier� i takes the valueC
M , the corresponding slack variable

� i can take any value. Hence, the point can be anywhere outside the"-margin.
Moreover, the computational cost of the regression function grows linearly with the
number of data points. An advantage of SVR is that the time complexity does not
depend on the dimensionality of the input space[58]. Instead the complexity solely
depends on the number of support vectors, i.e. when(� �

i � � i ) = 0 [57].

2.14 Cross-validation

In terms of measuring the generalized performance of a model, cross-validation is a
viable option. In other words, the technique serves to validate the statistical gener-
alizability of a model to independent data sets. The outcome is interpreted to detect
if a model su�ers from over�tting or bias. Over�tting is when a model has accom-
modated patterns or other unwanted biases in the given data set too closely. The
model will perform much worse on new data sets than the previous training results.
Several di�erent variants exist in the area of cross-validation. Overall, the meth-
ods are divided into two subareas of exhaustive and non-exhaustive cross-validation.

Exhaustive cross-validation consists of methods that divide the training and val-
idation data into di�erent partitions. An example of this is the leave-p-out cross-
validation. It consists of using p observations as the training dataset and the rest
as the validation dataset. This operation is repeated until all datasets have been
utilized for training.

Non-exhaustive cross-validation, on the other hand, does not compute all possible
ways of splitting the data set into training and validation. This type of validation
includes the widely used k-fold cross-validation. The method divides the samples
into n di�erent partitions of equal size, wherek is used to train the model, and the
rest are used to validate the model. This process is repeated for the following k
partitions until all n

k models have been utilized for training.
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Figure 2.10: K-fold cross-validation with k=6 and n=2. In total three di�erent
models will be trained and tested.

2.15 Particle swarm optimization

PSO is an iterative EA used to �nd optimal solutions to an objective function. The
algorithm is based on the traits of swarms and their ability to utilize each other [43].
The swarm, also known as the population in PSO, consist of several particles that
all have their speci�c position(x) and velocity(v). These attributes are described
using the same number of dimensions as the optimization problem the algorithm is
being used to solve. The position is seen as the proposed solution, while the velocity
describes how the position will change over time.

During PSO, both the position and velocity of all particles will be updated in each
iteration. The update step will be in�uenced by the particle's current position rel-
ative to its previous best solution and the best solution of the swarm. Di�erent
settings can be speci�ed for the relative weights between these two and their in�u-
ence in the update step of each particle. The most common con�guration is to set
them equal [43]. Furthermore, the velocity of all particles is restrained to hinder
the swarm from diverging. The restrain is to sustain the swarm behavior of the
algorithm.

Both the position and velocity of the particle is initialised by uniform sampling
in a given range,[xmin ; xmax ]. This type of initialization is to initiate and explore a
greater area in the earlier phase of the algorithm. Since the velocity of all particles
will be a�ected by the swarm's best solution, those initially better solutions will
attract the rest of the particles in the swarm. In Figure 2.11 a basic PSO algorithm
is displayed and in pseudo-code as well in Algorithm 5.

Figure 2.11: Flowchart of a PSO algorithm
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Algorithm 5: Particle swarm optimization
Data: Swarm size(N),f (x), dimensions,� t
Result: Solution of optimization problem
for i  to swarm sizedo

x ij  uniform sample, i=1,..,N, j=1,...,n;
vij  uniform sample, i=1,..,N, j=1,...,n;

end
while Termination criteria not met do

Evaluate objective function and update best solutions;
for i  to swarm sizedo

if f (x i ) > f (xpb
i ) then

xpb
i  x i ;

if f (x i ) > f (xsb) then
xpb  x i ;

end
end

end
for i  to swarm sizedo

vij  updated velocity, i=1,..,N, j=1,...,n;
if Velocity to large then

Set velocity to limit;
end
x ij  x ij + vij � t, i=1,..,N, j=1,...,n;

end
end
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Methods

Chapter three explains the methodology used for the work in the thesis. The chapter
is divided into two parts, one describing the path planning system and the other the
speed pro�le. Further, is the evaluation process used to produce the result of the
thesis described.

3.1 Path planning

The proposed method for generating a path in this project was to apply MOO
on a set of generated paths via the use of a MLSGA. In the upcoming text, the
methodology is explained in more detail. Figure 3.1 provides an overview of the
di�erent areas of the system as well as the �ow in between.

