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Abstract
For common control methods, there are often an extensive modeling and tuning
procedure needed to obtain a good control performance. This thesis investigates
a way of omitting that procedure by utilizing a machine learning based control
method. An adaptive method is presented of how to control the stabilizing actuators
of a ship with limited or no information about the ship’s dynamics, and where the
core of the adaptiveness lies in the combination of a feature vector, extracted from
an artificial neural network (ANN), and a weight vector. The main objective was to
reduce the most critical ship movement, rolling motions, using active fin stabilizers.
The proposed adaptive controller showed promising results that increased the
performance of the ordinary linear controller, while also being able to adapt when
changes in the plant were introduced. The second objective was to see if the
proposed controller was capable of controlling multiple kinds of actuators. The
results indicate that this is the case, however, some additional modifications need
to be made to achieve the same performance as in the first case when using only
fins.

Keywords: Adaptive control, Ship stabilization, Model reference adaptive control
(MRAC), Deep Model Reference Adaptive Control (DMRAC), Machine learning,
Online training
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1

Introduction

A ship subjected to waves, winds, and drifts of the ocean move according to the
force applied. This is usually not desirable since it results in a less than optimal
power consumption, seasickness among the crew or in a worst case scenario, real
damage to the cargo or ship. At sea there are six basic movements to consider,
based on the degrees of freedom, (DOF): Heaving: vertical movement, Swaying:
transverse movement, Surging: longitudinal movement, Rolling: longitudinal ro-
tation, Pitching: transverse rotation, and Yawing: vertical rotation. These basic
movements may also combine in a periodic way, which is common when the waves
hit in non right angles causing, for example, synchronized rolling and yawing which
typically occurs most of the time. In order to mitigate the movements boats have
stabilizing systems. Historically, boats have been equipped with static systems like
static fins, bilge keels or similar. In modern times dynamic solutions with controlled
stabilizers like interceptors, fins, water tanks etc. are used. However, controlling the
stabilizers in an optimal way, depending on purpose, is far from trivial due to that
ships are highly non linear models, and are exposed to disturbances, both internal
and external. Linear control laws are applicable but inefficient when dealing with
non linear plants. The efficiency can be increased by applying a nonlinear control
law instead [1]. Thus, a non linear control method is wanted to maximize the
control performance in a non linear application.

Designing a control law for a stabilization system requires a known and accu-
rate model for common controller designs. It takes time and effort to establish
such a model. Conventional controller methods also leads to an iterative tuning
procedure, which is a drawback [2]. Therefore it is of interest to design a controller
which can adapt to arbitrary ship models by itself taking into account the many
combinations of hull, propulsion and actuators.

This work covers ship dynamics modeling, control design and evaluation of the
proposed controller.

Figure 1.1: ”Container Ship” by NOAA’s National Ocean Service is licensed under CC BY 2.0.
[3]
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1. Introduction

1.1 Background and related work

This section investigate and evaluate previous papers that this work could benefit
from. Below is a literature study of a ship’s dynamic model and movements
presented. The literature study includes information about existing stabilization
systems and methods for controlling these. Furthermore, various types of adaptive
control laws, preferable involving machine learning, are discussed and evaluated to
determine if any previous findings are usable for this project.

1.1.1 Study on stabilization systems

To reduce the rolling motion of ships, they may be equipped with some kind of
stabilizing system. These are either internal or external, i.e installed in or outside
of the hull. Furthermore, existing stabilizing systems can be divided into two
subgroups, passive and active systems.

Passive systems

Passive systems have no external inputs and do not require any power source,
they work by themselves taking advantage of the laws of physics.

Bilge keel is a bar mounted at the hull below the waterline along with the
flow of water on both the port and starboard side of a ship. This system increases
the moment of inertia about the roll axis, damping the rolling motions of the ship.
It is the most popular passive stabilization system [4].

Figure 1.2: ”Bilge keel on a steel vessel” by Dj245 at en.wikipedia is licensed under CC BY-SA
3.0 [5]

Passive anti roll tank is a system that consists of a U-shaped tank filled with
liquid. The slimmer lower limb is delaying the flow of liquid between the two sides
causing a counter moment that counteracts rolling motions. The counter moment
arises when the central gravity of the liquid mass is not in line vertically with the
central gravity of the ship. The full performance of this system can though only be
retrieved at one specific frequency of roll motion [4].

2



1. Introduction

Figure 1.3: Illustration of a passive anti roll tank system

Active systems

Active systems require a power source, an external input, of some type that
makes it possible to control the regulation of these systems.

Active flaps are adjustable plates placed in the rear underneath the ship at-
tached to the hull. This system consist of a pair of plates which are possible to
control separately. This property allows for both roll and pitch stabilization [6], [7].
In [6] was a roll reduction in the range of 40-55 % achieved.

Figure 1.4: Illustration of active flaps.

Active anti roll tank systems are almost identical to the earlier mentioned passive
anti roll tank system. What makes this system different is the ability to control
the flow of liquid in the lower limb. This perk is making the stabilization efficient
at a wider frequency range of roll motions. The flow is controlled by a pump which
is moving the liquid mass, back and forth, to counter the roll more successfully. A
roll reduction of 85 % was achieved for 6 DOF in [8] with the usage of active anti
roll tanks. The mentioned ship was subjected to a sinusoidal disturbance where a
PID controller was used to control the water flow between the tanks.

3



1. Introduction

Active fin stabilizers is a system that consists of fins that are mounted on the hull
of the ship. The most common configuration consists of a pair placed in the middle
of the ship, but there exist systems where two pairs of fins are used as well. The
fins are mounted on each side of the ship (port side and starboard side), parallel
to each other, regardless of the configuration. They are placed far down on the
hull such that they always are situated in the water. The fins are ”active” which
means that their pose is controllable to a certain degree. It is possible to control
the angle of the fins and in some cases, it is possible to retract them, if they are
not needed. A change in fin angle is causing a change in the forces caused by the
fins. However, a flow rate must exist to obtain forces. A flow rate arises when fin
and water are moving relative to each other.

The fin system can be used in two ways depending upon if the ship has a forward
speed or not. When a speed is present each fin is causing two forces, a lift force and
a drag force. The lift force is of interest since it give arise to a moment about the
roll axis and can therefore be used to counter roll motions. The generated counter
moment depends on flow rate, angle of attack, fin placement, boat dimensions, fin
dimensions and water density [9]. At zero speed it is not possible to use the fin
system in the way described above, instead it is possible to damp roll motions by
moving water mass in order to create damping moments [10].

In [11], a roll reduction of 90.47 % was achieved with a PID controller. An-
other study [12] achieved a roll reduction of 88.04 % respective 97.19% for two
different ships using PID controlled active fins.

Performance comparisons between systems has also been investigated, where the
work in [13] compared the performance of an active anti roll tank system to an
active fin system on the same ship model. The outcome of their comparison was
that a higher roll reduction was achieved for the active fin system. Based on
the higher roll reduction potential, this work is therefore using active fins as the
stabilization system.

Figure 1.5: Illustration of an active fin system

An investigation of roll motion stabilization using an active fin system is done in
[11]. In this work a comparison between a linear quadratic regulator (LQR) and
a PID regulator is presented. It is mentioned in the paper that a PID has low
robustness to model uncertainties and disturbances, which is not feasible for this
work. A LQR is more robust but requires a known linear ship model to since it is
a model-based controller, which is not of interest. What can be gained from [11] is

4



1. Introduction

that the physical restrictions of the fin system have to be considered, namely the
maximum and minimum allowed angle as well as a maximum angular velocity.

It is possible to use a pair of fins [11] as well as two pairs of fins [2]. More
fins increase the amount of counter force that can be retrieved from the stabiliza-
tion system but also increases the complexity of the model. With two pairs of fins,
it is possible to stabilize roll and pitch simultaneous which is shown in [2]. An
alternative method for stabilizing vessels moving at low speed with active fins is
presented in [10]. This method uses forces that arise when a fin is pushing water
mass in the moving direction of the fin. In [10] this is refereed to as ”Additional
Mass Force”.

1.1.2 Study on adaptive control laws

Creating an adaptive control law for an unknown system requires an ongoing
adjustment procedure that initially converges towards the current state of the
system, and then onwards over time, compensates for internal and external changes
of it. There exist methods for solving these kinds of problems where the system
model is unknown. Two of them are model reference adaptive control (MRAC)
and model identification adaptive control (MIAC) [14][15]. In MRAC a reference
model is designed that refers to the ideal behaviour of the unknown system. The
error between the two is used to change the control of the unknown system. The
MIAC method distinguishes from MRAC by iteratively identifying the unknown
model. The work in this paper does not require an identification of the unknown
system, it only aims to achieve a desired system responses for given input signals.
Therefore, the MRAC method is more suitable for this work.