Figure 3.1: Flowchart giving a brief overview of the path planning system.

3.1.1 Import image and Identify land

The �rst step of the system consisted of creating the environment utilized in the
path planning. The ENCs are accessible to two di�erent entities, producers and
utilizers. For the Swedish coast, the major company that distributes nautical charts
with high-level precision are Hydrographica and sjöfartsverket [59][60]. However,
these nautical charts are only sold to distributors of ECDs. From these, one can
buy an ECD containing the ENC. However, one cannot access the data of the ENC
itself, only view the ENC on display. One viable option that was adapted in this
thesis consists of extracting the information using image processing algorithms.

Consequently, the area of interest, i.e., the area between and surrounding the start
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and goal position, was loaded into the system as an image. The depth levels in a
ENC are in discrete scale. Hence, masking was utilized to obtain the di�erent areas
of sea depth and land in the image. Following this, erosion and later dilation, with
di�erent kernel sizes and iterations, were applied to remove artifacts in the image.
These operations were needed because the masking leaves out less important areas,
e.g., sea marks, sea lanes, and borders. These operations resulted in coordinates
that would make up what was denominated as the area of interest. Given its speci-
�ed depth, this area could be described as all positions that the vessel could travel
over.

Lastly, the ENC are only approximations of the natural environment and con-
tain measurements with di�ering amounts of inaccuracies. Consequently, common
knowledge for experienced operators on the sea is to hold out from the land area
and dangerous rocks in the water when traveling outside of sea lanes. Thus Gaus-
sian blur was applied to the infeasible area. The operation added decaying values,
corresponding to a Gaussian function, for pixels close to infeasible areas.

3.1.2 Weather forecast

The weather forecast was loaded from a relevant weather service depending on the
area of interest. The forecasts are numerical simulations that were given as General
Regularly-Distributed Information in Binary Form (GRIB) �les. In the initial phase
of the program, the latest forecast was retrieved. An API from the weather services
was utilized for retrieving the latest forecast.

The wind was composed of two separate components, U and V. Where U is the
wind component parallel to the x-axis, i.e., longitude, and V is the component par-
allel to the y-axis, i.e., the latitude. The wave forecast contained the height of the
waves, in meters, for the speci�c area. The two wind components were converted
into angle and magnitude to have a uniform coordinate system.

Once the weather forecast had been retrieved and transformed, only the area of
interest was stored. Since the resolution and scale of the area of interest in ENC can
be di�erent, the weather forecast was interpolated using the second-degree spline
interpolation.

3.1.3 Initialization

A roadmap inspired by PRM was constructed, given the surrounding environment
and the start and end position to enable the initialization of paths. The same
methodology as PRM was applied in that each vertex would be coupled with several
neighbors. However, instead of randomly placing the vertices, they were sequentially
and uniformly placed throughout the map in the FC-Space. Moreover, the number
of edges an initialized vertex could make was restricted to control the complexity of
the roadmap.
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Each path consisted of a sequence of vertices on a map, where every vertex was
being represented with an x and y coordinate as the map was in the form of a 2D-
coordinate system. The full paths were constructed by connecting the vertices via
straight lines throughout the sequence. The intermediate coordinates needed to be
recovered to compute the cost of traveling between the vertices. The recovery was
made using anti-aliasing. The corresponding objective values could be computed us-
ing these coordinates. Using anti-aliasing made it possible to also retrieve a weight
of all crossed coordinates given the error in Equation 2.17. These weights were used
when evaluating the di�erent objectives, as they would represent to what extent the
coordinate in question was traversed. A higher value indicated a greater weight and
would contribute more to the evaluation.

The creation of the initial paths consisted of a form of random walk described in
Algorithm 6. Initialization of each walk began in the de�ned starting position. Af-
ter that, a vertex was uniformly sampled from its neighboring vertices in the graph.
The random walk continued until the route reached the goal position or was deemed
too long and would then be terminated. To classify a path as too long, the length of
a path would need to exceed1

10th of the total number of vertices in the graph. This
ratio was according to trial and error, considering the computational time versus the
resulting performance. This process was repeated until the size of the population
had reached a preset number of routes.

Algorithm 6: Generate route
Data: Start vertex, end vertex
Result: New route
route  start vertex;
current vertex  start position;
while current vertex 6= end vertexdo

Available vertices neighbouring vertices;
next vertex  uniform sample of Available vertices;
Append next vertexto route;
current vertex  next vertex

end

To avoid the unwanted behavior of internal cycles, i.e., loops within the routes.
Their occurrence needed to be addressed as they would likely appear and only add
complexity to the routes. The process of handling this situation was to identify all
vertices that occurred more than once in the route and remove the intermediate
vertices between those indexes. All cycles in the original route were eliminated this
way. The remaining route could be ensured that it would not contain any cycles.
Hence, it ful�lls the de�nition of a path. The process is shown in Algorithm 7.
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Algorithm 7: Generate population
Data: Population size, start position, end position, probabilistic roadmap
Result: A set of paths that form a population
for i  to population sizedo

route  random walk;
while route has not reached goal nodedo

route  random walk
end
Identify multiple occurring nodes;
for j  to number of multiple occurring nodesdo

Remove intermediate nodes from route
end
Add path to population

end

3.1.4 Clustering of paths

The next step consisted of applying a MLSGA. Therefore, the population needed to
be divided into several smaller populations, now referred to as subpopulations. Sev-
eral properties were investigated to give measurements of their behavior to enable
the possibility of clustering the paths. These were the length, sum of directional
changes, and a distribution measurement concerning where the path had been active
within the map. The last property was achieved by dividing the map intoN number
of equally large areas and measuring the relative sojourn in each area.

PCA was used to �nd the most signi�cant properties for the current environment.
Before PCA was applied, the dimensions were normalized in order to retrieve unit
variance and hence weigh each dimension equally. By the use of PCA, the num-
ber of dimensions was reduced, which was bene�cial since k-means can su�er from
the curse of dimensionality. The new basis was selected only to contain the three
dimensions that described the most variance. After extracting the properties, k-
means clustering was carried out to cluster the population in a prede�ned number
of clusters.

3.1.5 Optimisation of paths

A GA was utilized to evolve the di�erent subpopulations. The GA used operators
in a usual manner except for the mutation. The selection stage consisted of using
tournament selection with a selection size of two. Furthermore, a non length pre-
serving two-point crossover was used between di�erent paths to enable the exchange
of partial solutions. In the following stage, elitism was applied. Finally was, the
termination criteria set such that a prede�ned number of generations should have
passed.

Moreover, a mutation was de�ned as altering the coordinates of a vertex, given
a mutation probability. Both a varying mutation rate and creep mutation using
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an altering creep rate was applied for this project. The variation meant that the
possibility of a mutation happening and the distance that a vertex could move via
mutation varied over time.

The mutation probability was de�ned as N
L � R where N was a prede�ned inte-

ger, L the length of the chromosome, i.e., the number of vertices the path consisted
of and R was a prede�ned reduction factor of the mutation probability. Using this
method would allow for more signi�cant alterations of the paths in cycles, such that
as time moves on, the average number of altered vertices would drop fromN down
to 1 before being reset toN.

Using a varying creep rate allowed the algorithm to perform more considerable
alterations in the initial run portion and then diminish over time. The maximum
distance one node could be altered in either direction was initially set to15 th of the
resolution of the image in that direction. During the initialization, most parts of
the total search space were expected to have been explored. The di�erent clustered
populations should then have focused on exploring di�erent local minima. As more
generations passed, more focus was placed on making �ner adjustments, i.e., ex-
ploitation, to evaluate these di�erent minima.

The creep rate were separate for the possible alterations in thex and y direction.
The current rate was determined according to Equation 3.1. The termsresx and
resy are the resolutions in each dimension of the image.

spanx =
h
0;

�
1 �

generations passed
total generations

�
�

resx

5

i

spany =
h
0;

�
1 �

generations passed
total generations

�
�

resy

5

i (3.1)

In order to minimize the runtime of the program, only a slice of each subpopulation
was sampled. The sampling evaluated all paths and picked the best candidates for
each subpopulation. In doing so, the characteristics of each subpopulation were
sampled.