MRAC can handle both linear and non linear unknown plants which are exposed
to disturbances of various kinds. The modelling of the disturbances term νad can
typically be divided into three types: Structured uncertainty: when the structure
of the uncertainty feature vector is known and static, Unstructured uncertainty:
when the structure of the uncertainty feature vector is unknown and instead is
estimated, Unmodeled dynamics: when the plant model consists of dynamics that
are not measurable, observable or excluded in the reference model [14].

The uncertainty types to consider for this work is the unstructured uncertainty
and unmodeled dynamics since external disturbances are random and also because
limited knowledge of the plant is available. Therefore it is required to estimate
the feature vector. Previous works have estimated it with good results by the
use of Radial Basis Function Neural Networks (RBF) for positioning of a single
link flexible manipulator [16] and control of unmanned areal vehicle [17] or with
a Deep-Model Reference Generative Network (D-MRGeN) [18] for control of a
quadcopter.

5



1. Introduction

1.2 Purpose

This master thesis focuses on finding a novel way of controlling stabilizers on ships
by the usage of Artificial Neural Networks (ANN) where the dynamics of the ship
and actuators are assumed to be unknown. The ANN introduces non linearities in
the control which hopefully outperform conventional controllers.

The main purpose of the introduction of an ANN based control is to get rid
of the dependency on an accurate ship model. The idea is to let an ANN identify
the ship dynamics in an initialization phase by interacting with the ship and use
recorded data to perform backward propagation through the ANN. This introduces
generality in the control and makes the control applicable to a wide range of ship
configurations with different dynamics and parameters.

Another purpose of introducing an ANN control is to continuously update the
ANN based on changes in the setting. The properties of ANNs allow for continuous
adjustments, in this case, stabilization corrections based on change of conditions
over time in both environment and ship. New conditions can result from wear,
changes in the distribution of payload as well as driver behaviour.

1.2.1 Goals

• Develop an adaptive ship stabilizing controller that utilizes machine learning
in combination with online learning to improve the present performance of a
roughly estimated non-adaptive control configuration.

• Investigate if the proposed controller can handle dual control by including an
additional stabilizing actuator.

6



1. Introduction

1.2.2 Limitations

Some simplifications and limitations are made in this work. The external distur-
bance affecting the ship’s dynamics for every basic movement at each time step is
considered as a summation of all current disturbances. The ship is always heading
straight, no turning motion is considered. It is also assumed that all state mea-
surements of the ship are available and that there is no noise in the measurement
model. The simulation environment utilized in this work assume the ship as a rigid
body. The model does not involve all 6 DOF of a ship. It only covers 4 DOF where
heave and pitch motions are excluded. Heave and pitch motions are usually small
and neglectable since the large weight combined with the large transverse moment
of inertia of ships allows them to cut through the majority of waves. In the rare
case, if large heave and pitch motions arises when ships are exposed to rough seas,
it is difficult to do anything about it, partly because it desires huge forces to affect
heave and pitch motions because of the heaviness of ships. Neither do heave and
pitch motions have a relation of significance to the rest of the basic movements.
Thus, we have chosen not to include them in the simulation environment.

When mentioning the stability of a ship it is not directly referring to one specific
basic movement, but when it comes to ship safety is longitudinal rotation (roll)
the most critical movement [19]. Vertical rotation (yaw) is basically the heading of
ships and is not critical for ship stability. Therefore it is reasonable to limit this
work to mainly focus on reducing the ship rolling.

7
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2

Theory

This chapter is covering basic theory related to the extent of this work. The chapter
gives an introduction to ship modeling techniques, control laws and artificial neural
networks (ANN).

2.1 Modeling of ship dynamics

For simulation purposes, a mathematical motion model of a ship is required. To
model a ship there is a need for two reference frames, a ship-fixed frame and an
Earth-fixed frame [20]. The two frames’ relation to each other can be seen in Fig.
2.1, where X0-Y0-Z0 is the Earth fixed frame and X-Y -Z is the body fixed frame.

Figure 2.1: Illustration of earth fixed frame X0-Y0-Z0 and ship fixed frame X-Y -Z

2.1.1 Motion equations

A ship has 6 degrees of freedom (DOF), three translational and three rotational
components [20]. Motions in the X, Y and Z directions are often called surge (u),
sway (v) and heave (w) and rotations about the same axes are referred to as roll
(p), pitch (q) and yaw (r). From these components, it is possible to construct
equations for the non linear ship dynamics based on Newton’s second law [21].

m(u̇+ qw − rv) =Xtot

m(v̇ + ru− pw) =Ytot
m(ẇ + pv − qu) =Ztot

Ixṗ+ (Iz − Iy)qr =Ktot

Iy q̇ + (Ix − Iz)rp =Mtot

Iz ṙ + (Iy − Ix)pq =Ntot

(2.1)

9



2. Theory

m is the mass of the ship. Ix, Iy and Iz are moments of inertia around the
corresponding X, Y and Z axis. Xtot, Ytot and Ztot are the total forces present in
each axis direction of the ship. Ktot, Mtot and Ntot are the total torque present
around each axis of the ship.

2.1.2 Transformation between body and Earth frame

The orientation of the ship with respect to the Earth fixed frame can be described
with the Euler angels: ϕ, θ and ψ [22]. ϕ, θ and ψ are angles about the Earth
frame axes X0, Y0 and Z0. Based on these it is possible to construct a velocity
conversion from ship frame to Earth frame, see eq. 2.2. Due to limited space,
sin(ψ) = sψ, cos(ϕ) = cϕ, etc..ẋ0ẏ0

ż0

 =

cψcθ −sψcϕ+ cψsθsϕ sψsϕ+ cψcϕsθ
sψcθ cψcϕ+ sϕsθsψ −cψsϕ+ sθsψsϕ
−sθ cθsϕ cθcϕ

uv
w

 (2.2)

2.2 System control

Designing a good control law is crucial for the overall performance of the system.
There exist several different types and the most common when dealing with the
actuators of a ship is presented in this section.

2.2.1 PID control

A common control strategy that is currently used by most active stabilizing systems
is the usage of a PID controller [23]. A PID uses a feedback loop that returns the
error, e(t), between the desired state, r(t), and the measured current state, y(t).
The error is used throughout the next iterations to adjust the control signal with
the target of decreasing the error. Three parameters, Kp, Ki and Kd have to be
set manually when designing a PID, they correspond to a proportional, an integral
and a derivative gain. The parameters are often tuned in the initialization process
of the system and are adjusted to the response of a constant system configuration.
The control law, u(t), of a PID controller is given as:

u(t) = Kpe(t) +Ki

∫ t

0

e(τ)dτ +Kd
d

dt
e(t)

e(t) = r(t)− y(t)
(2.3)

The problem with using a PID when controlling the stabilizing actuators of a ship
is that in order to do that, a lot of knowledge of the ship dynamics is required. This
is of course possible but takes a lot of time. Furthermore, if the ship changes over
time the performance of the PID-controller changes as well and could potentially
deteriorate until the point where it becomes unstable.

10



2. Theory

Figure 2.2: Block scheme of a PID-controller

2.2.2 Adaptive control

When designing a controller for an arbitrary system, the system dynamics are often
assumed to be perfectly known. However, in real life applications, this is often
not the case where parameter uncertainty, changes in the plant, non-linearities
in the system or unmodeled behaviour leads to uncertainties in the model which
in turn can lead to unwanted behaviour of the controlled system [14]. The goal
of an adaptive control approach is to estimate these uncertainties and eliminate
any unwanted behaviour such that the real system behaves as the modeled system
even though the modeled system is imperfectly modeled. Complex systems could
benefit from using an adaptive control by reducing the modeling time significantly
and allowing the system to change over time without having to retune the controller.

There are generally two classes of adaptive control, direct adaptive control and
indirect adaptive control. In direct adaptive control, the controller parameters
are changed directly in advance of determining the process characteristics and
disturbances. In indirect adaptive control, the plant model and disturbances are
estimated instead. The control law is then updated based on this estimation. There
exists some architectures that combine the two types which are referred to as
combined, composite or hybrid direct-indirect adaptive control [23]. See Fig. 2.3
for an illustration of the differences between direct and indirect adaptive control.

(a) Direct adaptive control (b) Indirect adaptive control

Figure 2.3: Example block schemes of direct and indirect adaptive control

11



2. Theory

2.2.3 Model reference adaptive control

One of the main approaches to direct adaptive control is the MRAC approach [14].
Because of the unknown non-linear behaviour of the plant that is to be controlled,
MRAC aims to design a controller that enforces the plant to follow the desired
and known behaviour of a reference model. This is done by designing a controller
that consists of two parts, one linear and one adaptive. The linear part is designed
based on the dynamics of the reference model. If the reference model and the
unknown plant were equal the adaptive part would be zero because the two system’s
behaviour would be the same. However, this is often not the case which leads to
that an adaptive part needs to be introduced.