Each of these subpopulations was passed through the GA to evolve into improved
solutions. After all subpopulations had passed through, they were all evaluated as
groups. Thus, they were given a �tness value based on the average �tness of the
top slice of the subpopulation and the best individual solution. This was done to
exclude paths that had been greatly distorted via crossover or mutation and would
give a misleading result.

The subpopulation with the lowest score would be eliminated from there. This
procedure was repeated until only one subpopulation remained. The best-found so-
lution for the remaining population was presented as the proposed path. In Figure
3.2 an overview of the procedure is presented.
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Figure 3.2: An overview of the selection process utilized in by the path planning
system.

3.1.6 Optimization objective

The MLSGA was set to optimize against an objective function. The system had three
objectives that were optimized to obtain the best solution. Hence, the problem was
described as a MOO problem. The sections below explain the di�erent objectives
and how they a�ected the route.

3.1.6.1 Drag from water

One of the largest fuel consumption factors on vessels is the drag from the water. To
include the in�uence of drag as an objective, the estimated drag force was computed
given the vessel model and its speed.

Previous studies have been done to estimate the drag of vessels given their speed [61].
They implemented both Holtrop & Mennen and Savitsky method for their areas of
interest regarding speed. Combining these results and interpolating the intermedi-
ate values, it was possible to derive a simpli�ed model over the drag as a function of
its speed. Table 3.1 and 3.2 show the resulting drag of the two methods and Figure
3.3 show the combined results and interpolated function. Using data from previous
research enables the building of a su�cient but not perfect representation of the
drag.

Table 3.1: Estimated drag, during displacement speed, using Holtrop& Mennen
method, for

Speed(Kn) Drag(N)
4 358
5 729
6 1628
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Table 3.2: Estimated drag, during planing speed, using Savitsky method

Speed(Kn) Drag(N)
12 2604
16 3114
20 3379
24 3690
32 4641

Figure 3.3: Estimated drag for an X-Shore boat. The �rst three data points
correspond to the Holtrop& Mennen method, and the rest to the Savitsky method.
Between the data points, a line is interpolated.

For each pixel that the vessel traversed, the value of the drag was multiplied with
the corresponding intensity described in section 2.8. The sum of all such values
where the contribution to the evaluation of each path.

3.1.6.2 Drag from wind

The drag of the wind was computed using Equation 2.18. The area used was based
on measurements of the vessel model, the same one used to estimate the drag from
the water. The wind was divided into two components, one along the vessel's head-
ing and the other perpendicular to that. Two cross-sectional areas were used, one
for each component. Depending on the relative speed between the vessel and the
wind, the wind working along the vessel's heading could have a positive or negative
impact. However, the perpendicular wind could only impact negatively.

Throughout the path sequence, the vessel's heading was required to compute the
relative speed between the vessel and the wind. The vessel's heading was com-
puted using the given coordinates of the sequence. The angle of each segment was
computed and later used to derive the relative force acting on the vessel for each
pixel that it passed through. Given a path of lengthN and with x i and yi as its
coordinates in each dimensions. Equation 3.2 shows the resulting relative angles.
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� i = arctan

 
yi +1 � yi

x i +1 � x i

!

; i = 1; :::N � 1 (3.2)

3.1.6.3 Wave height

The evaluation of waves was conducted using a similar methodology as for the drag
forces. The wave height was extracted from the weather forecast. The corresponding
values were summed up given the pixels the path traversed through. The total sum
corresponded to the objective value.

3.1.7 Internal Parameters

Both the roadmap and MLSGA have several parameters that a�ected both the
performance as well as runtime. The MLSGA is also dependent on another set of
parameters, shown in Table 3.3.

Table 3.3: Parameters used by the MLSGA in the path planning system.

Parameter Description
Generations Number of iterations
Original population size Number of individuals initially generated
Mutation probability Probability of mutation
Crossover probability Probability of crossover
Reduction Reduction of mutation probability for each generation
Size of sampled population Size of each sub population in MLSGA
Number of sub populations Number of sub populations in MLSGA

The tuning was centered around �nding a setup that gave the algorithm the best
basis for �nding an as optimal solution as possible, without resulting in an exces-
sively long runtime. By trial and error, the parameters were tuned to give the best
performance in the largest amount of environments.
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3.2 Speed pro�le

The speed pro�le aims to minimize the energy consumption by choosing the most
optimal con�guration used for traveling from the start position to the desired end
location. This is executed by collecting data and building a model over the system
using SVR. The hyperparameters are automatically optimized through the usage of
Bayesian optimization. Lastly, the con�guration that yields the lowest consumption
was estimated. This is executed through the usage of PSO. If a vessel had more
than one con�guration variable, e.g. speed and trim, a GA is also applied to get
to the point as energy-e�cient as possible. In Figure 3.4 an overview of the system
can be viewed.