The adaptive part of the controller aims to eliminate any uncertainties that develop
due to difference in dynamics between the reference model and the plant model. Tra-
ditionally, this is done by defining the model uncertainty as ∆(x) = W ∗⊤ϕ(x) where
ϕ is a known or unknown feature vector and W ∗ is the ideal feature weight vector.
The adaptive part of the controller, νad, can then be defined as νad = W⊤ϕ(x)
where W is an estimation of the ideal feature weight vector W ∗. A feature vector
normally contains combinations of the system states. If ϕ(x) is known the un-
certainty is called structured uncertainty. For the structured uncertainty case, a
feature vector could for example look like the one in eq. 2.4.

ϕ(x) =
[
x1 x1x2 x23 |x4|

]
(2.4)

The case when ϕ(x) is unknown is called un-structured uncertainty and is much
trickier than the structured uncertainty case because the feature vector has to be
estimated as well. The easiest way to do this is to approximate ϕ(x) as the system
states x itself, i.e. ϕ(x) ≈

[
x1 x2 ... xn

]
. When the feature vector is established,

the feature weight vector W is updated online using the MRAC-update rule. The
idea is to move the feature weight vector in the direction of the error e which is
the difference between the reference and plant states. The MRAC update rule is
formulated as:

Ẇ = −Γϕ(x)e(t)TPBrm (2.5)

Where Γ is a gain vector, Brm comes from the input dynamics of the reference
model and P is the solution to the Lyapunov equation AT

rmP + PArm +Q = 0, Q,
P > 0 where Q is a state-error penalty weighting matrix. The Lyapunov equation
originates from stability theory regarding control applications.

2.3 Artificial neural networks

Artificial neural networks can be described as a series of functions combined to
approximate an unknown function based on input and output data, see Fig. 2.4
for an example. An ANN consists of an arbitrary number of layers where each
layer consists of an arbitrary number of nodes. The more layers and number of
nodes in each layer the more complex the network becomes. Each node represents
a linear combination between the inputs x and a bias b. The node’s output y can
mathematically be described as y = Hx+b, where H is a weight vector representing
the combination of the inputs. The output node is fed forward as input to the next
layer’s nodes input either directly or through an activation function.

12
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Function approximation is used to estimate an unknown function based on ei-
ther stored or observed input/output data. An ANN has a universality property
that makes it able to approximate any kind of unknown function regardless of the
number of inputs and outputs (The Universal Approximation Theorem) [24].

Figure 2.4: Example of a feed forward network consisting of three inputs, two hidden layers and
one output.

2.3.1 Activation functions

The activation function takes a node’s output as input and remaps it according
to the specific choice of the activation function. The reason to use an activation
function between the layers is to introduce non linearities in the network. Without
an activation function, there is no point in having more than one hidden layer since
adding additional hidden layers would still yield a linear network and could thus
be merged into a single hidden layer. Examples of common choices of activation
function are the sigmoid, tanh and rectified linear unit (ReLU) function [25]. The
sigmoid activation function takes any real valued input from (−∞,∞) and remaps
it to the range of [0, 1]. Mathematically the sigmoid function can be represented
as:

f(x) =
1

1 + e−x
(2.6)

The tanh activation function is very similar to the sigmoid activation function
but instead of having an output in the range of [0, 1], the range is in [−1, 1].
Mathematically it can be represented as:

f(x) =
ex − e−x

ex + e−x
(2.7)

The ReLU activation function sets all negative inputs to zero and forwards all the
positive ones linearly which result in an output in the range [0,∞). Mathematically
it can be described as:

f(x) = max(0, x) (2.8)
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Figure 2.5: Plot comparing the output of the sigmoid, tanh and ReLU activation function.

2.3.2 Loss functions

In machine learning, the loss function evaluates how well the ANN is performing in
a way that can be described mathematically. If the prediction made by the ANN is
off from the truth the loss function’s output value is high and if the predictions are
close to the truth the loss function’s output value is low. There exists numerous
different loss functions but depending on the ANN’s objective some functions are
more suited than the other. For regression tasks the most common choice of loss
function is the mean squared error (MSE), or the mean absolute error, (MAE) [25].
The MSE is calculated by taking the mean of the squared difference between the
correct value, Yi, and the ANN’s predicted value, Ŷi while the MAE is calculated by
taking the mean of the absolute value of the difference instead. The main difference
between the two loss functions is that predictions that are far from the observations
are penalized heavier by the MSE than the MAE because of the squared error. The
two loss functions are mathematically described in eq. 2.9.

MSE =
1

n

n∑
i=1

(Yi − Ŷi)2, MAE =
1

n

n∑
i=1

|Yi − Ŷi| (2.9)

2.3.3 Optimizer

The next step is trying to minimize the loss for future iterations. This is done
with an optimizer and it is the optimizer’s job to modify the net weights and
biases of the network such that the loss decreases. A lower loss leads to a better
performing ANN and in machine learning terms this is what makes the ANN
learnable. Numerous optimizers have come and gone over the years each having its
pros and cons. There exist no consensus on which optimizer is the best but one of
the more common choices is the Adaptive Moment Estimation (ADAM) optimizer
which is a combination of the predecessor’s root mean square propagation and
adaptive gradient algorithm [26]. The main idea with ADAM is to update the
network parameters, θ, by taking a step in the opposite direction of the calculated
exponential moving average of the gradient g and squared gradient g2, where the
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gradient g is the gradient of the loss with respect to θ. Mathematically the ADAM
parameter update is defined as:

θk = θk−1 − µ
m̂k√
v̂k + ϵ

m̂k =
mk

1− βk
1

v̂k =
vk

1− βk
2

mk = β1mt−1 + (1− β1)gk
vk = β2vk−1 + (1− β2)g2k

(2.10)

The hyper parameters β1, β2 and ϵ have great default values which in most cases
do not need to be deviated from. More specifically the default values are 0.9, 0.999
and 10−8 respectively [26]. The step-size parameter µ on the other hand needs to
be tuned depending on the use case.

2.3.4 Normalization

Inputs x to an ANN often consist of different features with various units. The
range of each input can vary a lot, feature a could be in the range 0-100 while
feature b is in the range 0-10000. This causes an imbalance where values of b
influence the output y more due its higher values while they are equally important
in the evaluation of y. To avoid possible range differences in x it is possible to
normalize each element in x such that they are all in the same range (usual range
0-1). Network performance is increased when normalizing input data x [27].

2.3.5 Regularization

Regularization is used in machine learning to affect the update of a learning
algorithm to avoid overfitting, making prediction less exact and more general.
Regularization can be included in the loss function in order to penalize large net
weights.
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Method

This section describes the methods used to simulate and investigate the performance
of the proposed adaptive ship stabilizing controller. In the first part the simulation
environment is described, i.e. how the ship, fin and disturbance dynamics are
implemented. In the second part, the proposed control method is introduced. The
last part describes how the controller performance was determined and measured.

3.1 Simulation environment

The proposed method is built upon the idea that a ship model does not exist or
that only limited knowledge about the ship’s dynamics is available. But, it assumes
access to a physical ship with an active stabilization system installed, which is
not available for this work. The physical model is instead replaced with a virtual
model and evaluated in a simulation environment. This means that a mathematical
ship model has to be formulated, preferably as close to a real ship as possible with
high complexity and nonlinearities. Several detailed and complex ship models are
available in the Marine Systems Simulator (MSS) Matlab and Simulink library
[22]. The model of the naval vessel in MSS was choosen as ship model. It takes
the current states and external forces as input and returns the state derivative.
The chosen ship has a length of 51.5 meters between its perpendiculars (length), a
beam overall (width) of 8.6 meters and weighs 362 000 kg.

Figure 3.1: A naval vessel [22]

The naval vessel model originates from a model that was formulated by A. G.
Jensen and M. S. Chislett during the 80s and has since then been modified a few
times. It was adapted for Matlab in 1996 by Mogens Blanke and Antiono Tiano.
The last modification was done in purpose of matching the data of the vessel design
of ADI-Limited Australia [22].
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3.1.1 Ship dynamics

The vessel model consist of the 4 DOF: Surge, Sway, Roll and Yaw. Which means
that the model neglects heave and pitch motions by excluding the equations for
Ytot and Mtot as well as q and ω̇ from the 6 DOF formulation in eq. 2.1. The vessel
model takes two inputs, an external force vector τ(t) and a state vector z(t), and
returns the state derivative vector ż(t). In the model many parameters are set,
such as vessel dimensions, mass, moments of inertia, displacement, center of gravity,
center of buoyancy, metacentric height and a lot of hydrodynamic coefficients. The
dynamics of the naval vessel are highly non linear. The naval vessel state vector
z(t) contains the states

z(t) =


vx(t)
vy(t)

Φ̇(t)

Ψ̇(t)
Φ(t)
Ψ(t)

 =


surge velocity (m/s)
sway velocity (m/s)
roll velocity (rad/s)
yaw velocity (rad/s)
roll angle (rad)
yaw angle (rad)

 , τ(t) =


Xe(t)
Ye(t)
Ke(t)
Ne(t)

 (3.1)

and τ consist of the external forces and moments affecting the vessel, see eq 3.1 for
definition. As mentioned earlier, the ship moves at a constant speed. In order to
achieve this in the MSS Naval Vessel script a constant thrust is introduced. More
specifically it is added to the term Xe in the external force vector τ . Once the
state vector z(t) and the external force vector τ(t) are established, the dynamics of
the naval ship can be simulated according to eq. 3.2 where f is the MSS Naval
Vessel script.

ż(t) = f(z(t), τ(t)) (3.2)

For simulation purposes the time is discrete and because of this the state vector
z(t) is updated using the Euler method described as:

zk+1 = zk +∆tżk (3.3)

where ∆t = 0.05s is the sample rate.

3.1.2 Fin and rudder dynamics

The MSS Naval vessel script does not have either a fin or rudder system imple-
mented. Thus, their dynamics and dimensions had to be formulated and integrated
into the existing motion dynamics in eq. 3.2.

The fin stabilizers and the rudder are controllable actuators, meaning that they can,
given input signals and a power source, move to desired positions. They have the
physical characteristics of a hydrofoil, which is a solid object shaped in a manner
such that two forces arise when water is streaming uniformly around it. The two
forces are a lift force Flift and a drag force Fdrag. The lift force is perpendicular to
the water flow while the drag force is parallel to the water flow, see Fig. 3.2 for
clarification.
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Figure 3.2: Illustration of the forces acted on a hydrofoil

The ship has three hydrofoils installed, with similar shape. Their installation
positions differ, which results in different hydrodynamic properties for each. Two
of the three are placed parallel on each side of the bilge of the ship, beneath the
waterline. These are the so-called fin stabilizers. The last one is placed under
the stern, behind the propeller. It is referred to as the rudder. A rudder is a
vertically rotated fin that is mounted behind the ship’s propeller. A rudder has simi-
lar characteristics to a fin which can be determined from the rudder equations in [28].

One important aspect to consider, regarding the fin stabilizers, is that they only
work as intended when the ship is moving forwards through water. The rudder on
the other hand can contribute even if the ship is not moving due to its placement
behind the propeller. The propeller can create a water flow at the rudder of a
resting ship, making it possible to control the rear of the ship sideways even at low
speeds. But at a constant high speed, the propeller’s impact on the water flow is
small and therefore its effect on the rudder is neglected [28]. It is further assumed
that the water flow at each hydrofoil is always homogeneous and still such that the
relative velocity between fin and water is equal to the velocity of the ship.

The control of the fin stabilizers are coupled, meaning that they receive the same
control signal. The fins rotate an equal amount but in opposite directions around
their axes. They would otherwise cancel out the created stabilization moment. The
rudder is not connected to the fin system and receives its own control signal. Thus,
the controller output either one control signal or two control signals depending on
if there is only fin control or fin and rudder control. From now on these two types
of control signals will be referred to as single control and dual control.

The generated forces extracted from a hydrofoil depend on several parameters, but
the most important, and controllable, is the so-called angle of attack α. It is the
angle difference between the angle of the water flow and the hydrofoil’s angle where
the latter can be controlled. An illustration of this can be seen in Fig. 3.2. The wa-
ter flow is assumed to always be parallel to the ship’s forward motion, which implies
that a static angle of water flow is assumed. The drag force is present parallel to
the hull and in the opposite direction of the moving direction regardless of the selec-
tion of α. A fin with α = 0 generate a drag force, while the lift force is equal to zero.
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The equations for calculating Flift and Fdrag is adopted from [22]. Two important
coefficients when determining Flift and Fdrag are the hydrodynamic lift CL and
drag CD coefficients. They have to be determined before being able to calculate
Flift and Fdrag. Other parameters present in the coefficients equations are Oswald
efficiency number e, wing aspect ratio AR, wing area S, wingspan b, parasitic drag
CD0, and blending parameter γ. The equations below describe CL and CD in
relation to α. The hydrodynamic coefficients for the rudder are gained by replacing
α with β in eq. 3.4.

AR =
b2

S

CLα =
πAR

1 +
√

1 + (AR
2
)2

CLlinear = αCLα

CD = CD0 +
CL2

linear

πeAR
CL = (1− γ)CLlinear + 2sign(α)sin(α)2cos(α)

(3.4)

CL and CD depend on the dimension of the hydrofoil. The dimensions of the two
stabilizing fins are identical which means that their lift and drag coefficients are
equal. The rudder has not the same dimension as the fins which results in different
lift and drag characteristics i.e. different coefficients.

When CL and CD are available it is possible to formulate the equations for
Fdrag and Flift as:

Fdrag =
1

2
ρU2

rSCD

Flift =
1

2
ρU2

rSCL
(3.5)

Where ρ is the water density and Ur is the relative velocity between hydrofoil and
water. The equations in eq. 3.5 holds for all hydrofoils.

Fdrag and Flift for every hydrofoil affects the motion dynamics components of
the ship’s total force components Xtot, Ytot och Ztot. This work assume for sim-
plicity that the fins are parallel to the Y axis and that the rudder is parallel to
the Z axis of the ship. Fdrag and Flift, for every hydrofoil, have to be transformed
into the body force components of the ship. The transformations to the body force
components can be seen in eq. 3.6.

Xfin = cosα(−Fdrag)− sinα(−Flift)

Zfin = sinα(−Fdrag)− cosα(−Flift)

Xrudder = cos β(−Fdrag)− sin β(−Flift)

Yrudder = sin β(−Fdrag)− cos β(−Flift)

(3.6)

The direction of the force components Xfin, Zfin, Xrudder and Yrudder is not through
the center of gravity (COG), which means that these forces cause torque. The lever
arm for the fin forces is lf . Since the fins always have the same angle of attack and
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are placed symmetrical, their generated moments are double about the X axis and
canceled about the Z axis. Lever arms for the rudder forces are lr1 and lr2.

Kfin = 2Zfinlf (3.7)

Nfin = Xfinlf −Xfinlf (3.8)

Krudder = Yrudderlr1 (3.9)

Nrudder = Yrudderlr2 (3.10)

Mfin caused by Zfin and Mrudder caused by Xrudder are both neglected since the
Naval vessel model do not include moments about the Y axis.

(a) (b)

Figure 3.3: Illustration of the placement of foils and their resulting forces.

The dimensions of the hydrofoils were selected in relation to the size of the naval
vessel. More specifically, the exact dimensions of the fin and rudder are adopted
from a NACA0015 foil and can be seen in Tab. 3.1 [29].

Table 3.1: Hydrofoil dimensions

Fins Rudder
b (m) 1 1.5
S (m2) 2.25 3

e 0.7 0.7
CD0 0.15 0.15
γ 0.5 0.5

3.1.3 Modeling of wave and wind disturbances

In order to test the performance and stability of the control algorithm, some kind
of disturbance that resembles wave and wind disturbances has to be introduced
to the plant. Without any kind of disturbances the plant’s states would converge
towards zero since the ship is a stable system and the results would therefore be
uninteresting. In a physical environment these kind of disturbances would occur
naturally but in the simulation environment they do not. Thus they need to be
modeled and implemented in the plant dynamics.

To model and calculate the external forces on the ship hull that are generated
by sea waves and winds are computationally very expensive. Instead, the typical
control engineering approach to emulate wave and wind behaviour is to superimpose
the plant’s velocities with a white Gaussian noise that is propagated through a

21



3. Method

second-order transfer function [30]. More specifically this was done according to eq.
3.11 on both the roll and yaw axis where xd is the disturbance state, ω0 is the peak
frequency of the disturbance, λd is a damping term and Kd is an amplitude gain.

ẋd =

[
0 1
−ω2

0 −2λdω0

]
xd +

[
0
Kd

]
d, where d ∼ N (0, 1)

ηd =
[
0 1

]
xd

(3.11)

After ηd is calculated it is added to row 3 and 4 in eq. 3.3.

When the sea condition is in heavy swell and the average wavelength is 100-
200 m, the wave time period Tw is in the range of 8 to 11 seconds [31]. If the
shortest wave period Tw = 8 seconds is assumed this results in a peak frequency of
ω0 =

2π
Tw

= π
4
. Furthermore, to make the external disturbance challenging but still

reasonable for the stabilization system to handle, the selection of Kd and λd was
tested iteratively. This resulted in the specific parameter settings where, unless
stated otherwise, ω0 =

π
4
, λd = 0.1 and Kd = 2.4 for both the roll-rate and yaw-rate

disturbance. See Fig. 3.4 for a plot of the typical resulting disturbance and the
corresponding response of the naval vessel when not controlled.
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Figure 3.4: Plot of the typical generated disturbance and the corresponding response of the ship.
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3.2 The proposed control algorithm

This section describe the proposed modified DMRAC control algorithm which is
based on the original introduced by [18]. The aim of the control algorithm is to
enforce the unknown plant model to track a given reference model. The two models
are defined as:

ẋ(t) = f(x(t), u(t)) (3.12)

ẋrm(t) = Armxrm(t) +Brmr(t) (3.13)

Where x(t) is the state vector of the unknown ship, u(t) is the control input vector
to the unknown ship, xrm(t) is the state vector of the reference model, Arm is the
system matrix of the reference model, Brm is the control matrix of the reference
model and r(t) is the reference signal which in a stabilizing case, is always set to
zero. Furthermore, to also model uncertainties eq. 3.12 can be re-written in form
of nominal dynamics as:

ẋ = Ax(t) +B(u(t) + ∆(x)) (3.14)

Where ∆(x) ≜ f(x(t), u(t))− Ax(t) is the uncertainty of the model. The control
law u(t) was then designed on the form:

u(t) = upd(x(t), r(t))− νad(x(t)) (3.15)

Where upd is a linear PD controller and νad is a non linear adaptive controller. The
task for the adaptive part of u(t) is to eliminate any unwanted behavior of the
plant that the linear control part or external disturbances might introduce, while
also capturing the unmodeled nonlinearities the plant possesses. The adaptive part
is decided by an ANN as:

νad = W⊤ϕ(x(t)) (3.16)

Where W is the feature weight vector and the feature vector ϕ(x(t)) is an interme-
diate output of the ANNs last hidden layer. The feature weight vector originates
from the MRAC rule update, the principles of it, are described in section 3.2.5.