Figure 3.4: Overview of the speed pro�le system.

3.2.1 Data

In the actual application of the system, data was expected to be gathered and stored
during the vessel's travel. For the development phase of the speed pro�le, already
collected data was used due to simplicity. This data originated from three di�erent
vessels, shown in Table 3.4. The �rst was a water taxi, and the second and third
were test boats.

Table 3.4: Vessels used to build the speed pro�le during the development.

Vessel Driveline Hull
Vessel 1 Twin motor installation IPS Planning
Vessel 2 Twin motor installation Outboard Planning
Vessel 3 Triple motor installation IPS Planning

The stored properties of the collected data, for the vessels in Table 3.4, was times-
tamp, fuel rate, RPM and SOG. All Null values in the table were dropped. Further,
the vessels Speed Over Ground (SOG) was converted from m/s to knots. Then the
fuel economy, corresponding to liter consumed per nautical mile, was estimated. In
order to obtain relevant values on the fuel economy, all data points having a velocity
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less than 5 knots were excluded. Beyond this, every datapoint has an acceleration
as well. The acceleration was estimated by calculating the sampling time from the
previous measure. The estimated acceleration is given as the change in velocity
between the two measures divided by their sampling time. If the sampling time is
larger than a prede�ned number of seconds, the acceleration is set to NaN as Equa-
tion 3.3. This is because too large sampling implied that the vessel had stopped
between the measure. Thus the yielded result would not be valid.

ai =

8
<

:

V esselspeed(SOG) i +1 � V esselspeed(SOG) i
t i +1 � t i

if t i +1 � t i � � tmax

NaN if t i +1 � t i > � tmax
(3.3)

In the case of real-time collection, the number of data points stored can be extensive.
Hence, a smaller number of data points was sampled to build the model. Due to
SVR �nding the solution that minimizes the total error, an equal amount of sam-
ples over the area is desired. Thus, the next step was to discretize the values into
di�erent bins. The bins consisted of the valuevi =5 ;6;:::;N , corresponding to a speed
of 5 knots up to the maximum speed N recorded for the vessel. Every data point
was a�liated to the bin equal to its speed rounded downwards. From these bins, a
prede�ned number of samples was sampled.

3.2.2 Hyperparameter tuning

In order to optimize the performance of a machine learning model the hyperpa-
rameters had to be tuned. Several di�erent methods exist to search the parameter
space e�ciently in this area. For the system to adaptively decide which hyper-
parameters yields the best performance, this needed to be accomplished without
manual interaction. The model evaluation of SVR can be time consuming. Hence
Bayesian optimization was utilized for searching the parameter space. One of the
algorithm's foremost use cases is for functions that are time consuming to evalu-
ate, as described in Section 2.12. The kernel was speci�ed as Gaussian, and" was
set to 0.001. Hence, the parameters optimized for wereC and the kernel size gamma.

Subsequently, cross-validation was implemented to ensure that the model would
be more robust to over�tting and bias. The cross-validation consisted of implement-
ing k-fold cross-validation, where k was set to 10. Once the hyperparameter had
been optimized, a �nal model was built with the hyperparameter that yielded the
highest score during the tuning. The SVR model was built utilizing the dimensions
SOG, acceleration, fuel economy. In the case of trim, this dimension was included
as well.
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3.2.3 Optimal con�guration estimation

The model could now be utilized to serve its purpose. That is to �nd the optimal ve-
locity concerning fuel consumption. However, it also had to consider other aspects.
Firstly, the amount of energy consumed to reach the optimal state. Moreover, it
could also be subject to time constraints, i.e., if one wants to reach the �nal des-
tination within a given time. Hence, the lowest consumption per nautical mile did
not necessarily have to be the optimal state.