An overview of the scheme of the control algorithm is shown in Fig. 3.5. In
the following sections the details of respective block are presented.

Figure 3.5: Scheme
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3.2.1 Reference Model

The reference model specifies the desired response of the unknown system to a
command input and is used to enforce the unknown model to track the reference
model by minimizing the error e(t) = x(t)− xrm(t). For the system to be general
and able to handle arbitrary ships the reference model is kept simple, leaving out
nonlinearities as well as information about ship dimensions, weight, stabilization
system and such. Since the task of the control system is to stabilize the ship around
the roll axis or roll and yaw-axis i.e the reference is always zero, a naive choice of
reference model could thus be to set all the states to zero since that would represent
the perfect behaviour. However, since the reference model is also used to calculate
the linear control part of the control law, that does not yield any useful information
about the desired dynamics between the states. Instead, the reference model is
formulated as a second-order LTI system and is described by the state-space system
in eq. 3.17. The specific reference model used when only stabilizing the roll-axis
and the reference model used when stabilizing both roll and yaw-axis are presented
in state-space form in eq. 3.18 and eq. 3.19.

ẍrm(t) + 2ζrmωrmẋrm(t) + ω2
rmxrm(t) = ω2

rmr(t)

Ẋrm(t) = ArmXrm(t) +Brmr(t), Xrm =
[
xrm ẋrm

]⊤ (3.17)

Arm =

[
0 1

−2ζrmωrm −ω2
rm

]
, Brm =

[
0
ω2
rm

]
, xrm(t) =

[
Φrm(t)

Φ̇rm(t)

]
(3.18)

Arm =


0 1 0 0

−2ζrmωrm −ω2
rm 0 0

0 0 0 1
0 0 −2ζrmωrm −ω2

rm

, Brm =


0 0
ω2
rm 0
0 0
0 ω2

rm

 ,

xrm(t) =


Φrm(t)

Φ̇rm(t)
Ψrm(t)

Ψ̇rm(t)


(3.19)

3.2.2 Unknown plant model

The main idea is, as mentioned earlier, to control the unknown ship model. Un-
known, in this case, refer to the naval ship including fin and rudder system and
disturbances. Therefore, an extension was made to the simulation environment
that applied the fins and rudder dynamics to the naval ship. It was done by imple-
menting the equations presented in section 3.1.2 in the simulation environment.
This led to that the vessel state update function in eq. 3.2 was extended to also
take the control signal u(t) as input, see eq. 3.20. Where u(t) is the desired fin
angle α, or fin angle α and rudder angle β, see eq. 3.21 for clarification.

ż = f(z(t), τ(t), u(t)) (3.20)

u(t) =
[
α(t)

]
or u(t) =

[
α(t)
β(t)

]
(3.21)
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In reality, there are physical limitations to the fin and rudder systems. It is
not possible to rotate the hydrofoils 360 degrees, nor have a too large relative
change of pose between two sample steps. Therefore constraints regarding this
were implemented where an absolute allowed angle span and a maximum allowed
angle rate were specified.

|α| ≤ αmax |β| ≤ βmax

|α̇| ≤ α̇max |β̇| ≤ β̇max

(3.22)

More specifically the hydrofoils were limited to a maximum angle of ±30◦ and a
maximum angle rate of ±30◦/s [32].

A part of the states in z is passed over to x because z is containing unneces-
sary states for the control law. More specifically, the values of vx and vy are not
of interest because these are not included in the reference model. x is formatted
depending on the control signal u’s dimension, i.e. if there is only roll control, or
roll and yaw control.

x(t) =

[
Φ(t)

Φ̇(t)

]
or x(t) =


Φ(t)

Φ̇(t)
Ψ(t)

Ψ̇(t)

 (3.23)

3.2.3 Controller

The control signal u(t) of the unknown ship consists of two main components, a
linear part upd(x(t), r(t)) and a non-linear part νad(x(t)). As mentioned earlier, the
task of the adaptive control signal νad(x(t)) is to eliminate the model uncertainty
∆(x(t)). The plant model is unknown which implies that the true uncertainty
∆(x(t)) is as well [18]. Because of this, it is instead estimated. The estimation is
done by defining the adaptive part νad(x(t)) from eq. 3.16 as the estimated model

uncertainty ∆̂(x(t)), i.e. ∆̂(x(t)) ≜ νad(x(t)). The estimated uncertainty ∆̂(x(t))
is ideally equal to the true uncertainty ∆(x(t)).

The linear part of the control signal, upd(x(t), r(t)) can be divided into two sub-
parts, a feedforward component kffr(t) and a feedback component kfbx(t). In this
work, the feedforward component is neglected since the reference r(t) = 0 during
the whole simulation. This resulted in the final control law that can be seen in eq.
3.24.

u(t) = upd(x(t), r(t))− νad(x(t)) = kfbx(t)− νad(x(t)) (3.24)

where kfb is a tuneable gain matrix.

3.2.4 ANN update

The ANN is used for the establishment of the feature vector ϕ(x) and prediction of
the estimated model uncertainty ν̂ad(x). The ANN consists of an input layer with
the same dimension as the state vector x(t), three hidden layers and an output layer
with the same dimension as the control signal u(t). Thus, five layers in total. The
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input data to the network is the state vector x(t), and the output is the predicted
uncertainty ν̂ad. The three hidden layers have 128, 256 and 64 neurons respectively.
All layers are fully connected. The ANN parameters θ is updated partly based on
the network loss Lnet gained from feeding collected data from a mini-batch MB
with MBsize number of previous x - νad(x) pairs through the net where the output
ν̂ad(x) is the net’s prediction of the estimated uncertainty νad(x). The total Lnet

loss is the MSE over the whole MB.

Lnet =
1

MBsize

MBsize∑
i=1

(νadi − ν̂adi )2 (3.25)

Lnet is combined with a regularization term to form the total loss L. Regularization
is applied to avoid the possibility of overfitting the data. A common regularization
method is L2 regularization [33]. L2 regularization is used to penalize large net
weights and forces them into the neighbourhood of 0. The L2 regularization formula
is

LL2 = σ
N∑
i=1

ω2
i (3.26)

where N is the total number of net weights in the ANN, ωi is the value of weight
number i and σ (> 0) is a tuning parameter which is deciding the influence of
the regularization term. The regularization is completed by adding LL2 and Lnet

together to form L
L = Lnet + LL2 (3.27)

When the total loss L has been calculated it is then used in the ADAM optimizer
to update the net weights θ using eq. 2.10.

To increase network performance, the input x(t) is normalized. Furthermore,
as activation function for the three hidden layers, tanh is used. In eq. 3.28-3.31 the
mathematical description of the whole network architecture can be seen where θn
is the vector containing the net weights of the n’th ANN layer and bn is the bias
term of layer n.

h1(x) = tanh(θ1norm(x) + b1) (3.28)

h2(x) = tanh(θ2h1(x) + b2) (3.29)

ϕ(x) = tanh(θ3h2(x) + b3) (3.30)

ν̂ad(x) = θ4ϕ(x) + b4 (3.31)

The feature vector ϕ(x) is the output of the third hidden layer of the ANN, see eq.
3.30, when feeding forward the state vector x. ϕ(x) is calculated every iteration.
To decrease the computation time of the control algorithm and prevent overfitting,
the net parameters θ were not updated every iteration. Instead, Nbatches number
of MBs, containing MBsize samples each, was sampled and trained on every Nθ

sample.

3.2.5 Feature weight vector update

The feature weight vector W , which is not to be confused with the network weights
θ, was updated at each iteration with the use of the MRAC rule described in eq.
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2.5. At the beginning of each simulation, it was initialized as a zero vector.

If the control input, uk, differs too much from the previous input, uk−1, the
velocity and amplitude constraint on the fin’s angle of attack are compromised,
i.e the controller’s output is physically not possible to achieve. If this occurs the
control signal is clipped due to not being a valid control signal. A side effect of
this is that there is now a risk that the feature weight vector starts to diverge
due to the nature of the DMRAC system. If the feature weight vector diverges
the performance of the controller deteriorates dramatically and the ship becomes
unstable. Ideally, a constraint on the feature weight vector update should be
introduced. This is not possible since the equation system describing the feature
weight update constraints is underdetermined. Instead, an extra check was added
that checked if any constraints were broken by the new input. If that was the case,
the feature weight vector update got cancelled and the sample was not added to
the replay buffer for that time index.

However, despite the previous counter-measure, the feature weight vector was
still able to diverge if the initialization of the controller was unlucky. This was
because during the initialization the error between the plant and reference model is
very small. This led to that the feature weight vector could potentially become very
large while the adaptive control part remained small. When the error increased
the adaptive control part got too large and triggered the no update rule mentioned
earlier. Since the feature weight vector was too large already led to that as long as
the error did not converge the feature weight vector never got updated leading to
very poor performance of the controller.

To remedy this an MRAC-gain schedule was implemented. Where the MRAC-gain,
Γ, was set very low for the first 10 seconds of the simulation to later be set to
the normal gain. The reasoning behind this was to ensure that the feature weight
vector and feature vector were properly initialized before enabling the algorithm to
make drastic changes that potentially could lead to a feature weight vector that
never gets updated. This proved to remove the randomness of success during the
initialization and lead to a much more robust adaptive part of the controller.

3.2.6 Replay buffer

The purpose of a replay buffer is to store data, on which the ANN could train.
Since the learning is online, data points were collected and stored at each time
index. Since the execution of the algorithm could go on for an arbitrarily long
time it is not possible to store all of them, hence a maximum of RBsize samples
are stored in the buffer.

Even if it was possible to store all of the previous samples it would not be desirable
to do so. This was because if the ship changes over time the old samples would no
longer reflect the new behaviour and could potentially if sampled, lead to a worse
performing network. Hence, a first in, first out rule was implemented when the
buffer is filled.

The data samples that were stored at each times index were the tuple of the
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current state of the plant x(t) and the estimated uncertainty ˆ∆(x(t)) which was
earlier said to be equal to νad. When the replay-buffer was implemented it enabled
the algorithm to sample mini-batches (MBs) of data which the slower feature
learning could train on. The MBs were sampled uniformly from the replay buffer
(RB).

RB =


[x1, ν

ad
1 ]

[x2, ν
ad
2 ]

.

.
[xM , ν

ad
M ]

 (3.32)

3.2.7 Algorithm

Simulations of the controlled plant were done according to the algorithm shown in
Alg. 1.

Algorithm 1 main loop

Input: Γ, µ, x0, τ0, αmax, α̇max, βmax, β̇max, RBsize, MBsize, Nbatches, Nθ

Initialize environment with state x← x0 and external force vector τ ← τ0
Initialize reference model with state xrm ← x0

Initialize controller network with net weights θ and basis layer ϕ
Initialize MRAC feature weight vector W
Initialize empty replay buffer RB
Create disturbance vector η according to eq. 3.11
while True do

compute ϕ(x) according to eq. 3.30
update W according to eq. 2.5
compute new control u according to eq. 3.24
apply control u, τ and disturbance ν to environment
observe new state of the plant
if u broke the constraints in eq. 3.22 then
revert W to previous value

end if
if update ANN then

for Batches do
sample batch from RB
update θ using MSE over batch and ADAM

end for
end if
if RB full then
remove oldest sample from RB

end if
store [x, νad] in RB

end while
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3.3 Measurement of performance

In this section, a framework for determining the DMRAC performance is described.
To obtain a good performance the selection of parameters is important, thus a
parameter evaluation is necessary. Furthermore, test cases where the plant model
is exposed to internal and external disturbances to a various extent are introduced.
The test cases are divided into two parts, single control and dual control.

3.3.1 Roll reduction ratio

A common index when evaluating the effectiveness of ship stabilization around
the roll axis is the Roll Reduction Ratio (RRR) [32]. RRR is a damping ratio
(%) telling how effective a controller is at reducing rolling motions by comparing
a controlled plant against an uncontrolled plant. The mathematical formulation
of RRR can be seen in eq. 3.33 where RSDU is the standard deviation of roll
amplitude when the control is deactivated and RSDC is the standard deviation
of roll amplitude when the control is turned on. To have a fair comparison, the
controlled and uncontrolled plants were exposed to the same internal and external
disturbances during the simulations.

RRR = 100
RSDU −RSDC

RSDU
(3.33)

Furthermore, the initialisation phase of the simulation was excluded when calcu-
lating the RRR for the respective case, more specifically the first 50 seconds were
excluded. This is because the control is initially poor before it converges to the
neighbourhood of the optimal control.

3.3.2 Criteria for effectiveness of the crew

To understand the working environment for the crew on board ships as well as
passenger comfort, a framework was determined for this cause. A list of such is
presented in [34] where criterion’s of what type of work that is to be expected in
different sea states are presented. The criterion is based on what was formulated in
[35]. In Table 3.2, a list of certain roll root mean square (RMS) values for different
types of work can be seen. The RMS value is calculated according to eq. 3.34
where N is the total number of samples. The first 50 seconds were excluded when
calculating roll RMS due to the same reason as in section 3.3.1.

RMS =

√
1

N − 50
∆t

(Φ2
(50/∆t)+1 + Φ2

(50/∆t)+2 + ...+ Φ2
(N/∆t)−1 + Φ2

N/∆t) (3.34)

Table 3.2: Criteria for effectiveness of the crew [34]

RMS Description of what work to be expected

6 deg Light manual work
4 deg Heavy manual work
3 deg Intellectual work
2.5 deg Transit passengers
2 deg Cruise liner
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3.3.3 Parameter setting evaluation

The selection of the parameters RBsize, MBsize, Nbatches, µ, Γ and Nθ are affecting
the overall DMRAC performance. Therefore it was of interest to find a setting that
yields a good outcome for the single control application. A problem was that there
exist unlimited combinations of these parameters. To have a parameter evaluation
that was within a reasonable scope, were only a limited amount of parameter
combinations considered. In Table 3.3, all parameter values that were investigated
can be seen. When combined, it resulted in a total of 96 unique DMRAC settings
which were evaluated on the Base case, see section 3.3.4.

Table 3.3: Parameters to be evaluated for single control

Parameter Values

RBsize [500,1000]
MBsize [25,50]
Nbatches [3,6]
µ [0.01, 0,001]
Γ [1,10]
Nθ [100,200,400]
Q I2

In order to make a fair evaluation, every DMRAC setting was exposed to the same
wind and wave disturbance. The disturbance was generated as described in section
3.1.3. The performance of each setting was determined based on RRR, see section
3.3.1. The 10 best performing settings were then further evaluated in an additional
step to increase the validity that a setting really had good performance, reducing
the fortuity. More specifically, each of the 10 chosen settings were exposed to
10 different wave and wind disturbances. Where the one with the highest aver-
age RRR score was selected and used for the proposed test cases in the next section.

The introduction of an additional reference signal and expansion of control for the
dual control introduced a different problem configuration. The selection of RBsize,
MBsize, Nbatches, µ and Nθ remains the same since these form ϕ. The uncertainty
features are the same for both single and dual control, but the influence of each
feature element is different. The difference in influence is caused by W which is
two-dimensional for the dual control. W was updated according to eq. 2.5, where
Γ and Q are tuneable parameters. Γ was extended in the dual case into a vector as
Γ = [Γα,Γβ]

T , while Q became a four-dimensional square matrix. The penalization
of yaw angle deviations was selected to be lower because the main objective was to
reduce roll angle deviations. All combinations of the parameters in Table 3.4 were
evaluated. The final selection of parameters was based on the obtained RRR score
in combination with the achieved Ψ RMS values.

Table 3.4: Parameters to be evaluated for dual control

Parameter Values

Γα [1,0.1,0.01,0.001]
Γβ [0.1,0.01,0.001]
Q diag(1,1,0.1,0.1), diag(1,1,0.01,0.01)
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3.3.4 Test cases

The performance of the modified DMRAC control was tested for 6 test cases. They
consist of different scenarios where the ship was exposed to internal and/or external
disturbances. Information about the characteristics of the disturbance for each
case is listed in Table 3.5. In every test case there was wave and wind disturbance,
defined in section 3.1.3, affecting the ship. There were also internal disturbances
present in every case except the base case. In Test cases 2 and 4 the ship engine
suffered a loss in power for two periods of time, more specifically in the range of
[60, 90] seconds and [130, 160] seconds, see Fig. 3.6a. Test case 3 and 4 stage a
scenario where the fin stabilizers are not movable from the present position at time
step 80 and 125 over a period of 5 seconds, see Fig. 3.6b. In Test case 5 is the
ship’s engine power reduced throughout the whole simulation resulting in a lower
speed, see Fig. 3.6c. Test case 6 is the same as the Base case, but the update of
the feature weight vector W was not restricted.