To �nd the optimal velocity, given these condition, PSO was utilized. It was ap-
plied to detect the estimated lowest fuel economy of the vessel, considering the given
bounds. The search space consisted of the dimensions included in the SVR model.
In three dimensions, i.e., speed, acceleration, and fuel economy, the PSO objective
function was set up according to Equation 3.4.

Fuel = Fuelsteady + Fuelacc (3.4)

Fuelstedy corresponds to the steady state fuel consumption, described in Equation
3.5 and Fuelacc, corresponds to the fuel consumption for accelerating, shown in
Equation 3.6,

Fuelsteady = f (x; 0) �
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wheref (x; _x) is the support vector function predicting the fuel economy at the ve-
locity x and acceleration _x. For simplicity the acceleration was approximated to be
constant.

In the case of more than two dimensions, e.g., with power trim angle or inter-
ceptor angle, a GA was applied in order to �nd the Minimum Energy Path (MEP).
The starting point was set to (0; 0), and the desired endpoint was set to the mini-
mum found by PSO. The initialization of the paths was performed through straight
lines from the start to the end position. Constraints, corresponding to the physical
limits of the system was set. The GA then optimized against the estimated fuel
consumption. Hence, for each point in the graph, the fuel consumption was calcu-
lated by inserting the coordinates of the path. The resulting path corresponds to
the con�guration estimated to yield the least energy to reach the optimal state.

3.3 Evaluation

Validation of the system was needed in order to evaluate performance. The valida-
tion was executed in two di�erent main categories. The �rst one was for the path
planning algorithm and the second one for the speed pro�le.
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3.3.1 Evaluation of Path planning algorithm

A planned path for voyage traveling can be evaluated under several diverse sets of
criteria. The one of interest for this project was the resulting fuel consumption.
Suggested routes from the path planning system were compared to some prede�ned
routes to evaluate performance. The routes were performed in two di�erent settings.
First, two routes were planned and utilized in real-world conditions. Then a di�er-
ent route was planned in a more complex environment to evaluate the algorithm's
feasibility.

Two di�erent candidates drew the routes. Both had been educated about the
Swedish regulations of mastering yachts, where voyage planning is an element. How-
ever, these routes were created under three consistent guidelines. As previously
mentioned, voyage planning mainly relies on traveling by the sea lines. Hence, way-
points for the route were set within the closest sea lines, where available, until the
desired destination. Lastly, a new waypoint was only added when there was a need
to change the heading to reach the goal destination. That is, no additional way-
points were introduced to create smoother directional changes.

The methodology of this operation consisted of traveling the planned routes of the
system and the prede�ned routes drawn by the candidates while acquiring the re-
sulting fuel consumption. The traveling was done with the boat model Sessa Key
Largo 30. The destination of the prede�ned routes was given in Table 3.5. The
routes were additionally evaluated in the form of the score yielded by the prede-
�ned paths compared to the route suggested by the algorithm. That is, the same
evaluation function used by the MLSGA.

Table 3.5: Locations of the routes examined, with their corresponding start and
end coordinates.

Name of location Start coordinate End coordinate
Björkö 57.741633, 11.66160057.738967, 11.708750
Grötö 57.681783, 11.69220057.718233, 11.676400
Hvaler(Complex C-Space) 58.975703, 11.05475959.128089, 11.057619

3.3.2 Evaluation of Speed pro�le

The performance of the speed pro�le needs to be measured to quantify its perfor-
mance and robustness. To measure the boat's performance, so-called sea trials were
done. This consisted of logging the performance of the boat in the sea. The tests
were carried out by driving the boat up to evenly spaced intervals of RPM and
logging its performance. The generated model was then evaluated against the sea
trial results for the case of the vessels in table 3.6.

Additionally, previously collected data from the di�erent vessels were used to build
speed pro�les. The three boats used for this are given in Table 3.6. The acquired
data proceed according to the methodology in Section 3.2. However, the stored
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parameters of the vessels di�ered. Only one of the three vessels, given in Table 3.6,
had collected Speed. Hence, the other was evaluated according to RPM against fuel
rate. The reason for this was to obtain the result of building models for other vessel
properties. While evaluation of di�erent properties might not yield fully transferable
result, it still had the purpose of demonstrating the function of building models for
a vessel.