Note that the wave and wind disturbance was generated randomly, thus it was not
the exact same disturbance profile for every test case.

Table 3.5: Summary of test cases dimensions

Test case External Disturbance Internal Disturbance

Base Wave & Wind None
2 Wave & Wind Loss in engine power
3 Wave & Wind Fin failure
4 Wave & Wind Loss in engine power & Fin failure
5 Wave & Wind Low engine power
6 Wave & Wind No W update cancellation
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Figure 3.6: Internal Disturbances
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4

Results
This section presents the obtained results of the Test cases and the parameter
search. The first subsection of the results covers the single control results and
the second presents the dual control results. Performance scores and plots of the
system response during simulations of the ship model are also presented for each
Test case in Table 3.5.

In order to benchmark the DMRAC performance the simulations also calculated
the motion responses of an uncontrolled ship as well as a ship controlled by only
the linear control term upd(x(t), r(t)). All three control configurations were exposed
to the same disturbance.

4.1 Single control

The results regarding single control are presented in this section, i.e. when DMRAC
is only controlling the fin stabilizers.

4.1.1 Parameter evaluation

The 10 of the total 96 settings that achieved the highest performance on the Base
case can be seen in Table 4.1. These 10 settings were then further iterated 10 more
times and the results of this can be seen in Table 4.2.

Table 4.1: The 10 settings which resulted in the highest RRR score when the ship was exposed to
the Base case using active fin stabilizers.

Setting RBsize MBsize Nθ Nbatches µ Γ RRR % RMS

5 500.0 25.0 400.0 3.0 0.01 10.0 99.90 0.1688
39 500.0 50.0 100.0 6.0 0.01 10.0 99.89 0.1804
57 1000.0 25.0 100.0 3.0 0.001 10.0 99.88 0.1878
65 1000.0 25.0 400.0 6.0 0.01 10.0 99.88 0.1913
63 1000.0 25.0 100.0 6.0 0.01 10.0 99.87 0.1953
87 1000.0 50.0 100.0 6.0 0.01 10.0 99.87 0.1978
28 500.0 50.0 200.0 3.0 0.01 10.0 99.87 0.1993
75 1000.0 50.0 100.0 3.0 0.01 10.0 99.86 0.2023
82 1000.0 50.0 200.0 3.0 0.001 10.0 99.86 0.2059
16 500.0 25.0 200.0 6.0 0.01 10.0 99.85 0.2138
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Table 4.2: The average RRR score obtained using the settings in Table 4.1 when exposing the
ship to 10 unique Base cases using active fin stabilizers.

Iteration
Setting

5 39 57 65 63 87 28 75 82 16

1 99.89 99.44 99.89 98.29 99.14 99.01 96.98 98.88 99.83 99.80
2 99.92 99.87 86.91 98.92 98.87 99.61 99.82 99.18 99.70 99.14
3 99.89 99.92 85.76 99.86 99.44 99.05 99.87 99.55 86.47 99.89
4 99.79 99.80 98.35 99.78 99.78 99.84 99.79 99.33 98.98 98.54
5 99.27 99.69 99.50 99.71 99.72 99.61 99.86 99.68 99.83 99.82
6 99.87 97.77 83.77 97.68 99.78 99.87 97.52 99.84 99.60 99.86
7 99.74 99.82 91.00 99.80 99.69 99.75 96.82 99.71 86.29 99.91
8 99.48 99.92 99.75 99.89 99.86 99.53 99.90 99.90 97.17 99.05
9 99.51 99.92 86.39 99.90 99.91 99.81 99.93 99.76 99.16 99.68
10 99.78 99.66 99.89 99.90 99.80 99.84 99.85 99.92 99.25 99.80

Average 99.71 99.58 93.12 99.37 99.60 99.59 99.04 99.57 96.63 99.55

Setting 5 achieved the highest average score with a RRR of 99.71 %. Notable is
that Setting 57 and 82 had a large variance in RRR score compared to the others
which shows the impact regarding choice of learning rate µ.

4.1.2 Performance on Test cases

The RRR and RMS results in Table 4.3 was obtained using parameter Setting 5
for each Test case in table 3.5. In Fig. 4.1 - 4.6 the system response for every case
can be seen. The plots display the roll response of the ship, how the fin angles of
the stabilisation system are changing throughout the simulation and the evolution
of the feature weight vector W .

In the plots where the roll trajectories are displayed, the response of the ship
without control is in black, the response of the ship controlled with a PD regulator
is in red and the response of the DMRAC controlled ship is in blue.

In the plots illustrating the input signal to the foils, the dashed blue line rep-
resents the applied control u(t) while the orange line represents the controller’s
requested control. If they are not equal implies that the requested control signal
exceeds the physical constraints of the hydrofoils.

Table 4.3: Effectiveness criteria for each case & roll reduction ratio single control

Test case
RRR RMS

DMRAC PD DMRAC PD UC

Base 99.82 % 88.17 % 0.22 1.89 5.22
2 99.42 % 86.45 % 0.49 2.36 6.41
3 89.53 % 88.00 % 1.72 1.85 5.33
4 94.54 % 85.41 % 1.36 2.23 5.83
5 72.38 % 72.20 % 2.54 2.55 4.84
6 11.58 % 88.91 % 4.62 1.64 4.91
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Figure 4.1: Result Base Case single control
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Figure 4.2: Result Test Case 2 single control
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Figure 4.3: Result Test Case 3 single control
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Figure 4.4: Result Test Case 4 single control
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Figure 4.5: Result Test Case 5 single control
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Figure 4.6: Result Test Case 6 single control
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4.2 Dual control

The results shown in this section were received using parameter Setting 5 from
Table 4.1, but due to the extended control there was a need for another parameter
evaluation to determine a good combination between Γα, Γβ and the penalty matrix
Q.

4.2.1 Parameter evaluation

The 10 settings that achieved the highest performance on the Base case can be
seen in Table 4.4. These 10 settings were then further iterated 10 more times and
the results of this can be seen in Table 4.5 and in Table 4.6.

Setting I, IX and X outperformed the other settings. Because of the high RMS score
of Setting I in Iteration 9 it was excluded from the selection. The two remaining
settings achieved similar scores with no evident performance difference. The final
parameter selection became Setting X due to the slightly lower Ψ RMS score.

Table 4.4: The 10 best settings which resulted in the highest RRR score for all combinations in
Table 3.4 exposed to the Base case using active fin stabilizers and rudder

Setting Γα Γβ Q RRR (%) Ψ RMS RMS Φ

I 0.1 0.01 diag(1,1,0.01,0.01) 96.06 6.4915 1.2794
II 1.0 0.01 diag(1,1,0.01,0.01) 95.21 5.7514 1.4110
III 0.01 0.0001 diag(1,1,0.01,0.01) 95.18 5.667 1.4153
IV 0.001 0.0001 diag(1,1,0.01,0.01) 94.65 5.3603 1.4918
V 1.0 0.001 diag(1,1,0.01,0.01) 94.55 6.973 1.5047
VI 0.01 0.001 diag(1,1,0.01,0.01) 93.6 5.3586 1.6304
VII 1.0 0.0001 diag(1,1,0.01,0.01) 92.94 9.1229 1.7128
VIII 0.1 0.001 diag(1,1,0.01,0.01) 92.75 6.6237 1.7362
IX 0.001 0.01 diag(1,1,0.01,0.01) 92.54 6.517 1.7608
X 0.01 0.01 diag(1,1,0.01,0.01) 92.05 7.3852 1.8176

Table 4.5: The average RRR score obtained using the settings in Table 4.4 when exposing the
ship to 10 unique Bases cases using active fin stabilizers and rudder.

Iteration
Setting

I II III IV V VI VII VIII IX X

1 89.92 73.03 89.64 83.69 21.62 91.04 10.93 93.99 90.25 94.42
2 95.94 17.38 91.32 89.70 34.15 90.80 42.63 95.43 92.05 91.43
3 95.04 -97.52 86.66 87.38 90.28 90.24 50.74 92.11 89.82 94.13
4 92.05 87.74 91.37 87.48 82.12 95.26 51.61 92.88 93.86 94.99
5 91.49 85.67 89.85 88.52 88.09 88.69 20.50 95.07 88.26 92.80
6 96.39 74.18 92.36 83.68 80.38 91.80 81.78 90.80 87.29 84.40
7 92.05 91.43 84.74 86.65 90.15 84.98 52.46 91.78 87.74 84.37
8 96.50 96.50 86.64 89.52 76.55 -1.23 93.25 61.11 95.55 91.29
9 89.81 67.07 89.41 89.87 95.00 90.01 89.37 93.29 92.39 93.46
10 91.20 37.81 86.33 88.96 65.28 65.28 83.76 9.35 95.31 88.53

Average 93.04 53.33 88.83 87.55 72.36 78.69 57.70 81.58 91.25 90.98
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Table 4.6: The average Ψ RMS score using the settings in Table 4.4 when exposing the ship to 10
unique Bases cases using active fin stabilizers and rudder.