The models were built by randomly sampling 8000 data points from all stored data.
Given this data, 200 data points from each bin were randomly sampled. Bayesian
optimization was applied in the last step to �nd the optimal hyperparameters. In
total, ten models were built with di�erent random samples. The actual evaluation
consisted of calculating the Mean Absolute Error (MAE), Root Mean Square Error
(RMSE) and Median Absolute Deviation (MAD) for the models in comparison to
the measured sea trial. These measurement will, from here on, be referred to as
performance indicators. Due to the fact that the sea trial only was recorded at
evenly spaced intervals, only these points were evaluated against. For simplicity, all
evaluations were performed on data points yielded by the starboard engine.

Table 3.6: The vessels used to build two-dimensional speed pro�les, evaluated
against the corresponding sea trial.

Vessel Driveline Variables
Vessel 1 Twin motor installation IPS Fuel rate and Speed
Vessel 3 Twin motor installation Straight shaft Fuel rate and RPM
Vessel 4 Twin motor installation IPS Fuel rate and RPM

The properties of powertrim and interceptors were also evaluated. Since no previous
collected data was available all data for the model had to be gathered. The vessels
utilized are given in Table 3.7. These operations consisted of driving the vessel at
various, evenly spaced speeds. During this, the properties were varied, i.e., the angle
of the interceptor or power trim. Likewise, the speed pro�le in two dimensions, the
model was then built according to the methodology stated in Section 3.2. However,
in the case of powertrim and interceptor, sea trials were available to validate the
performance. Thus, only the functionality could be demonstrated. Hence, it was
not possible to quantify the result in terms of performance, possible improvement,
or deterioration.

Table 3.7: The vessels used to build three-dimensional speed pro�les.

Vessel Driveline Variable
Vessel 2 Twin motor installation Outboard Fuel rate, speed and power trim
Vessel 5 Triple motor installation IPS Fuel rate, speed and interceptor
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4
Results

This section contains the result for the path planning and speed pro�le. The �rst
one has been tested in real conditions and evaluated to traditional voyage planning.
The second comprises generated models, where some have been validated against
steady-state measures.

4.1 Path planning

Figures 4.1a and 4.1b show the two environments in the archipelago outside of
Gothenburg. The start and end positions are marked as well. The �gures are
presented with the previously described image processing applied.

(a) Fig. Case 1 - Björkö (b) Fig. Case 2 - Grötö

Figure 4.1: The initial and end position of the test routes used for evaluation. The
dark blue and yellow colors correspond to the feasible respectively infeasible area.

The resulting planned paths by the two candidates are presented in Figures 4.2a
and 4.2b.
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(a) Fig. Björkö - with routes (b) Fig. Grötö - with routes

Figure 4.2: The routes, drawn manually, by the two candidates

For all three cases, the roadmap and PCA are presented. After each iteration
through the algorithm, the resulting paths from the system are displayed. Lastly,
the proposed path is presented with the optimal paths for the objective shortest
path, least wind resistance, and minimum waves from all routes generated through
the algorithm's run. Additionally was, a third and bit more complex environment
tested. The candidates did not draw any routes for this case.

The parameters used in the GA was the same for all runs and they are shown in
Table 4.1.

Table 4.1: Parameters used in the GA for the path planning system.

Parameter Description
Generations 400
Original population size 5000
Mutation probability 2

L
Crossover probability 0.2
Reduction 0.995
Size of sampled population 100
Number of sub populations 3

4.1.1 Case 1: Grötö

The roadmap used by the algorithm is seen in Figure 4.3a and the partition of the
initialized paths in Figure 4.3b.
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(a) Fig. Roadmap - Grötö. The
cyan dots correspond to the ver-
tices and the green lines to the
edges between the vertices.

(b) Fig. K-means partition - Grötö. Every
point corresponds to a path, and the color
of the point corresponds to the assigned
cluster.

Figure 4.3: Initialization of path planning - Grötö

Figure 4.4 show the resulting best path of each subpopulation after they each have
passed through the GA. Table 4.2 contain the resulting �tness score of each sub-
population. These are the scores used to compare the subpopulation between each
other.