Iteration

Setting

I II III IV V VI VII VIII IX X

1 5.51 6.29 4.83 6.82 10.08 5.33 13.25 5.18 4.84 5.59
2 6.39 7.42 4.75 4.59 8.77 7.14 9.84 9.59 6.65 5.11
3 6.64 8.20 7.24 6.90 6.45 9.53 9.61 9.63 8.13 6.91
4 7.21 6.24 8.66 9.42 9.53 8.59 10.25 6.28 6.69 8.22
5 5.83 4.93 5.77 6.37 6.20 6.37 6.29 5.74 5.31 5.65
6 4.59 5.64 7.40 9.30 6.84 4.90 4.93 7.22 5.09 6.90
7 5.26 9.21 6.40 5.08 5.92 6.59 6.72 5.04 6.77 4.87
8 5.80 5.27 4.38 5.33 11.08 4.52 4.71 5.53 5.09 4.44
9 12.98 8.45 6.51 6.91 7.34 8.00 5.89 8.56 8.39 6.45
10 5.63 9.99 7.05 7.76 5.98 8.55 6.20 5.65 6.95 6.66

Average 6.58 7.16 6.30 6.85 7.82 6.95 7.77 6.84 6.39 6.08

4.2.2 Performance on Test cases

Setting 5 from Table 3.3 in combination with Setting X from Table 3.4 was used in
all of the Test cases. In Fig. 4.7 - 4.12 the system response for each case is shown.
The figures also contain the trajectory of the ship’s yaw angle and the trajectory
of the rudder angle.

Table 4.7: Performance comparison of the different controllers on each Test case using dual
control.

Test case
RRR RMS (Φ/Ψ)

DMRAC PD DMRAC PD UC

Base 88.02 % 75.62 % 2.25/5.95 3.21/5.68 6.50/5.56
2 91.81 % 72.09 % 1.51/10.70 2.79/13.64 5.28/15.03
3 79.75 % 68.62 % 2.53/7.18 3.15/5.93 5.63/5.75
4 72.22 % 63.13 % 2.92/6.92 3.36/6.11 5.54/6.01
5 43.80 % 49.01 % 3.69/14.26 3.52/6.64 4.93/6.88
6 92.88 % 77.03 % 1.47/5.74 2.65/6.74 5.54/6.43
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Figure 4.7: Result Base Case using dual control
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Figure 4.8: Result Test Case 2 using dual control
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Figure 4.9: Result Test Case 3 using dual control
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Figure 4.10: Result Test Case 4 using dual control
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Figure 4.11: Result Test Case 5 using dual control
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Figure 4.12: Result Test Case 6 using dual control
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Discussion

This section discusses the obtained results from the previous section.

5.1 Roll stabilization

Appointing the modified DMRAC to regulate the active fin stabilizer system to
counter arising roll motions, while exposing the ship to a random disturbance,
showed initially promising results. The DMRAC performed significantly better
than the PD controller, 99.82 % compared to 88.17 % in RRR and 0.22 compared
to 1.89 in RMS for the Base case. The control signal was solid throughout the
whole simulation except for a few roll angle peaks, but they were still lower than
the corresponding peaks for the PD controlled ship.

The addition of internal disturbances introduced a more complex scenario where
DMRAC handled the loss in engine power well, it was able to recover and converge
towards the optimal control afterward. DMRAC had better performance than the
PD control in Test case 2 regarding both RRR and RMS. DMRAC’s aggressive
response to the speed reduction is seen by the large deviations between the Actual
and Desired fin angle in Fig. 4.2b. The activation of the no update rule can be
seen in Fig. 4.2c where all weight trajectories remain at the same value over a slim
period of time.

The introduction of disturbance in the fin stabilizer system showed a weakness
with DMRAC since the PD control was able to handle the fin failure better in
the near time after the re-activation of the fins. The desired control signal in Fig.
4.3b was fluctuating over a long period compared to Fig. 4.2b. In Test case 3
the linear PD controller was able to converge faster back to the neighborhood of
its normal control. The combined internal disturbance affecting the ship in Test
case 4 resulted in a better result than in Test case 3. This is surprising, more
disturbance should usually result in poorer performance. This result highlights a
problem regarding the validity of a potential result comparison between the Test
cases since the same disturbance was not applied in each test case. The overall
DMRAC performance is better than the PD - control for Test case 4, but during
the periods of internal disturbance it is hard to tell. DMRAC counters roll angle
peaks for a few occurrences better, while it is worse in a few others.

As seen in Fig. 4.2, when reducing the ship’s speed the performance is reduced
substantially for both DMRAC and PD - control, but the former is reducing the roll
deviations better throughout the whole simulation. The reduction from 99.82 % to
72.38 % for the similar disturbance demonstrates the performance limitations of the
chosen stabilization system where the force generated is in a direct relation with the
speed of the ship. A certain ship speed has to be present, or more actuators have to
be introduced, to ensure that it is possible to generate enough moment. DMRAC
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seems to being able to handle any realistic wave disturbance, but it requires the
right conditions in terms of enough potential stabilization moment to have a good
performance. This also highlights a drawback with the DMRAC which shows that
it can not retain general knowledge about the ships speed i.e. it has to relearn
every time the speed changes. Thus, it would be interesting to investigate what
happens if the speed of the vessel also would be included in the state vector x.
Such that it would affect the formation of the feature vector ϕ(x) by being included
in the training of the ANN.

The last Test case, seen in Fig. 4.6, shows what happens when the feature
weight vector W is allowed to update freely without restrictions. The no weight
update rule is crucial to avoid divergence due to DMRAC’s incapability to un-
derstand the constraints of the hydrofoils. This is a major problem if not taken
into consideration. In the future some kind of modified loss function that heavily
penalizes the breakage of the hydrofoil constrains needs to be implemented. This
could potentially allow the network to learn the specific constraints of the hydrofoils.

For disturbances of normal characteristics the DMRAC deliveres a better sta-
bilization performance than a conventional non adaptive controller, even though
the ship dynamics and stabilisation system is unknown. It adapts to changes over
time quiet well, but it is not outperforming the PD control when there is disruptions
in the stabilisation system.

5.2 Roll & yaw stabilization

Letting DMRAC control the rudder in harmony with the active fin stabilizer system
gave a roll reduction ratio of 88.02 % which was better than the 75.62 % of PD
control, but the performance was a lot worse compared to single control which
had 99.82 % in RRR. When studying the yaw response of the different control
configurations there are notable performance distinctions. For Test case 2 and 3 is
DMRAC able to track the reference signal better than PD, as can be seen in Fig.
4.8b and Fig. 4.9b. However, in Test Case 4 and 6 is the performance opposite,
the yaw trajectory for PD is tracking the reference better, see Fig. 4.10b and Fig.
4.12b. Thus, any distinct conclusion could not be made about whether DMRAC or
PD was superior.

The reduction in RRR compared to the single control was overall lower for every
Test case except Test case 6. For that case there was a huge increase in RRR
score, a rise from 13 % to 92 %, which not followed the trend. This occurrence
was probably only a fluke where the dual control got lucky in the initial phase of
the simulation, avoiding an exploding control signal as mentioned in section 3.2.5.
Since the controller is partly a black box it is not possible to exactly pinpoint what
causes the control to diverge.

In general, trying to stabilize around zero for both the roll and yaw axis seems
to be problematic since a decrease in yaw angle often leads to an increase in roll
angle due to the nature of the plant dynamics. This is also one of the main reasons
the RRR performance of the proposed controller decreased when the control of
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the rudder was introduced. It is not possible to adjust yaw without affecting the
roll. It is also the reason why the performance increased when the penalty on the
yaw states was decreased since that leads to a lower activity on the rudder control.
To remedy this, some type of optimal reference generation probably needs to be
introduced. For example, if the boat wants to turn 5 degrees, which roll angle
should the controller then stabilize around to make the turn motion optimal?
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6

Conclusion
The purpose of this thesis was to enhance an already existing controller with
a non linear element whose target was to cover modeling errors and adapt to
disturbances affecting the ship. Despite not knowing anything about the naval
vessel or the stabilizing actuators, the proposed controller showed promising results
when only stabilizing around the roll axis. The proposed controller showed both
adaptability, by being able to increase the roll stabilization when unmodeled dis-
turbances were introduced, as well as identifying the dynamic characteristics of the
ship. However, when appointing the proposed controller to track two references
using both fins and rudder, the performance was reduced. This reduction was
probably not a shortcoming of the algorithm itself, but rather a consequence of
how the reference generation was made in combination with the lack of potential
of the actuators. The results also indicate that the controller can’t learn the physi-
cal constraints of the actuators which if not dealt with can lead to poor performance.

The developed ANN controller is powerful but fragile. The results indicate that this
controller could be taken off and applied to a similar ship in terms of dimension,
displacement and stabilizing system and without modification be able to stabilize
that ship. It would be interesting in future work to examine the performance of
the proposed controller on another ship model, and also implement the proposed
controller on an actual ship.
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