(a) Fig. Subpopulation 1 (b) Fig. Subpopulation 2 (c) Fig. Subpopulation 3

Figure 4.4: Iteration 1 - Grötö

Table 4.2: Fitness score - Iteration 1 - Grötö

Subpopulation 1 Subpopulation 2 Subpopulation 3
Score: 1.12e-5 1.13e-5 1.06e-5
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Figure 4.5 show the resulting best path of each subpopulation after they each have
passed through the GA the second time. Table 4.3 contain the resulting �tness score
of each subpopulation. These are still used to compare the subpopulation between
each other.

(a) Fig. Subpopulation 1 (b) Fig. Subpopulation 2

Figure 4.5: Iteration 2 - Grötö

Table 4.3: Fitness score - Iteration 2 - Grötö

Subpopulation 1 Subpopulation 2
Score: 1.17e-5 1.08e.5

Figures 4.6a and 4.6b are the proposed path by the algorithm and the optimal paths
regarding the di�erent objectives. Further is Figure 4.6c showing an overview of the
three paths beside each other.

(a) Fig. Proposed path -
Grötö

(b) Fig. Pareto optimal -
Grötö

(c) Fig. Comparison - Grötö

Figure 4.6: Final results - Grötö
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Firstly, Table 4.4 contains the evaluated �tness score of the proposed path and the
corresponding scores of the paths drawn by the candidates given the same weather
forecast. Secondly, it also presents the resulting fuel consumption when running
real-world testing of the paths and their relative consumption.

Table 4.4: Fitness score - Proposed path - Grötö

Proposed path Candidate 1 Candidate 2
Score: 2.02e.5 1.73e-5 1.84e-5
Real consumption[Liter]: 9.36 13.06 11.99
Relative consumption: 1.00 1.39 1.28

4.1.2 Case 2: Björkö

The roadmap used by the algorithm is seen in Figure 4.7a and the partition of the
initialized paths in Figure 4.7b.

(a) Fig. Roadmap - Björkö. The
cyan dots correspond to the ver-
tices and the green lines to the
edges between the vertices.

(b) Fig. K-means partition - Björko. Ev-
ery point corresponds to a path, and the
color of the point corresponds to the as-
signed cluster.

Figure 4.7: Initialization of path planning - Björko

Figure 4.8 show the resulting best path of each subpopulation after they each have
passed through the GA. Table 4.5 contain the resulting �tness score of each sub-
population. These are the scores used to compare the subpopulation between each
other.
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(a) Fig. Subpopulation 1 (b) Fig. Subpopulation 2 (c) Fig. Subpopulation 3

Figure 4.8: Iteration 1 - Björkö

Table 4.5: Fitness score - Iteration 1 - Björkö

Subpopulation 1 Subpopulation 2 Subpopulation 3
Score: 1.26 e-5 8.56 e-6 1.47e-5

Figure 4.9 shows the resulting best path of each subpopulation after they each have
passed through the GA the second time. Table 4.6 contain the resulting �tness score
of each subpopulation. These are still used to compare the subpopulation between
each other.

(a) Fig. Subpopulation 1 (b) Fig. Subpopulation 3

Figure 4.9: Iteration 2 - Björkö

Table 4.6: Fitness score - Iteration 2 - Björkö

Subpopulation 1 Subpopulation 3
Score: 1.31e-5 1.26e-5
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Figures 4.10a and 4.10b are the proposed path by the algorithm and the optimal
paths regarding the di�erent objectives. Further is Figure 4.10c showing an overview
of the three paths beside each other.

(a) Fig. Proposed path -
Björkö

(b) Fig. Pareto optimal -
Björkö

(c) Fig. Comparison -
Björkö

Figure 4.10: Final results - Björkö

Firstly, Table 4.7 contains the evaluated �tness score of the proposed path and the
corresponding scores of the paths drawn by the candidates given the same weather
forecast. Secondly, it also presents the resulting fuel consumption when running
real-world testing of the paths and their relative consumption.

Table 4.7: Fitness score - Proposed path - Björkö

Proposed path Candidate 1 Candidate 2
Score: 2.50e-5 1.79e-5 1.93-5
Real consumption[Liter]: 19.90 27.20 23.65
Relative consumption: 1.00 1.37 1.19

4.1.3 Complex test environment

The roadmap used by the algorithm is seen in Figure 4.11a and the partition of the
initialized paths in Figure 4.11b.
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